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ABSTRACT 

Evaluating GFS and ECMWF Ensemble Forecasts 

of Integrated Water Vapor Transport Along the U.S. West Coast | WY17–20 

by 

Briana E. Stewart 

Plymouth State University, May 2021 

Atmospheric Rivers (ARs) are long and narrow regions in the atmosphere of enhanced 

integrated water vapor transport (IVT) and are typically associated with extreme 

precipitation and high societal impacts. Reliable and skillful forecasts of landfalling ARs 

in the Western US are critical to hazard preparation and aid in decision support services, 

such as forecast informed reservoir operations. The purpose of this study is to compare 

the cool-season water year skill of the NCEP GEFS and ECMWF ensemble forecasts of 

IVT along the U.S. West Coast for 2017–2020. The skill is analyzed using probability-

over-threshold forecasts of IVT magnitudes ≥250 kg m–1 s–1 (P250) using contingency 

table skill metrics at a point of interest (38ºN, 123ºW) and along the west coast of North 

America. Analysis of forecast probability changing with lead-time (dProg/dt) found the 

ECMWF provided ~1-day of additional lead-time for situational awareness over the 

GEFS at lead times of 6–10-days. Forecast-based skill showed the ECMWF to lead over 

the GEFS with success ratios 0.10 to 0.15 higher at lead times >6 days for P250 thresholds 

of ≥25% and ≥50%, while event-based skill analysis using the probability of detection 

(POD) found that both models were largely similar with minor latitudinal variations 

favoring higher POD for each model in different locations along the coast. Investigation 
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into whether different types of flow patterns and events result in higher or lower AR-

related forecast skill could bring additional situational awareness and further the results 

of this study.  
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1. Introduction 

 Atmospheric Rivers (ARs) are long and narrow regions in the atmosphere of 

enhanced integrated water vapor transport (IVT) that can produce precipitation-related 

high-impact weather events along U.S. West Coast such as floods, flash floods and debris 

flows (Young et al. 2017; Bartlett and Cordeira 2021). Along with these hydrologic 

extremes, landfalling ARs can also produce high-impact weather in association with 

extreme winds (Waliser and Guan 2017), increased likelihood of avalanches and 

avalanche fatalities (Hatchett et al. 2017), and shallow landslides (Oakley et al. 2018). 

The potential hazards of these AR-related high-impact weather events can be summarized 

by National Weather Service-issued watches, warnings, and advisories (WWAs); e.g., 

60–90% of flood-related WWAs in the Western U.S. occur in conjunction with cool-

season landfalling ARs (Bartlett and Cordeira 2021). Similarly, these hazards can be 

summarized by damage claims in the National Flood Insurance Program; ARs have 

caused an average of $1.1 billion in flood damages annually across the Western U.S. 

(Corringham et al. 2019). Therefore, reliable and skillful forecasts of landfalling ARs in 

the Western US (e.g., DeFlorio et al. 2018, Cordeira and Ralph 2020) are critical to 

hazard preparation and also to water resources management (Ralph et al. 2020). The goal 

of this study is to compare cool-season skill of the ensemble forecasts from the European 

Centre for Medium-Range Weather Forecasts (ECMWF) and National Centers for 

Environmental Prediction (NCEP) Global Ensemble Forecast System (GEFS) model 

forecasts of enhanced IVT along the West Coast of North America for water years (WY) 

2017–2020 that is often observed during landfalling ARs. This study complements a 
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previous study by Cordeira and Ralph (2021) that only investigated GEFS model 

forecasts.  

 Studies of midlatitude cyclones proximate to the U.S West Coast have shown that 

the skill of numerical weather prediction (NWP) model forecasts can vary widely. For 

example, parameters related to storm location and intensity can be either highly accurate 

or contain errors on the scale of hundreds of kilometers and tens of hectopascals 

(McMurdie and Mass 2004). Ensemble forecasts of these cyclones and related parameters 

have proven beneficial to increasing forecasting skill relative to deterministic forecasts 

with ECMWF ensemble forecasts of different parameters, including precipitation, 

typically containing higher forecast skill than forecasts from other modeling centers 

(Atger 2001; Hamill et la. 2008; Froude 2010; Su et al. 2014). In Atger (2001), the 

difference in member populations between the ECMWF and GEFS models (N=50 versus 

N=20, respectively, at that time) was evaluated by constructing a smaller ensemble 

version of ECMWF, but the skill remained similar to the fully populated versions 

suggesting that model resolution or other characteristics of the ensemble (e.g. the method 

of generation of perturbations) likely drive differences in skill between the two models. 

These differences in skill may also be reduced through statistical postprocessing methods 

to correct for systematic biases and other inconsistencies among forecasts for a given 

location and lead time, but require retrospective analyses of skill, long periods of study, 

and large numerical datasets (e.g., Hamill et al. 2016; Hagedorn et al. 2008).  

For AR-related forecasts, some parameters are also forecast with higher 

predictability than others, which may provide enhanced situational awareness. For 

example, Lavers et al. (2016) demonstrated that forecasts of IVT across the western U.S. 
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have higher “potential predictability” than parameters related to precipitation or river 

discharge at lead times of ~4–9 days. The Atmospheric River Retrospective Forecasting 

Experiment (WPC 2012) came to a similar conclusion along the west coast of the U.S.: 

model forecasts of moisture parameters, such as IVT, may be helpful in identifying and 

forecasting extreme events even when model precipitation forecasts do not forecast large 

precipitation amounts (i.e., they may improve situational awareness). IVT has therefore 

been investigated in numerous predictability studies related to AR frequency, intensity, 

duration, and landfalling location.  

In an effort to summarize forecasts of AR frequency, intensity, duration, and 

landfalling location, an “AR Landfall Tool” (ARLT) was created and used as an aid in 

providing situational awareness of landfalling ARs using ensemble NWP data (Cordeira 

et al. 2017; Cordeira and Ralph 2021). The ARLT is primarily a tool that depicts 

ensemble IVT data as a probability-over-threshold for different IVT magnitudes for a 

forecast transect along the west coast of North America (Fig. 1). The most commonly 

used threshold in AR-related forecasts along the U.S. West Coast is IVT magnitudes 

≥250 kg m–1 s–1 (Cordeira et al. 2017) and the ensemble probability of IVT magnitudes 

≥250 kg m–1 s–1 is referred to as P250 by Cordeira and Ralph (2021). The study by 

Cordeira and Ralph (2021) found that GEFS P250 forecasts near North-Coastal California 

at 38ºN, 123ºW for WY2017–2020 were reliable and successful at lead times of ~8–9 

days with an average success ratio >0.50 for P250 forecasts ≥50% at lead times of 8 days 

and Brier skill scores >0.10 at a lead time of 8–9 days. Skill and accuracy also varied as a 

function of latitude and event characteristics.  For example, the highest success ratios and 

probability of detection values for P250 forecasts ≥50% occurred on average along the 
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northern California and Oregon coastlines and the lowest occurred on average along the 

southern California coastline. The average probability of detection of more intense and 

longer duration landfalling ARs was also 0.10–0.20 higher than weaker and shorter 

duration events at lead times of 3–9 days. Cordeira and Ralph (2021) also identify that 

the potential for ARLT forecasts to enhance situational awareness may be improved for 

individual applications by allowing for flexibility in the location and time of verification; 

the success ratios increased 10–30% at lead times of 5–10 days allowing for flexibility of 

±1.0º latitude and ±6 hours in verification. 

 The results of the GEFS study by Cordeira and Ralph (2021) are comparable to 

results from reforecast and global hindcast data from different modeling centers that 

demonstrate that the accuracy of forecasting the occurrence of ARs decreases as lead 

time increases and approaches climatology/random chance at lead times of 10–14 days 

(Nardi et al. 2018; see their Fig. 5). Of the different modeling centers, the ECMWF 

model forecasts contained lower bias in overall frequency of AR occurrence (i.e., 

enhanced IVT magnitudes) over the Northeast Pacific and on average, predicted fewer 

AR occurrences than the GEFS and reanalysis datasets (Nardi et al. 2018). Comparing 

the ECMWF and GEFS directly, DeFlorio et al. (2019) found that the ECMWF is 

particularly more accurate than the GEFS at predicting either no AR activity or high AR 

activity relative to moderate AR activity across most lead times over the Northeast 

Pacific. Combined, these studies suggest that the ECMWF may provide enhanced 

situational awareness in AR occurrence relative to the GEFS in association with a higher 

success ratio (and a lower false alarm ratio) for forecasts of both AR occurrence (i.e., IVT 

magnitudes ≥250 kg m–1 s–1) and AR non-occurrence (i.e., IVT magnitudes <250 kg m–1 
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s–1).  The present study will validate this hypothesis by comparing the skill of ECMWF 

and GEFS P250 forecasts along the west coast of North America within the framework of 

the ARLT.  

Additional motivation for the present study is provided by the differences 

between ECMWF and GEFS P250 forecasts shown in Figure 1 prior to a high-impact 

landfalling AR along the California coast on 13–15 February 2019 (Hatchett et al. 2020). 

Comparison of ARLT forecasts from both models initialized at 0000 UTC on 7 February 

2019 illustrate a high-confidence ECMWF forecast with P250 ≥50% along the California 

coast at lead times of ~6.5 to 9 days verifying during the 13–15 February 2019 period 

that are not present in the GEFS forecast (cf. Figs. 1a,b). Forecasts initialized at 0000 

UTC on 8 February 2019 subsequently illustrate (1) a poleward expansion of P250 ≥50% 

in the GEFS along the California coast at lead times of ~6–7 days, suggesting an increase 

in confidence over time, and (2) a lead-time contraction or filamentation of P250 ≥50% in 

the ECMWF along the California coast at lead times of ~5–6 days (cf. Figs. 1c,d), 

suggesting a decrease in confidence over time and forecast jumpiness (Zsoter et al. 2009). 

Forecasts initialized on 9, 10, and 11 February 2019 continue to illustrate that a 

combination of a “poleward expansion of P250 ≥50%” by the GEFS and “lead-time 

contraction and filamentation” by the ECMWF became the final forecast solution in the 

days prior to the 13–15 February 2019 event (Figs. 1e,j). The differences between the 

GEFS and ECMWF models, the forecast changes over time (i.e., “dProg/dt”), and 

jumpiness are all further addressed in this study. The rest of this paper is organized into 

sections containing the data and methods, results, and concluding discussion. 
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2. Data and Methods 

 This study used 0.5° latitude × 0.5° longitude gridded forecast data along the west 

coast of North America (25°–55°N; see locations in Fig. 1) from the GEFS and the 

ECMWF ensemble models verifying for the first seven months (October–April) of water 

years (WYs) 2017, 2018, 2019, and 2020. Data was primarily collected from The 

Interactive Grand Global Ensemble (TIGGE) database at ECMWF and was verified 

every 12 hours out to a 15-day lead time (see Cordeira and Ralph 2021 for additional 

details). The forecast data include what fraction of the 20 (GEFS) and 50 (ECMWF) 

ensemble members contained forecast IVT magnitudes ≥250 kg m–1 s–1 (P250) and 

compares those values to the IVT magnitude at verification. Verification was defined as 

the 0-h ensemble-mean IVT magnitude forecast from each ensemble and scored against 

itself (e.g., the ECMWF forecasts are verified against the ECMWF 0-h ensemble mean). 

Note that Table 1 summarizes three upgrades to the ECMWF model system during the 

period of study and zero upgrades to the GEFS model system. The subsequent 

comparisons of the two model systems should emphasize that while overall model skill 

remained constant for the GEFS, it may have improved for the ECMWF. In other words, 

variability in skill in the ECMWF may not be attributed to meteorology alone and this 

study therefore assesses the “operational” skill of the models. In contrast to the study by 

Cordeira and Ralph (2021) that assessed GEFS year-to-year variability in forecast skill 

and forecasts verifying every six hours, the ECMWF model upgrades and reduced 

number of verification times using 12-h verification makes it challenging to assess skill 

on an annual basis in this study. 
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 As in Cordeira and Ralph (2021), forecast skill metrics were generated using a 

four-outcome (2x2) contingency table of whether or not P250  forecasts met a percentage 

threshold (e.g., 50%) and whether or not a verification time contained IVT magnitudes 

≥250 kg m–1 s–1. The success ratio, probability of detection (POD), and equitable threat 

score (ETS) are calculated from the contingency table at different lead times along with 

reliability diagrams and the Brier skill score (BSS). Note that the success ratio identifies 

what fraction of P250 forecasts verify with IVT magnitudes ≥250 kg m–1 s–1, the POD 

identifies what fraction of verification times IVT magnitudes ≥250 kg m–1 s–1 were 

correctly forecast, the ETS measures what fraction of observed and/or forecasted events 

were correctly predicted while also considering hits associated with random chance, and 

the BSS assesses the relative skill of P250 forecasts as compared to reference climatology 

an includes both forecasts of events (i.e., large P250 values prior to times with IVT 

magnitudes ≥250 kg m–1 s–1) and non-events (i.e., small P250 values prior to times with 

IVT magnitudes <250 kg m–1 s–1.  

The success ratio, POD, and ETS are all calculated using thresholds of P250 ≥25%, 

≥50%, and ≥75% for a point at 38N, 123W and using just a P250 ≥50% threshold along 

the entire west coast of North America. These metrics are only calculated if there are 10 

or more forecasts/verification times to evaluate. The BSS is not calculated from a 

threshold, but is also shown for a point at 38N, 123W and summarized along the west 

coast of North America. Statistical significance for the differences between the ECMWF 

and GEFS forecasts is assessed using random sampling and non-overlap of the 95th 

percentile confidence levels. At each lead time, the success ratio and POD for each model 

is calculated for a random population of 25 forecasts or 25 event times, respectively, and 
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iterated 1000 times to generate success ratio and POD distributions from which to 

identify confidence levels. The same process is followed for calculating statistical 

significance with the BSS and ETS with random samples of 50 and 100 forecasts, 

respectively. The number of random samples chosen above are approximately 

proportional to the number of forecasts or verification times (i.e., denominators) in each 

calculation.   

In addition to comparing the average skill of P250 for the GEFS and ECMWF 

models, this study seeks to better understand forecast jumpiness and model variability. 

The forecast jumpiness, or changes in the forecast as a function of lead time prior to the 

same verification (Zsoter et al. 2009), is studied during the 6–8-day lead time for all 

forecasts and forecasts verifying with IVT magnitudes of 250–500 kg m–1 s–1. A 

schematic example of forecast jumpiness is provided in Figure 2a. The forecast 

jumpiness metric used in this study is the average of the absolute values of the change in 

the P250 between the 8.0- and 7.5-day, the 7.5- and 7.0-day, the 7.0- and 6.5-day, and the 

6.5- to 6.0-day lead times. The distribution (i.e., histogram) of jumpiness was then 

calculated for each model and values above the 85th percentile were retained as “jumpy” 

forecasts. The verification times of the top-10 jumpy 6–8-day forecasts for the ECMWF 

and GEFS are shown in Tables 3 and 4, respectively.  The difference of the average P250 

values at lead times of 6–8 days (ECMWF minus GEFS) was also calculated in order to 

assess inter-model variability (Fig. 2b). In this analysis, the 95th percentile was chosen to 

mark a significant difference between the two models. The former two percentile values 

(85th and 95th) were subjectively chosen in order to selectively illustrate distribution 

extrema; changing these values do not influence the “top-10” results shown.  
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Finally, different aspects of skill are shown for P250 forecasts prior to events 

verifying with different event characteristics related to (1) verifying times with IVT 

magnitudes of 250–500 kg m–1 s–1, or ≥500 kg m–1 s–1, and (2) verifying times associated 

with individual high-impact landfalling ARs in northern California.  The latter were 

chosen based on extrema in daily precipitation data from the California Department of 

Water Resources Northern Sierra Eight Station Index (California Data Exchange Center 

2021) during WY17–20. Both the time of maximum IVT magnitude at 38N prior to the 

10 highest daily precipitation totals in the Northern Sierra Eight Station Index and the 

first time (i.e., onset time) of IVT magnitudes increasing above 250 kg m–1 s–1 were used 

as the verification times to analyze forecast skill of P250 prior to individual high-impact 

landfalling ARs (Table 5).  Eight of the 10 verification times were the same in the 12-h 

GEFS and ECMWF data and two of the 10 times were different by +/–12 hours, owing to 

inter-model differences in the 0-h ensemble mean forecast data.  

 

3. Results 

a. Forecast characteristics 

For all of the cool-season WYs examined in this study, 273 of 1698 (~16.1%) and 

266 of 1698 (~15.7%) 12-hour times verified with IVT magnitudes ≥250 kg m–1 s–1 at 

38ºN, 123ºW for the ECMWF and GEFS, respectively (Table 2). WY17 contained the 

majority of these forecasts (>100 in each model), while WY18, WY19, and WY20 

contained ~25–50% fewer verification times meeting minimum criteria for landfalling 

ARs.  For reference, the frequency P250 forecast values ≥50% and ≥75% in each model as 

a function of lead time are approximately the same as the frequency of event times with 
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IVT magnitudes ≥250 kg m–1 s–1 at short lead times and decreases as lead time increases 

(Fig. 3). The lower frequency of P250 forecast values ≥50% and ≥75% suggests some 

under-forecasting that would be consistent with a lower POD as lead time increases. 

Alternatively, the frequency of P250 forecast values ≥25% is higher than the frequency of 

event times with IVT magnitudes ≥250 kg m–1 s–1 at almost all leads times, with the 

GEFS forecasts containing a higher frequency than the ECMWF forecasts, especially at 

lead times >10 days. The large frequency of  P250 forecast values ≥25% at longer lead 

times suggests some over-forecasting that would be consistent with a lower success ratio 

and higher false alarm ratio.  

The statistical consistency of the ECMWF and GEFS IVT magnitude forecasts for 

(1) all forecasts and (2) for all forecasts specifically prior to verifying times with IVT 

magnitudes of 250–500 kg m–1 s–1 at 38ºN, 123ºW is shown via a dispersion diagram of 

the average ensemble spread and average root mean square error of the ensemble-mean 

forecasts (Fig. 4). The ensemble spread is on average not large enough to capture the 

average root mean square error (RMSE) of all forecasts in both models, which implies 

that both the ECMWF and GEFS are under-dispersive across all forecasts (Fig. 4a). The 

average of all forecasts, however, likely misrepresents the statistical consistency of 

forecasts prior to events with IVT magnitudes ≥250 kg m–1 s–1 by including many low-

spread forecasts prior to events with IVT magnitudes <250 kg m–1 s–1; the latter of which 

outnumber the former by a factor of >4:1 (Table 2). Alternatively, the ensemble spread of 

forecasts prior to verifying times with IVT magnitudes of 250–500 kg m–1 s–1 is 

comparable to the average RMSE for both models for lead times through ~6 days (i.e., 

adequately dispersive) and becomes under dispersive thereafter (Fig. 4b). In both 
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analyses, the average ensemble spread and RMSE are similar across all lead times in the 

GEFS and ECMWF with differences less than ~5–10 kg m–1 s–1 in spread and less than 

~15 kg m–1 s–1 in RMSE. The RMSE (spread) of the GEFS forecasts is however 

consistently larger (smaller) than ECMWF forecasts at almost all leads times and is 

largest (smallest) for forecasts verifying with IVT magnitudes of 250–500 kg m–1 s–1 and 

at lead times of 6–10 days, suggesting that the GEFS is characteristically more under-

dispersive than the ECMWF. This result suggests that the GEFS ensemble members IVT 

magnitude forecasts may cluster too closely and result in an overly confident P250 forecast 

(e.g., P250=100% or P250=0%) for events with IVT magnitudes near 250 kg m–1 s–1. 

Analysis of the P250 forecast values as a function of lead time (dProg/dt) for the 

GEFS and ECMWF forecasts in each WY at 38ºN, 123ºW highlights both annual, 

intraseasonal and inter-model variability (Fig. 5). For example, WY17 contained many 

forecasts with higher P250 than during other water years owing to higher AR activity 

(Table 2 and Cordeira and Ralph 2021) that was common to both model systems. The 

P250 differences (ECMWF minus GEFS) between the two model systems for all forecasts 

do not visually demonstrate any large systematic preferences for higher P250 values within 

either model at lead times >6–10 days (Fig. 6); however, the GEFS forecasts did produce 

50–100% more P250 forecasts with values ≥25% at leads times >10 days (Fig. 3). The 

visualization in Fig. 6 does clearly illustrate large event-to-event variability where either 

the ECMWF or GEFS contained higher or lower P250 values prior to different verification 

times. These results are similar for all forecasts verifying with IVT magnitudes of 250–

500 kg m–1 s–1 (Fig. 7) with perhaps a slight visual preference for a positive difference 

(ECMWF is higher) beginning to appear (more red shade in Fig. 7) prior to these 
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verifying events. When averaged across all forecasts prior to verification times with IVT 

magnitudes ≥250 kg m–1 s–1, both the ECMWF and GEFS contain P250 values that 

increase relative to the model climatology (here taken as the four-year average) at a lead 

time of ~11 days and cross above the 50% P250 threshold at a lead time of ~5–6 days (Fig. 

8). For similar P250 thresholds, the ECMWF provides, on average, and additional one day 

of lead time over the GEFS at lead times of ~6–10 days. For similar lead times, the 

ECMWF P250 values are on average ~5% points higher than the GEFS at the same lead 

times. It should be noted that these higher or lower P250 values prior to verifying events 

do not necessarily imply higher or lower skill given that higher P250 at longer lead times 

could result from random chance.  

 

b. Forecast reliability and success 

The model reliability of the P250 forecasts at 38ºN, 123ºW illustrates how short- 

and medium-range forecasts are reliable with GEFS P250 forecasts of 55–60% at lead 

times of 1–3, 4–6, and 7–9 days verifying ~50%, ~53%, and ~60% of the time (Fig. 9a) 

and ECMWF P250 forecasts of 52–60% verifying ~52%, ~54%, and 68% of the time (Fig. 

9b). The P250 forecasts at longer lead times are unreliable and less skillful in the GEFS 

model with P250 forecasts of 45–50% at lead times of 10–12 and 13–15 days verifying 

only ~32% of the time similar to results shown by Cordeira and Ralph 2021 (Fig. 9a). 

Alternatively, the ECMWF verifies P250 forecasts of ~42–50% at a lead time of 10–12 

days at ~48% of the time and does not forecast similar P250 forecast values frequently 

enough at a lead time of 13–15 days to adequately calculate reliability. These reliability 

diagrams confirm that the GEFS has a higher false alarm ratio at longer lead times as 
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suggested by numerous P250 forecasts ≥25% at longer lead times that are not verifying 

(Figs. 3 and 9). On average at lead times >10 days, GEFS P250 forecasts are not as reliable 

as the ECMWF P250 forecasts. 

From a forecast perspective, the success ratio for both models at 38ºN, 123ºW 

illustrate that ECMWF P250 forecasts ≥50% have on average higher skill than the GEFS 

across all lead times, with significantly higher skill at lead times of 6–8 days where the 

difference between the two models grows to ≥0.25 (Fig. 10b). Similar results are shown 

for threshold P250 forecasts ≥25% and 75% (Figs. 10a,c). The success ratio of ECMWF 

and GEFS P250 forecasts ≥50% does vary as a function of latitude along the West Coast 

of North America (Fig. 11). Similar to Cordeira and Ralph (2021), the success ratio of 

GEFS forecasts is higher along the Washington and Oregon coastlines at lead times >5 

days where ARs are more frequent and lower along the southwest Canadian, southern 

California, and northwest Mexico coastlines where ARs are less frequent (Fig. 11a). This 

latitudinal variability in success ratio is also observed with ECMWF forecasts (Fig. 11b); 

however, the ECMWF success ratio is noticeably larger at leads times between ~4 and 10 

days (e.g., >0.70 at lead times of 6–8 days near ~35ºN in central California as compared 

to >0.50).  The ECMWF forecasts are significantly higher across almost all latitudes and 

almost all lead times >3 days with largest differences at lead times of 6–8 days across 

central and southern California (~32–38ºN), >8 days across northern California, Oregon, 

and Washington, and ~6–10 days farther north (Fig. 11c). The least significant 

differences in the success ratio between the two models are located across most lead 

times along the coastline of northern California and Oregon between ~40–46ºN.  
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 c. Probability of detection 

From an “event” perspective, the POD for the GEFS and ECMWF forecasts at 

38ºN, 123ºW using P250 thresholds of ≥25%, ≥50%, and ≥75% were largely similar with 

overlapping confidence levels (Fig. 12). For example, the POD for P250 forecasts ≥50% 

differed by at most ~0.10 at lead times of 6–7 days and the differences were not 

statistically significant (Fig. 12b). The POD values indicate that >50% of events are 

correctly forecast by P250 forecasts ≥25%, ≥50%, and ≥75% at lead times within ~8–9 

days, ~6 days, and ~3–4 days, respectively. The similarities among the two models in 

POD and differences in success ratio suggest that events are not necessarily being mis-

forecast, but that the GEFS is likely over-forecasting the frequency of events relative to 

the ECMWF.  

 The POD of ECMWF and GEFS P250 forecasts ≥50% varies as a function of 

latitude along the West Coast of North America (Fig. 13). In both models, the POD is 

highest along the Oregon and Washington coastlines at ~42–47ºN and lowest along the 

southern California and northwest Mexico coastlines at ~28–34ºN (Figs. 13a,b). The 

POD of the ECMWF is significantly higher along the Washington and Oregon coastlines 

(~43–48ºN) at lead times of 4–6 days, whereas the POD of the GEFS is significantly 

higher along the California coastline (~34–38ºN) at lead times of 0–2 days and northwest 

Mexico coastline (25–31ºN) at lead times of 6–10 days (Fig. 13c). 

 

d. Equitable threat score and Brier skill score 

 The ETS illustrates that ECMWF P250 forecasts ≥50% at 38ºN, 123ºW are only 

slightly more skillful on average than the GEFS forecasts, accounting for random chance, 
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at lead times of ~2–10 days (Fig. 14b). Interestingly, the difference between the GEFS 

and ECMWF ETS values grows significantly as the P250 forecast threshold is lowered 

from ≥75% to ≥25%, which again likely highlights the over-forecasting of “low 

probability” forecasts in the GEFS. The largest and significant differences in ETS 

between the two models is ~0.10–0.12 at a lead time of 6–7 days for a threshold of ≥50% 

(Fig. 14b) and ~0.8–0.12 at a lead time of 3–10 days for a threshold of ≥25%. The 

difference in ETS for P250 ≥50% extends to most latitudes along the West Coast of North 

America with ECMWF forecasts leading the GEFS forecast in ETS by ~0.10 for similar 

lead times or ~1 day for similar ETS values (Fig. 15). The differences in ETS are 

significantly higher for the ECMWF across most lead times from 1–8 days and at 

latitudes between 34ºN and 55ºN (Fig. 15c). As previously shown by the success ratio 

and POD, the highest ETS values are located along the northern California and Oregon 

coastlines (~40–44ºN) and the lowest are located along the southern California coastline 

(~32–34ºN).  

The BSS illustrates that the ECMWF P250 forecasts at 38ºN, 123ºW for events and 

non-events are also on average more skillful than GEFS P250 forecasts across all lead 

times (Fig. 16). The largest and significant differences in the BSS are >0.10 at lead times 

of ~6–9 days. As with previous results, this difference in the BSS extends to most 

latitudes along the West Coast of North America with ECMWF forecasts leading the 

GEFS forecast by ~0.10 for similar lead times or ~1 day for similar BSS values (Fig. 17). 

The ECMWF forecasts are significantly higher than the GEFS across most latitudes and 

lead times with highest values across southern California and northwest Mexico at lead 
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times of ~2–3 days and ~6–9 days, respectively, and across southwest Canada at lead 

times of ~5–7 days.  

 

e. Forecast skill variants 

For a randomly generated multi-model ensemble, calculated by randomly 

selecting a 20-member ensemble that varies from all GEFS members to all ECMWF 

members, the success ratio for P250 forecasts ≥50% at 38ºN, 123ºW is largely similar (i.e., 

71–74%) for a GEFS-weighted versus ECMWF-weighted ensemble at leads times less 

than five days (Fig. 18).  At lead times longer than six days, P250 forecasts ≥50% created 

from an ensemble generated with an increasingly higher numbers of GEFS ensemble 

members produces systematically lower success ratios than an ensemble generated with 

increasingly higher numbers of ECMWF members. Note that these differences were not 

assessed for statistical significance. In other words, the spread of the ECMWF ensemble 

with 50 members reduced to 20 members still produces a systematically more successful 

forecast than the GEFS. This result suggests that the forecast success of a multi-model 

ensemble using a combination of the ECMWF and GEFS members is also lower than the 

skill of the ECMWF ensemble alone. Both results are similar to results by Atger (2001). 

The POD results at 38ºN, 123ºW can be partitioned into verifying times with IVT 

magnitudes of 250–500 kg m–1 s–1 and of 500–750 kg m–1 s–1, in a similar (but not 

identical) fashion to Cordeira and Ralph (2021) in order to assess whether or not more 

intense are events are detected using P250 at longer lead times as compared to less intense 

events. The P250 values should be higher in advance of more intense events given the 

propensity for the spread of the ensemble to result in more ensemble members with IVT 
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magnitudes >>250 kg m–1 s–1 for a more intense event. The POD of ECMWF P250 

forecasts ≥50% increases from 0.30 at a lead time of 7 days for verifying times with IVT 

magnitudes of 250–500 kg m–1 s–1 to 0.50 for verifying times with IVT magnitudes of 

500–750 kg m–1 s–1 (Fig. 19). Alternatively stated, >50% of more intense events are 

forecast at lead times of 7 days as compared to less intense events at lead times of ~5.5 

days. These results are similar to Cordeira and Ralph (2021). Although not tested for 

statistical significance, the ECMWF P250 forecasts do have a higher POD than GEFS P250 

forecasts at lead times of 3–10 days using a threshold of 25% for events verifying with 

IVT magnitudes of 250–500 kg m–1 s–1 and at lead times of ~6–8 days using thresholds of 

50% and 25% for events verifying with IVT magnitudes 500–750 kg m–1 s–1. This latter 

result suggests that the ECMWF may provide slightly better lead time prediction of more 

intense landfalling ARs.   

 

f. Forecast differences and jumpiness 

 The differences in the ECMWF and GEFS P250 forecast skill metrics at lead times 

of ~6–8 days motivated additional analysis of the variability between the two models at 

38ºN, 123ºW. The distribution of the differences of the average P250 forecast in the 6–8-

day period shows that a majority of the values are near zero (due to a large majority of 

non-events), but the distribution is skewed positive toward the ECMWF (Fig. 20). The 

differences of the average P250 forecast in the 6–8-day lead time (i.e., ECMWF minus 

GEFS) for times that verified with IVT magnitudes of 250–500 kg m–1 s–1 (Fig. 21a) and 

>500 kg m–1 s–1 (Fig. 21b) illustrate where the ECMWF or GEFS provided a more 

successful forecast. Overall, there are more occurrences of positive (blue) values as 
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compared to negative (red) values for events with IVT magnitudes 250–500 kg m–1 s–1 

(121 of 194 favor the ECMWF) and for events with IVT magnitudes >500 kg m–1 s–1  (28 

of 35 favor the ECMWF), indicating an overwhelming number of relative “wins” for the 

ECMWF P250 forecasts. Some cases, however, were greater successes than others. For 

example, 6–8-day forecasts prior to 00Z 16 February 2017 were clearly better with the 

ECMWF model, whereas the 6–8-day forecasts prior to 00Z 20 November 2017 were 

clearly better with the GEFS (Fig. 21a).  

The differences in 6–8-day P250 forecasts in Fig. 21a for events verifying with 

IVT magnitudes 250–500 kg m–1 s–1 also highlighted frequent occurrences where the 

ECMWF or GEFS may start an event with higher (or lower) P250 values only for the other 

model to then “jump” to have the higher (or lower) P250 values. The propensity for a 

model to “jump” within lead times of 6–8 days motivated the subsequent analysis of the 

distribution of forecast jumpiness (Fig. 22) and identification of the 10 forecasts that had 

the highest jumpiness values in the ECMWF (Table 3) and GEFS (Table 4) forecasts that 

later verified with IVT magnitudes 250–500 kg m–1 s–1. Note that the magnitude of the 

jumpiness values for the GEFS top-10 are higher than the jumpiness values for the 

ECMWF top-10, which suggests that the GEFS forecasts may be susceptible to larger 

magnitude jumpiness than the ECMWF. Only one date is found on both tables 3 and 4, 

suggesting that the ECMWF and GEFS contained their jumpiest forecasts leading up to 

different events. The one event verifying on 1 December 2019 is in both Tables 3 and 4. 

In this case the GEFS had a higher jumpiness value (0.25 vs 0.185), but also had a higher 

6–8-day average P250 forecast value (ECMWF minus GEFS was –0.128).  Across both 

tables, there was no relationship among the top-10 events that suggested that the 
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ECMWF P250 forecasts contained higher 6–8-day average P250 forecast values on days 

when the GEFS was jumpiest or vice versa. Additional analysis of whether or not jumpy 

forecasts are on average more or less skillful than less jumpy forecasts was beyond the 

scope of this study, but is worthy of further investigation. 

 

f. Top-10 precipitation events 

The top-10 dates with the highest daily precipitation in the Northern Sierra region 

of California from the Northern Sierra 8-Station Index were selected as verifying times 

for further analysis. These dates, precipitation amounts, their antecedent time that 

contained the maximum IVT magnitude at 38ºN and the maximum IVT magnitude are 

provided in Table 5.  All ten of the events contained daily precipitation amounts >2.7 in. 

(~68 mm) and featured moderate-to-high IVT magnitudes ≥500 kg m–1 s–1. The ECMWF 

and GEFS P250 forecasts prior to each of the times of maximum IVT magnitude illustrate 

a large amount of variability at lead times >3 days with features characteristic of both 

“smooth”, (e.g., 11 Nov. 2017 from lead times 0–8 days) and “jumpy” dProg/dt forecasts 

(Figs. 23a,b). The standard deviation of the ECMWF and GEFS forecasts (i.e., spread) is 

quite similar and is largest at 0.3 at a lead time of ~5–6 days indicating that some 

forecasts were already starting to “lock in” on AR conditions while others were less 

certain (Fig. 23e). The visual spread among the ECMWF P250 forecasts in Fig. 23b 

appears larger than the GEFS, but is primarily due to especially low P250 forecast values 

prior to 26 December 2016 (red line) and 14 February 2019 (orange).  Note that these two 

events both appear at the bottom of both the GEFS and ECMWF forecast “envelopes” in 

Figs. 23a,b as two of the most challenging-to-forecast high-impact precipitation events 
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during the last four years at lead times of ~4–6 days. Alternatively, both high-impact 

precipitation events during early January and early February 2017 that preceded the Lake 

Oroville Dam incident (France et al. 2018; Vano et al. 2019; White et al. 2019) were 

apparently two of the least challenging-to-forecast events. Further analysis is required to 

understand why some of these events were forecast relatively well with lead times >6–8 

days, whereas some of these events were forecast relatively poorly with leads times <6 

days.  

 The prior analysis considered P250 forecasts prior to the time of maximum IVT 

magnitude, which were all >500 kg m–1 s–1 and quasi-centered within a >24-h period with 

IVT magnitudes ≥250 kg m–1 s–1 (not shown). A similar analysis is shown by illustrating 

the P250 forecasts prior to the onset time of each event, or the time when IVT magnitude 

first increased above 250 kg m–1 s–1 prior to the high-impact precipitation event (Figs. 

23c,d). The differences between the two models and individual cases is much larger. For 

example, the average P250 forecast values prior to verification at onset are higher in the 

ECMWF at most lead times <5 days and the standard deviation of P250 forecast values 

prior to verification at onset in the GFES are both larger than the ECMWF at onset and 

also larger than the GEFS at the time of maximum IVT. These differences suggest that, 

for these top-10 precipitation events and potentially others, the onset of AR conditions 

(i.e., timing) is particularly challenging to forecast as compared to the time of maximum 

IVT magnitude in the GEFS as compared to the ECMWF.  

  

4.  Concluding Discussion  
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 Landfalling ARs are typically associated with enhanced water vapor transport that 

can produce extreme precipitation and high societal impacts. For examples, floods, flash 

floods, extreme winds, avalanches, and creating favorable conditions for shallow 

landslides and debris flows are also possible hazards related to landfalling ARs (e.g., 

Young et al. 2017; Waliser and Guan 2017; Hatchet et al. 2017; Oakley et al. 2018; 

Bartlett and Cordeira 2021) that make skillful forecasts of their occurrence beneficial to 

hazard mitigation. Given the relative predictability of IVT forecasts at lead times of ~6–

10 days over traditional precipitation forecasts metrics (Lavers et al. 2016) and a previous 

study analyzing the probability of IVT magnitudes ≥250 kg m–1 s–1 (P250) along the west 

coast of North America using the GEFS, this study assesses the skill of P250 between the 

ECMWF and GEFS ensemble forecasts.  

Analysis of dProg/dt for the GEFS and ECWMF P250 forecasts prior to 

verification times with IVT magnitudes ≥250 kg m–1 s–1 at 38˚N, 123˚W indicated that 

ECMWF P250 forecasts provided ~1-day of additional lead-time guidance for situational 

awareness over the GEFS at lead times of 6–10-days (Fig. 8). Reliability of all P250 

forecasts from the ECMWF and GEFS models at 38ºN, 123ºW demonstrated that the P250 

forecast at leads times through ~9 days were on average reliable; however, the ECMWF 

was overall more reliable than the GEFS at lead times >9 days (Fig. 10). The ECMWF 

also had higher forecast skill with success ratios that were 0.10 to 0.15 higher than the 

GEFS at lead times >6 days for P250 thresholds of ≥25% and ≥50%, and >3 days for P250 

threshold ≥75% (Fig. 10) with similar differences for P250 ≥50% as a function of latitude 

along the west coast of North America (Fig. 11). When accounting for success via 

random chance, the ETS values suggested that differences between the ECMWF and 
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GEFS P250 forecasts largely arise for P250 thresholds ≥25% and ≥50% for leads times 

between ~6–8 days at 38ºN (Fig. 14) and are more widespread at different lead times 

elsewhere along the coast for P250 ≥50% (Fig. 15). The ETS difference is largest along 

the coast of Oregon and Washington where AR frequency is highest (not shown), 

suggesting that the GEFS may attribute at least some of its skill in this region to random 

chance and lack of skill to false alarms.  

The event-based skill analysis found that the POD for both models was largely 

similar at 38ºN (Fig. 12) with only (1) minor improvements in POD for ECMWF P250 

prior to more intense events as compared to less intense events and (2) minor latitudinal 

variations favoring higher POD in the ECMWF along the coast of Washington and 

Oregon and higher POD in the GEFS along the coast of Mexico (Fig. 13). The BSS 

demonstrated that the ECMWF contained higher skill at lead times of ~6–10 days than 

the GEFS in forecasting events and non-events at 38ºN (Fig. 16). The BSS of the 

ECMWF was also higher than the GEFS by ~0.10 for most locations along the West 

Coast of North America at lead times >1 day, and for a given BSS value, the ECMWF 

led the GEFS by ~0.5 days at lead times of 3–5 days and by ~1.0 days at lead times of 5–

10 days (Fig. 17). Overall, the ECMWF and GEFS P250 forecasts contained largely 

similar skill at lead times <6 days and >10 days, whereas the ECMWF contained better 

skill at lead times of ~6–8 days at 38ºN. These lead times do vary by latitude, but overall 

favor the ECMWF. Given the largely similar POD values, yet differences in success and 

ETS, it appears the ECMWF provides more skillful P250 forecasts owing to a lower false 

alarm ratio.  
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The statistical consistency of the two ensembles did suggest that the ECMWF 

ensemble spread was slightly larger than the GEFS ensemble spread, paired better with a 

lower RMSE than the GEFS, and was less under-dispersive than the GEFS at lead times 

of ~6–10 days specifically for forecasts prior to verification times with IVT magnitudes 

of 250–500 kg m–1 s–1 (Fig. 4). When the ensemble spread of the ECMWF is normalized 

to 20 members through random sampling, the success ratio of the ECMWF forecasts 

remained larger than the comparable 20-member GEFS forecasts (Fig. 18), suggesting 

that model physics, data assimilation, perturbation growth, and model resolution, or some 

other factor is likely responsible for the systematically better skill of the ECMWF, or 

stated another way, the systematically lower skill of the GEFS.   

Finally, the differences in skill at lead times of 6–8 days led to an analysis of 

whether or not these differences could be attributed to systematic biases in the difference 

between ECMWF and GEFS P250 forecasts or other forecast characteristics, such as 

jumpiness. Both models had relatively similar frequencies of “wins” in terms of having a 

higher average 6–8-day P250 forecast value over the other model for events verifying 

between 250 and 500 kg m–1 s–1; however, the ECMWF was a clear winner with an 

overwhelming majority of higher average 6–8-day P250 forecasts prior to verifying times 

with IVT magnitudes ≥ 500 kg m–1 s–1 (Fig. 21a,b). This “winner” and “loser” 

perspective, derived from calculating ECMWF average P250 minus GEFS average P250 is 

related to the POD, but instead clearly shows that prior to more intense landfalling ARs, 

the ECMWF typically has a higher average P250 forecast. This overwhelming majority 

prompted the question as to why the 6–8-day average GEFS was lower than the ECMWF 

and the subsequent analysis of potential “drop outs” in P250 within the 6–8-day lead 
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window related to forecast jumpiness. On average, the GEFS contained more forecast 

period-to-forecast period variability within the 6–8-day lead window related to jumpiness 

than the ECMWF, but this difference in the average was not explainable by investigation 

of the top-10 “jumpiest” forecasts (Tables 3 and 4). Instead, some forecast jumpiness was 

readily observed through analysis of the top-10 high precipitation events in northern 

California and their associated P250 forecasts prior to onset and the time of maximum IVT 

magnitudes (Fig. 23). This analysis suggested that (1) the onset of a landfalling AR is 

more challenging to forecast using P250 as compared to the time of maximum intensity 

and (2) differences in forecast jumpiness and forecast skill between the ECMWF and 

GEFS at lead times of 6–8 days is likely related to how well the ensembles predict the 

“encompassing meteorology” (e.g., synoptic setup prior to event) of individual events, in 

addition to the aforementioned model physics, data assimilation, perturbation growth, and 

model resolution.  

The results of this study can be applied to forecasts of landfalling ARs to enhance 

situational awareness, and applications such as Forecast Informed Reservoir Operations 

(FIRO; Ralph et al. 2019). In coordination with FIRO, forecasts within a 3–5-day lead 

time are typically used to determine the likelihood and strength of an upcoming AR and 

its precipitation, which support decisions on how best to manage water within a reservoir. 

This study suggests that both the ECMWF and GEFS P250 forecasts provide similar 

measures of skill for periods of enhanced IVT associated with a landfalling AR at leads 

times <6 days and are likely equally useful in this decision-making process. However, the 

ECMWF P250 are at least on average more likely to provide better guidance at lead times 

>6 days, potentially in making decision as to whether a second event is likely or not 
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likely at longer lead times.  For example, the BSS of P250 forecasts at leads times 6–8 

days indicates that the ECMWF provides more skillful forecasts than the GEFS for the 

combination of events with IVT magnitudes ≥ 250 kg m–1 s–1 and non-events with IVT 

magnitudes <250 kg m–1 s–1.  

Finally, the ECMWF model was upgraded three times within a two-year period, 

whereas the GEFS was not upgraded during WY17–20. The GEFS was recently 

upgraded to version 12 in late 2020, after the period of study. The upgrades to the 

ECMWF likely influenced the overall skill of the model throughout the study and is why 

it is important to note that this assessment is only valid for an assessment of the 

“operational” skill of the models during WY17–20. It will be important to reproduce this 

study in the future with the latest version of the GEFS model in order to identify whether 

or not systematic biases in forecasts and skill remain.  It will also be important to 

investigate the relationships between forecast skill and the “encompassing meteorology” 

in order to identify whether or not different types of flow patterns and events result in 

higher or lower AR-related forecast skill. For example, previous studies have shown the 

skill is related to variability in large-scale flow patterns resulting from different phases of 

certain teleconnection patterns, including the Pacific North American Oscillation (PNA), 

El Nino Southern Oscillation (ENSO), and the Madden Julian Oscillation (DeFlorio et al. 

2018, DeFlorio et al. 2019).  Given the variability in skill of P250 forecasts prior to the 

top-10 precipitation events in northern California, these events or an expansion to a larger 

number of events could serve as a basis for further analysis into why these particular 

landfalling ARs, their IVT, and precipitation were more or less predictable than others.  
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Table 1: ECMWF and GEFS model versions used in this study. 
Model Version Date implemented 

ECMWF 41r2 8 March 2016 
 43r1 22 November 2016 
 43r3 11 July 2017 
 45r1 6 June 2018 
GEFS v11 2 December 2015 

 
Table 2: Number of verification times and verification times with IVT magnitudes ≥ 250 
kg m–1 s–1 during the study period and during each WY for the ECMWF and GEFS at 
38N, 123W. The fraction is provided in parentheses. 
Model Total WY17 WY18 WY19 WY20 

Total 1698 424 424 424 426 
ECMWF 273 

(16.1%) 
104 
(25.0%) 

51 
(12.0%) 

76 
(18.0%) 

42 
(10.0%) 

GEFS 266 
(15.7%) 

101 
(23.8%) 

51 
(12.0%) 

73 
(17.2%) 

41 
(10.0%) 
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Table 3: The ten events with verified IVT magnitudes 250–500 kg m–1 s–1 and the 
highest ECMWF jumpiness values during lead times of 6–8 days. Data include the 
difference in the average 6–8-day P250 values (ECMWF minus GEFS) and jumpiness 
values for both models. Values that are lower than the 85th percentile value of their 
jumpiness climatology (< 0.11 for the ECMWF; < 0.1375 for the GEFS) are marked with 
an asterisk (*). 
Verification ECMWF minus 

GEFS 
Jumpiness 
(ECMWF) 

Jumpiness  
(GEFS) 

00Z 8 Jan 2017  –0.042 0.240 0.100* 
00Z 7 Feb 2017 0.026 0.210 0.150 
00Z 25 Apr 2017 0.318 0.265 0.088* 
12Z 13 Nov 2017  –0.072 0.210 0.213 
00Z 19 Jan 2018 –0.308 0.220 0.138 
12Z 22 Mar 2018 0.084 0.220 0.188 
12Z 21 Nov 2018 0.370 0.195 0.075* 
12Z 26 Feb 2019 0.0740 0.190 0.175 
00Z 1 Dec 2019 –0.128 0.185 0.250 
12Z 6 Dec 2019 –0.002 0.205 0.125* 

 
Table 4: As in in Table 3, except ranked for the ten events with verified IVT magnitudes 
250–500 kg m–1 s–1 and the highest GEFS jumpiness values during lead times of 6–8 
days.  
Verification ECMWF minus 

GEFS 
Jumpiness 
(ECMWF) 

Jumpiness  
(GEFS) 

12Z 16 Oct 2016  0.008 0.105* 0.225 
00Z 21 Mar 2017 0.144 0.135 0.238 
00Z 28 Apr 2017  −0.004 0.155 0.288 
12Z 10 Nov 2017  −0.044 0.050* 0.275 
00Z 27 Nov 2017  0.012 0.035* 0.250 
12Z 17 Jan 2019  0.060 0.155 0.250 
12Z 7 Apr 2019  0.014 0.110 0.225 
00Z 1 Dec 2019  −0.128 0.185 0.250 
12Z 2 Dec 2019  0.212 0.085* 0.250 
12Z 16 Jan 2020  −0.094 0.090* 0.313 
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Table 5: The ten highest daily precipitation totals in the Northern Sierra 8 Station Index 
in California during the study period with associated times of maximum IVT magnitude, 
maximum IVT magnitude, onset time of IVT magnitudes increasing to ≥250 kg m–1 s–1 
and precipitation amount. The cases are sorted by date. Date and times marked with * 
indicate that the ECMWF time of maximum IVT magnitude occurred 12 hours after the 
time listed.  IVT magnitudes are the 0-h ensemble-mean forecasts from each respective 
model. 

Date of highest 
precipitation 

Time of max. 
IVT mag. 

Max. IVT mag. 
(GEFS/ECMWF) 
kg m–1 s–1 

Onset time of 
IVT≥250 kg m–1 s–1  

24-h Precip. 
(in/mm) 

16 Dec 2016 12Z 12 Dec* 580 / 562  12Z 13 Dec  3.8 / 95.8 
9 Jan 2017 12Z 8 Jan 952 / 988  12Z 7 Jan  4.1 / 103.9 
11 Jan 2017 00Z 11 Jan  741 / 686  00Z 10 Jan  3.6 / 91.2 
7 Feb 2017 12Z 7 Feb  1056 / 1125  00Z 6 Feb  2.7 / 68.8 
10 Feb 2017 12Z 9 Feb  625 / 545  00Z 8 Feb  3.3 / 84.3 
21 Feb 2017 12Z 20 Feb* 631 / 626  12Z 19 Feb  3.2 / 80.3 
16 Nov 2017 00Z 16 Nov  664 / 706  12Z 15 Nov  2.9 / 72.6 
17 Jan 2019 00Z 17 Jan  700 / 711  12Z 16 Jan  3.6 / 90.7 
14 Feb 2019 12Z 13 Feb  747 / 739  00Z 13 Feb  3.5 / 89.1 
27 Feb 2019 00Z 27 Feb  599 / 611  12Z 25 Feb  3.6 / 92.0 
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Fig. 1:  Forecasts of the coastal ensemble probability of IVT magnitude ≥250 kg m–1 s–1 
(shaded according to scale) initialized daily at 0000 UTC on 7–11 February 2019 for the 
(a,c,e,g,i) GEFS model out to 16 days and (b,d,f,h,j) ECMWF model out to 15 days. Coastal 
latitudes are shown in the right-most panels of each image and topography is shaded every 
100 m using a blue-green-brown-white color scale. The gray, black, and red bars in these 
panels represent the number of hours that probability values exceed 75, 90, and 99% and 
are not used in this study. 
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Fig. 2:  Schematic illustration of “dProg/dt” to highlight (a) the jumpiness of the 6–8-day 
P250 forecast values and (b) the difference between the average 6–8-day P250 forecast 
values between the ECMWF and GEFS.  In panel (a) the blue line illustrates an ideal 
forecast probability and the red line illustrates a jumpy forecast, whereas in panel (b) the 
blue line illustrates the ECMWF and the red line illustrates the GEFS.  
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Fig. 3: Frequency of the GEFS (red) and ECMWF (blue) P250 forecasts ≥ 25%, ≥ 50%, 
and ≥ 75% for all forecasts verifying every 12 hours at 38˚N, 123˚W.  
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Fig. 4: The average ensemble spread and root mean square error (RMSE) of ensemble-
mean IVT magnitude forecasts for (a) all times and (b) times verifying with IVT 
magnitudes of 250–500 kg m–1 s–1 for forecasts verifying every 12 hours. Solid lines 
represent the RMSE and dashed lines represent ensemble spread; (GEFS = red, ECMWF 
= blue).  
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Fig. 5: A forecast–lead-time illustration of the (left) GEFS and (right) ECMWF P250 
(shaded according to scale) for verification times every 12 hours during (a,b) WY17, 
(c,d) WY18, (e,f) WY19, and (g,h) WY20 at 38ºN, 123ºW.  
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Fig. 6: A forecast–lead-time illustration of the difference in P250 forecast values between 
the ECMWF and GEFS (ECMWF minus GEFS) for verification times every 12 hours 
during (a) WY17, (b) WY18, (c) WY19, and (d) WY20 at 38ºN, 123ºW.  
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Fig. 7: A forecast–lead-time illustration of the difference in P250 forecast values between 
the ECMWF and GEFS (ECMWF minus GEFS) for IVT magnitudes at verification 
between 250 and 500 kg m–1 s–1. Verification times are every 12 hours during (a) WY17, 
(b) WY18, (c) WY19, and (d) WY20 at 38ºN, 123ºW.  
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Fig. 8: Forecast lead time change in the P250 forecast values (i.e., dProg/dt” prior to 
verification times with IVT magnitudes ≥250 kg m–1 s–1 for the GEFS (red) and ECMWF 
(blue) for forecasts verifying every 12 hours at 38N, 123W. The solid line represents the 
mean while the dashed lines represent the 95th confidence level generated through 1000 
random samples of 25-member populations of forecasts.  
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Fig. 9: Reliability diagram for the (a) GEFS and (b) ECMWF P250 forecast at 38ºN, 
123ºW for lead times of 1–15 days (colored solid lines) grouped by lead times of 3 days 
according to the key. The dashed black lines represent the no resolution, no skill, and 1:1 
reliability thresholds. Values are only calculated if there were 10 or more forecasts to 
evaluate and forecast values are grouped by 5% intervals for the GEFS and 8% for the 
ECMWF, creating different x-axis bins and “zones” of reliability and no skill.   
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Fig. 10: Success ratio calculated for the GEFS (red) and ECMWF (blue) for all forecast 
lead times (days 0–15) valid between 0000 UTC 1 October 2016 through 1800 UTC 30 
April 2020 at 38ºN, 123ºW for P250 thresholds (a) ≥ 25%, (b) ≥ 50%, and (c) ≥ 75%. 
Solid lines represent the mean while the dashed lines represent the 95th confidence level 
generated through 1000 random samples of 25-member populations of forecasts.  
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Fig. 11: Success ratio of the (a) GEFS and (b) ECMWF P250 forecasts ≥ 50% for lead 
times of 0–15 days from 25ºN to 55ºN on the West Coast of North America for WYs 
2017–2020. The difference between the two models is shown in (c) with statistical 
significance determined based on the 95th confidence level generated through 1000 

random samples of 25-member populations of forecasts. 
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Fig. 12: Probability of detection of the GEFS (red) and ECMWF (blue) for all forecast 
lead times (days 0–15) valid between 0000 UTC 1 October 2016 through 1800 UTC 30 
April 2020 at 38ºN, 123ºW for P250 thresholds (a) ≥ 25%, (b) ≥ 50%, and (c) ≥ 75%. 
Solid lines represent the mean while the dashed lines represent the 95th confidence level 
generated through 1000 random samples of 25-member populations of verification times.  
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Fig. 13: Probability of detection of the (a) GEFS and (b) ECMWF P250 forecasts ≥ 50% 
for lead times of 0–15 days from 25ºN to 55ºN on the West Coast of North America for 
WYs 2017–2020. The difference between the two models is shown in (c) with statistical 
significance determined based on the 95th confidence level generated through 1000 
random samples of 25-member populations of verification times. 
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Fig. 14: Equitable Threat Score of the GEFS (red) and ECMWF (blue) for all forecast 
lead times (days 0–15) valid between 0000 UTC 1 October 2016 through 1800 UTC 30 
April 2020 at 38ºN, 123ºW for P250 thresholds (a) ≥ 25%, (b) ≥ 50%, and (c) ≥ 75%. 
Solid lines represent the mean while the dashed lines represent the 95th confidence level 
generated through 1000 random samples of 100-member populations of forecasts.  
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Fig. 15: Equitable Threat Score of the (a) GEFS and (b) ECMWF P250 forecasts ≥ 50% 
for lead times of 0–15 days from 25ºN to 55ºN on the West Coast of North America for 
WYs 2017–2020. The difference between the two models is shown in (c) with statistical 
significance determined based on the 95th confidence level generated through 1000 
random samples of 100-member populations of forecasts. 
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Fig. 16: Brier Skill Score of the GEFS (red) and ECMWF (blue) for all forecast lead 
times (days 0–15) at 38ºN, 123ºW. Solid lines represent the mean while the dashed lines 
represent the 95th confidence level generated through 1000 random samples of 50-
member populations of verification times.  
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Fig. 17: Brier Skill Score of the (a) GEFS and (b) ECMWF P250 forecasts for lead times 
of 0–15 days from 25ºN to 55ºN on the West Coast of North America for WYs 2017–
2020. The difference between the two models is shown in (c) with statistical significance 
determined based on the 95th confidence level generated through 1000 random samples 
of 50-member populations of forecasts. 
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Fig. 18: Success ratio for P250 forecasts ≥ 50% derived from a randomly selected 20-
member ensemble using different combinations of ensemble members from the GEFS 
and ECMWF forecasts at 38ºN, 123ºW. The top row represents an ensemble of all 
ECWMF members and bottom row represents an ensemble of all GEFS members. The 
values are a mean success ratio calculated from repeating the random sampling 50 times.  
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Fig. 19: Probability of detection of the GEFS (red) and ECMWF (blue) for all forecast 
lead times of 0–15 days and three different P250 thresholds (≥ 25%, ≥ 50%, and ≥ 75%) 
for forecasts verifying with IVT magnitudes of (a) 250–500 kg m–1 s–1 and (b) 500–750 
kg m–1 s–1. 
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Fig. 20: Distribution of the difference between the ECMWF and GEFS average 6–8-day 
P250 forecasts (ECMWF minus GEFS) for all forecasts at 38ºN, 123ºW. 
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Fig. 21: The difference between the ECMWF and GEFS average 6–8-day P250 forecasts 
(ECMWF minus GEFS) for events that verified (a) between 250 and 500 kg m–1 s–1 and 
(b) ≥500 kg m–1 s–1 at 38ºN, 123ºW. Positive values (blue) illustrate a higher ECMWF 
forecast while negative values (red) illustrate a higher GEFS forecast.  
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Fig. 22: Jumpiness distribution for the GEFS (red) and ECMWF (blue) calculated for 
lead times of 6–8 days. The dashed line at 0.10–0.15 represents the significant jumpiness 
threshold. Values ≥0.11 for the ECMWF and ≥0.1375 for the GEFS (the 85th percentile 
for both models) indicate significant jumps between forecast periods. 
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Fig. 23: (a,c) GEFS and (b,d) ECMWF P250 forecasts prior to the top-ten precipitation 
events in northern California that were also associated with landfalling ARs. Forecasts 
are partitioned prior to (a) the time of maximum IVT magnitude and (b) the first time 
with IVT magnitudes ≥250 kg m–1 s–1 (onset of event) at 38ºN, 123ºW. The average top-
ten average P250 forecast value and standard deviation of the top-ten P250 forecast values 
for both models at the time of maximum IVT and onset are shown in panels (e) and (f), 
respectively.  


