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ABSTRACT 

Summary of Atmospheric River Forecast Skill and the Attendant Synoptic-Scale Patterns 

over North-Coastal California 

by 

Kristen Ann Stewart 

Plymouth State University, May 2018 

 

Atmospheric rivers (ARs) are long and narrow corridors of enhanced vertically 

integrated water vapor (IWV) and water vapor transport (IVT) found within the warm 

sector of extratropical cyclones. Landfalling ARs are responsible for approximately half 

of the annual precipitation along the U.S. West Coast and are linked to extreme 

precipitation events and flooding. In order to mitigate flooding concerns and potential 

water shortages, water managers in California rely on accurate AR forecasts in order to 

make decisions regarding reservoir storage. This study quantifies the skill of week-2 

control and ensemble-mean IVT magnitude forecasts by the Global Forecast System 

Reforecast (GFSR) for a 20-water year period 1997–2016 for a grid point near Bodega 

Bay, California. Trends in atmospheric flow patterns associated with teleconnections are 

studied for the best-forecasted AR days and the worst-forecasted false alarms to 

investigate synoptic-scale influences on forecast skill. Results illustrate that the GFSR 

ensemble-mean forecasts typically underforecasted IVT magnitude on days with a 

landfalling AR near Bodega Bay, with mean percent errors 40–70% below observed 

values at 7-to-14-day leads, signaling a reduction in the detection of ARs. The best 

forecasts of AR days at 10 days lead time were commonly associated with flow patterns 

that persisted in the positive phase of the Pacific–North American pattern (PNA) and 
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weakened or the positive phase of the Eastern Pacific Oscillation (EPO). The worst 

forecasts (e.g., false alarms) were commonly associated with flow patterns that trended 

towards a strengthening positive phase of the PNA or the negative phase of the EPO. The 

trend in the PNA with decreasing lead time associated with the worst forecasts suggests 

the likely role of ridge amplification over the Northeast Pacific leading to AR landfalling 

in British Columbia instead of California. 
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CHAPTER 1 

1. Introduction 

 The U.S. West Coast frequently receives extreme precipitation in association with 

Pacific winter storms. These events contribute to regional hydroclimate variability as they 

can increase water supply or lead to flooding events. The U.S. West Coast water 

resources rely on cool-season precipitation to supply the demand, but with its variability 

it can be difficult to forecast. This thesis focuses on a feature of these winter storms 

called atmospheric rivers (ARs) that are frequently implicated in extreme precipitation 

events along the U.S. West Coast. Results of this thesis will summarize the skill of AR 

forecasts in North-Coastal California and determine any large-scale patterns that help 

describe accurate and inaccurate forecasts. Application of these results may lead to 

improved AR forecast practices in support of “forecast-informed reservoir operations” 

that aim to establish enhanced water management strategies. 

 a. West Coast climate 

The climate is characterized as Mediterranean with warm and dry summers and 

wet winters along the U.S. West Coast (Dettinger et al. 2011). Temperatures tend to 

follow a temperate seasonal trend that peaks in the summer within the interior portion of 

the region, but is less variable closer to the coast (Bartlein et al. 2003). The regional 

landscape is conducive to wildfires during the summer and fall due to both dry vegetation 

and atmospheric patterns that favor warm downslope winds. For example, during the fall 

when low pressure sets up offshore of the California coast and high pressure sets up 

inland, the strong pressure gradient created can lead to strong, warm downslope winds, 

locally referred to the Santa Ana winds in Southern California and Diablo winds in 
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Northern California (Miller and Schlegel 2006). These winds are able to quickly spread 

wildfires that can cause significant property damage and endanger lives. The lack of 

precipitation for ~6–8 months during the year can also impact water resources and may 

lead to water shortages. 

Precipitation tends to vary from year-to-year across the U.S. West Coast, 

especially in California where this variability is greatest among the West Coast states 

(Dettinger et al. 2011). Research has shown that West Coast precipitation varies year-to-

year from the influence of the El Niño Southern Oscillation (ENSO) cycle. During years 

that are characteristic of the El Niño phase, Central to Southern California tend to 

experience greater precipitation on average that is contributed by landfalling Pacific 

winter storms (Dettinger et al. 2011). Mundhenk et al. (2016) found that storm activity 

over the eastern North Pacific is enhanced during the El Niño phase and that this activity 

is most likely to occur along the U.S. West Coast during January–April. California 

receives the majority of its annual precipitation from a few storms, usually on only 5–15 

wet days, partially influenced by the ENSO phase (Dettinger et al. 2011). Whether the 

year is characterized as wet, dry, or average therefore depends on the number of storms 

per year and how much precipitation they produce. These few storms commonly occur 

during the wet winter season and can produce extreme precipitation (e.g., >700 mm 

during 6–7 November 2006) which are responsible for ~25% of all presidential disaster 

declarations in California (Warner et al. 2012) and 20–50% of annual precipitation in the 

region (Dettinger et al. 2011; Fig. 1.1).  

 

 b. What is an atmospheric river? 
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ARs are defined as long (>2000 km) and narrow (<1000 km) corridors of 

enhanced vertically integrated water vapor (IWV) and water vapor transport (IVT) within 

the lower troposphere (Zhu and Newell 1998; Ralph et al. 2004; Neiman et al. 2008a,b; 

among others). ARs are commonly found within the warm sector of the aforementioned 

landfalling Pacific winter storms along and ahead of cold fronts and can form a portion of 

the warm conveyor belt (e.g., Ralph et al. 2004, Neiman et al. 2008b; Fig. 1.2a). Within 

this region, large amounts of water vapor content are transported poleward from the 

tropics and extratropics. Zhu and Newell (1998) found that ARs represent >90% of the 

total meridional moisture transport in the mid-latitudes covering <10% of the Earth’s 

circumference. The majority of the IVT occurs in the lowest 2.25 km along a low-level 

jet (LLJ) which enhances the transport and where the atmosphere is characterized by 

moist neutral stability (Ralph et al. 2005; Fig. 1.2b). 

ARs typically make landfall on the western coast of mid-latitude continents along 

with their parent winter storms (i.e., mid-latitude cyclones). ARs have also been found to 

occur in other locations, such as the Southeast U.S. (Mahoney et al. 2016). The U.S. West 

Coast is characterized by north-south oriented mountain ranges, thus westerly and 

southwesterly landfalling ARs typically lead to orographically enhanced precipitation. 

The complex terrain acts as a lifting mechanism to force the moist air to rise within the 

moist neutral environment and precipitate on the upslope side (Ralph et al. 2005; Neiman 

et al. 2008a). Due to the low altitude in which the IWV is concentrated, the topography 

can block the AR from penetrating farther inland, and the majority of the precipitation 

falls on the upslope side (Rutz et al. 2014). Rutz et al. (2014) also show that >60% of 

cool-season precipitation is associated with ARs along the coast and <35% of cool-season 
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precipitation is associated with ARs along the east side of the Cascade–Sierra mountain 

ranges. 

The most extreme precipitation associated with ARs occurs predominantly during 

the cool season (November–April) along the U.S. West Coast (Ralph and Dettinger 

2012). The few ARs that occur during the warm season tend to affect the more northerly 

latitudes (i.e., Washington and Oregon) following the typical tracks of their parent mid-

latitude cyclones (Wu et al. 2010). These warm-season ARs produce less precipitation 

because of the weaker winds present that accompany weaker environmental baroclinicity 

despite having greater IWV content (Neiman et al. 2008a; Ralph et al. 2013). Similarly, 

the southern portion of the U.S. West Coast (i.e., California) receives AR-related 

precipitation mainly during the cold season when storms track farther south (Neiman et 

al. 2008a,b; Wu et al. 2010). Considering that the northern latitudes can be affected by 

ARs throughout the year, Neiman et al. (2008a) found that these latitudes experienced 

301 AR days between 1997 and 2005, while California only experienced 115 in the same 

time period. This result further indicates that California receives the majority of its annual 

precipitation from only a few storms. 

Considering the major impact of landfalling ARs is contributions toward annual 

precipitation and precipitation extremes, it is crucial to recognize that a drought may 

occur when these events occur less frequently. Similarly, ARs have been found to 

mitigate drought and replenish water supplies when they occur after a prolonged dry 

period (Dettinger et al. 2011). A study by Dettinger (2013) analyzed the “breaking” of 

West Coast droughts during 1950–2010 and the presence of landfalling ARs using IVT; 

33–74% of droughts were abruptly broken by a wet month characterized by ARs 
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depending on the area. California droughts were broken by landfalling ARs in 33–40% of 

cases analyzed. 

ARs are linked to extreme orographic precipitation events that are capable of 

producing large amounts of precipitation in short time periods (e.g., Dettinger et al. 2011; 

Ralph and Dettinger 2012). A study by Ralph and Dettinger (2012) illustrated that 72-h 

totals from these extreme precipitation events from ARs are comparable to events 

including tropical cyclones and severe thunderstorms in the Eastern U.S. With the 

significant precipitation accumulations within a short time and small area comes the 

potential for floods. ARs are the primary causes of major flooding along California rivers 

and can significantly impact reservoir management (e.g., Dettinger et al. 2011). Ralph et 

al. (2006) investigated flood events along the Russian River in California from 1997–

2006 and gathered satellite-derived IWV data to examine possible AR characteristics. 

They found that all seven events in this timespan were associated with ARs. They also 

found that not all ARs produce flooding, as dry soils have a larger capacity to absorb 

water. 

 

 c. What metrics are used to characterize ARs? 

In order for a plume of water vapor to be defined as an AR, it must be elongated 

and narrow, as quantified in the previous section. Observing ARs is challenging because 

they frequently occur over mid-latitude oceans where data are sparsely collected. In a 

study by Ralph et al. (2004), aircraft data and satellite observations of IWV from the 

Special Sensor Microwave Imager (SSM/I) quantified the horizontal structure of ARs. 

The IWV can be accurately measured from the SSM/I and they found that this metric 
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could be used as an element to detect the presence of ARs using a threshold of IWV ≥2 

cm (Fig. 1.3). The lack of wind observations aloft prevents the SSM/I IWV data from 

subsequently quantifying IVT. Rutz et al. (2014) defined ARs using an IVT magnitude 

≥250 kg m–1 s–1 and a length of at least 2000 km. The calculation procedure for IVT is 

provided in Chapter 2. 

The strength or intensity of an AR is typically measured using IWV or IVT 

magnitude thresholds as described above. Studies show that more intense ARs often 

produce more intense precipitation and hydrologic impacts. A case study of an extreme 

precipitation event (>700 mm) during 6–7 November 2006 by Neiman et al. (2008b) 

found that a maximum IWV value of 5.0 cm occurred during this event. As a comparison, 

100 of 119 (84%) AR days (days in which IWV values ≥2.0 cm) between 1997 and 2006 

displayed maximum IWV values up to 3.7 cm, highlighting the extreme nature of the 

case study. Another important factor for determining the strength of an AR is to consider 

the orientation of the AR and low-level jet stream (LLJ) via the IVT vector and not only 

its magnitude (Neiman et al. 2002, 2008a,b, 2011; Hecht and Cordeira 2017). The 

production of the greatest amount of orographic precipitation will occur when the IVT 

vector is oriented perpendicular to mountain barriers or parallel to the terrain gradient in 

order to maximize the upslope component of the wind (Neiman et al. 2011; Ralph et al. 

2013). Neiman et al. (2002) found that there is a direct linear relationship between the 

magnitude of the upslope flow and the rain rate over the coastal mountains, with a peak at 

~1 km near the altitude of the LLJ.  

 d. How well are ARs forecasted? 
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Forecasting the potential for ARs proves to be critical for local management 

agencies to prepare for either the arrival or departure of hydrometeorological extremes 

such as drought and floods. For both of these cases, water supply from runoff captured in 

reservoirs can be difficult to forecast. In the high elevations in particular, the precipitation 

usually falls as snow, so the water supply in these areas may be stored as snowpack 

instead and limits what can be immediately available for water resources (Dettinger et al. 

2011). Since the water supply is very limited along the West Coast and primarily comes 

as a result of ARs, accurate forecasting of ARs is important for the effective management 

of reservoirs in terms of water retention and distribution. Aside from the hydrologic 

impacts, forecasting for the potential for ARs is necessary for the mission of the National 

Weather Service in the protection of lives and property, especially in association with 

hazards such as floods and landslides. Accurate forecasts for precipitation and flooding 

with advanced lead time can diminish as much as a third of residential flood-related 

damages (Day et al. 1969; Ralph et al. 2014). 

Recent research has delved into how well ARs are predicted in terms of 

quantitative precipitation forecasts (QPF), landfall characteristics (e.g., timing and 

duration), and intensity to determine current AR forecast skill. In a study by Ralph et al. 

(2010), day 1–3 QPF performance was statistically assessed for extreme precipitation 

events during the 2005–06 cool season within the domains of the California–Nevada 

River Forecast Center (CNRFC) and the Northwest River Forecast Center (NWRFC). For 

precipitation events that occurred in conjunction with an AR, and that had QPF or 

quantitative precipitation estimate (QPE) >7.6 cm (24 h)–1 in either RFC domain, forecast 

skill metrics (e.g., probability of detection, or POD) show that ~50% of verification sites 
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that exceeded the threshold were correctly predicted at 1-day lead time. In terms of 

forecast misses, 26% of sites indicated a false alarm (i.e., FAR). Including non-AR events 

that exceeded this threshold, the CNRFC domain contained POD of 24% and a FAR of 

35% at 3 days lead time, indicating degrading skill. QPFs under predicted extreme events 

in the CNRFC domain with an average bias (ratio of forecasted precipitation to observed 

precipitation) of 0.88 at 1-day lead time. Under-prediction further increased with 

increasing forecast lead times. For stronger events with a larger precipitation threshold, 

skill decreased due to larger QPF errors that were even more conservative. This result 

suggests the challenges of QPFs with respect to high-impact precipitation events. 

 Wick et al. (2013b) performed a study encompassing forecast verification of the 

IWV signature of ARs in the Northeastern Pacific Ocean for five different operational 

NWP ensemble models. These models included those from the European Centre for 

Medium Range Weather Forecasts (ECMWF), National Centers for Environmental 

Prediction (NCEP), U.K. Met Office (UKMO), Canadian Meteorological Center (CMC), 

and Japan Meteorological Agency (JMA). They utilized the AR Detection Tool for IWV 

(ARDT-IWV; Wick et al. 2013a) in order to automatically and objectively identify the 

IWV signature of ARs in both model and observational fields. The forecasts of the IWV 

fields in the 1200 UTC model runs for lead times of 1, 3, 5, 7, and 10 days were directly 

compared to SSM/I derived observed IWV fields for three cool seasons (October–March) 

of 2008–09 to 2010–11. The corresponding pairs of results were grouped for each model 

as well as for each lead time and forecast skill was measured by statistical metrics. The 

overall occurrence averaged over the three seasons was well forecasted by all models 

even with a large lead time of 10 days. For example, NCEP had a high 93% POD of 
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observed events and an 84% POD for 10-day forecasts (Fig. 1.4b).  False alarms 

remained low for all ensembles as well; NCEP had a 7% FAR for observed events and a 

12% FAR for 10-day forecasts (Fig. 1.4c). There is less skill in predicting landfall 

occurrence along the North American coast, with NCEP having a 78–57% POD and 

~50% FAR as lead time increases to 10 days. The location for landfall occurrences had a 

southerly bias for all models, with NCEP forecasting AR axes with ~0° latitude bias for 

observed events to ~1° southerly latitude bias at 10 days lead time. 

The aforementioned study also evaluated the NWP ensembles for the IWV 

content and width of forecasted ARs. All models averaged a slight moist IWV bias 

ranging from 0.0 to 0.25 cm over the length of an AR; however, these biases were 

independent of lead time. Most models highly overestimated the width of the IWV fields; 

NCEP had an average width that was 40–60 km too wide over the entire forecast period. 

The ECMWF showed clear superiority due to finer resolution and had an average width 

error of 0–20 km as lead time increased.  

The Wick et al. (2013b) study illustrates that the presence of ARs is well forecast, 

but the skill of forecasting landfall occurrence (e.g., location) and AR width is much less 

accurate. Current NWP forecasts are thus unable to provide accurate forecasts of the 

exact timing and location of AR landfall, potential impacts, and how far these impacts 

spread. These details are important for watersheds, which may be critical for water 

resource management, reservoirs, and flood control. Despite these issues, the study 

explained that landfall forecast skill improved when the AR landfall timing was relaxed 

to a longer window of within a day of verification. Knowing with advanced lead time that 
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an AR would make landfall at some point in the forecast period can still be highly useful 

for water management planning. 

 

 e. AR forecasts and water resources 

Reservoirs across the U.S. West Coast generally exhibit over-year storage 

behavior, meaning that they are drawn down for long periods of time and are rarely 

completely full (Vogel et al. 1999). This behavior can be tied back into the tendency for 

the region to receive most of its annual precipitation in only a few storms so that 

reservoirs are rarely full year round. These reservoirs have a lower resilience (ability of 

the reservoir to recover from a lack of supply) than those that consistently refill (Vogel et 

al. 1999), so there is a greater chance that these systems may be unable to supply enough 

water to meet demands. As mentioned in a previous section, precipitation from ARs is 

able to recharge reservoirs but can also lead to devastating floods (Neiman et al. 2008a; 

Dettinger et al. 2011; among others). Proper reservoir management procedures of either 

retaining or releasing water to mitigate these impacts then become a challenge that relies 

heavily on accurate and timely AR forecasts. 

The importance of the communication of accurate AR forecasts to water resource 

managers and potential challenges can be illustrated by the disaster on the Lake Oroville 

Dam that occurred during mid-February 2017. The 2016–2017 winter season in 

California was anomalously wet, with precipitation totals at least 150–200% above 

normal in many locations by January and February (Global Hydrology Resource Center 

2018; Fig. 1.5). By early February, reservoirs had filled to capacity and needed to release 

water before additional AR storms arrived. As water was released from Lake Oroville 
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into the Feather River, the main flood control spillway showed significant erosion and a 

large sink hole developed and expanded with discharge outflow of 52,250 cfs. The sink 

hole limited outflows from the reservoir and forced the managers to prepare for use of the 

auxiliary spillway (CDWR 2018; Fig. 1.6). On 11 February, the reservoir level rose 

following additional precipitation and excess inflows that necessitated outflow down the 

damaged main flood control spillway and outflow over the never-used auxiliary spillway. 

Outflows along the never-used auxiliary spillway also caused significant erosion and led 

the California Department of Water Resources (DWR) to repair the damages to both 

spillways in subsequent months. These events forced an evacuation of downstream 

communities on 12 February in advance of a potential flooding disaster if the spillways 

failed (CDWR 2018). Ultimately, the DWR successfully managed the lake discharge and 

averted catastrophe. The result of extreme precipitation on this reservoir caused millions 

of dollars in damages and is a recent example of how forecast-informed reservoir 

operations may benefit water resources management. 

 When AR conditions are forecast to occur over a specific watershed, water 

managers may reduce reservoir levels beforehand by releasing the water downstream to 

prevent overfilling. In the case of a good forecast, or one that verifies as an AR, the 

reservoir will fill from the immense amount of precipitation and ideally will not spill 

over. The good forecast thus allows for the reduction of possible downstream flooding 

and a greater water supply to meet demands over time. If instead the forecast is poor and 

does not verify as an AR, the water supply and demand dynamic may be adversely 

affected. The reservoir levels would be considerably reduced such that the supply of 

useable water must be carefully monitored for distribution and further downstream 



 12  

 

release. Since only a few storms per year provide the majority of the water for the West 

Coast, the supply cannot meet the demands when AR forecasts do not verify and water 

shortages become an issue. 

 A forecast for non-AR conditions that actually verifies as an AR can create 

challenges for reservoir management as well. With these forecasts, reservoir levels will 

remain at their current state to conserve the water supply. The arrival of the non-

forecasted AR will cause the reservoir to overfill and thus may cause destructive flows 

downstream leading to flooding. In this case, water managers must control the flooding 

damage by releasing the water in the reservoir. In order to diminish these detrimental 

water resource and management impacts it is necessary to evaluate and ultimately 

improve the skill of forecasting ARs in current NWP models. 

 

 f. Thesis goals and outline 

 The objectives of this thesis are to (1) quantify the skill of the NCEP GFS 

“reforecasts” of AR days with IVT magnitude ≥250 kg m−1 s−1 using statistical metrics 

and to (2) identify impacts of large-scale teleconnection patterns on this forecast skill. 

IVT magnitude forecasts will be analyzed for a grid point at 38°N, 123°W in proximity to 

Bodega Bay, California verifying between 1 October 1996 and 30 September 2016. A 

subset of days will be identified for 10-d forecasts verifying with “good skill” and 

another subset will be identified for those verifying with “bad skill” with respect to AR 

detection. Time series of large-scale teleconnection pattern indices from the initialization 

date through verification (and beyond) will be created to determine if skill is influenced 

by these large-scale patterns. Finally, synoptic-scale flow patterns will be composited for 



 13  

 

both of these subsets of days to determine differences in flow regimes with respect to 

skill. 

 The remainder of this thesis is organized as follows: chapter two will discuss the 

data and methodology used. Chapter three presents a summary of the verified AR days 

during the 20 water-year period. Chapter four presents a statistical analysis of the skill of 

IVT magnitude forecasts. Chapters five, six, and seven present analyses of relationships 

between the PNA, EPO, and MJO on forecast skill, respectively. Chapter eight will 

summarize results, suggest future work, and provide concluding discussions. 
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g. Chapter figures 

 
 

Fig. 1.1. Contributions of precipitation during wet season (November–April) days on 

which an AR made landfall to total precipitation at cooperative weather stations for water 

years 1998–2008. The inset map shows the ratio of the average precipitation on AR days 

to climatological means. Image provided by Dettinger et al. (2011).  
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Fig 1.2. Schematic depiction of the structure of an atmospheric river based on dropsonde 

measurements and reanalyses. Magnitudes provided represent average atmospheric river 

conditions. (a) Plan view illustrating color-filled IVT, contoured IWV, parent cyclone, 

and associated fronts. The dashed line A–A’ indicates the position of the cross section 

shown in (b). (b) Vertical cross section illustrating the core of the IVT with orange 

contours and color fill with the LLJ in dashed blue lines. These features are coupled with 

cross-section-normal isotachs (blue contours), tropopause (thick black contour), and 

associated frontal zone (dotted black line). Also included is the water vapor mixing ratio 

in dotted green lines. Schematic provided by AMS (2018) and adapted from Ralph et al. 

(2004) and Cordeira et al. (2013). 



 16  

 

 
Fig. 1.3. Composite SSM/I satellite images of IWV (cm) from an AR producing extreme 

precipitation along the U.S. West Coast emanating from the tropical (a) Western Pacific 

on 13 October 2009, (b) Central Pacific on 7 November 2006, and (c) Eastern Pacific on 

9 January 2005. Image provided by Ralph et al. (2011). 
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Fig. 1.4. Forecast verification statistics representing the ability of each model suite to 

predict the overall occurrence of one or more ARs within the analysis domain on a given 

day as a function of forecast lead time. Metrics include (a) threat score (TS), (b) 

probability of detection (POD), and (c) false alarm rate (FAR). Image provided by Wick 

et al. (2013b). 

  



 18  

 

 
Fig. 1.5. Total percentage of normal of water year-to-date precipitation occurring from 1 

October 2016–12 February 2017. Areas outlined in pink represent those which 

experienced the wettest October–February on record. Image provided by the National 

Weather Service Forecast Office in Sacramento, CA. 
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Fig 1.6. Aerial photo of the large crater/sink hole along the main Oroville Dam spillway 

formed by erosion due to significant water discharge. Photo taken 7 February 2017 from 

CDWR (2018). 
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CHAPTER 2 

2. Data and methodology 

a. Forecast data 

The IVT magnitude forecasts used in this thesis were derived from 20 water years 

of forecast data verifying from 1 October 1996 to 30 September 2016 generated by the 

NOAA Earth System Research Laboratory Physical Sciences Division (ESRL/PSD) 

second-generation Reforecast Project (Hamill et al. 2013). Historical weather forecasts 

starting in December 1984 are archived and current real-time weather forecasts are 

generated utilizing the 2012 version of the National Centers for Environmental Prediction 

(NCEP) Global Ensemble Forecasting System (GEFS). The dataset contains an 11-

member ensemble of forecasts that includes one control member and 10 perturbed 

forecasts produced once daily with initial conditions at 0000 UTC. The GEFS Reforecast 

(hereafter referred as the GFSR) is run at ~50 km (0.5° latitude × 0.5° longitude grid 

spacing) horizontal resolution for lead times of 0 to 8 days and is reduced to ~70 km 

(~0.67° latitude × ~0.67° longitude grid spacing) for lead times of 8 to 16 days with data 

at 42 vertical levels. Ninety-eight forecast global fields are available at 1° latitude × 1° 

longitude resolution and 28 global fields are available at the native resolutions (0.5° × 

0.5° for the first week and 0.67° × 0.67° for the second week). The forecast data were 

downloaded in netCDF format from the ESRL/PSD web interface and NCAR Command 

Language (NCL) Version 6.3.0 (NCAR 2015) scripts extracted data into a text format. 

The coordinates selected for this study, 38°N and 123°W, represent a location in 

proximity to Bodega Bay in North-Coastal California that is ~15 km to the south of the 

Russian River watershed. The Russian River flows southward through Mendocino and 



 21  

 

Sonoma counties, provides reservoir storage for Lake Mendocino and Lake Sonoma, and 

drains into the Pacific Ocean (Fig. 2.1). The watershed covers 1,485 mi2 of diverse land, 

including forests, urban centers, and vineyards containing a population of >360,000 

residents (RRWA 2018). The North Coastal Ranges surround the watershed and tend to 

produce orographic enhanced precipitation with southwesterly IVT directions (Hecht and 

Cordeira 2017). The potential for enhanced precipitation and the large population relying 

on the watershed as a water supply and for recreation highlights the necessity for accurate 

forecasts of precipitation and ARs. Results from this thesis will support efforts in 

improving AR forecasting for this region, which in turn will potentially assist forecast-

informed reservoir operations currently focused on Lake Mendocino.  

Three forecast parameters are used in order to examine the GFSR AR forecast 

skill. These forecast parameters included the control and ensemble mean zonal and 

meridional components of wind and the specific humidity on six isobaric surfaces: 1000, 

925, 850, 700, 500, and 300 hPa. The IVT for each forecast was calculated using these 

parameters following the methodology of Neiman et al. (2008a) which defines the IVT 

vector as: 

 𝑰𝑽𝑻 =
1

𝑔
∫ 𝑞𝑽𝑑𝑝,

300 ℎ𝑃𝑎

1000 ℎ𝑃𝑎
                                          (1) 

where g is the gravitational acceleration, q is the specific humidity, and V is the total 

vector wind. The magnitudes of the IVT vectors were then computed to serve as the AR 

forecast metric. 

 An “AR day” is defined as any day (0000 UTC) that had an IVT magnitude ≥250 

kg m−1 s−1 at the 0-h forecast; days with IVT magnitudes ≥500 kg m−1 s−1 are considered 

“strong” AR days. For the 20 water-year period, the 0-h control forecasts contained 726 
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AR days (e.g., control AR days) and the 0-h ensemble-mean forecasts contained 717 AR 

days (e.g., ensemble-mean AR days). The forecasts contained 96 strong control AR days 

and 93 strong ensemble-mean AR days. 

 

b. “Good” and “bad” AR day forecasts 

 The focus of this thesis will be to relate atmospheric flow patterns described by 

three teleconnection patterns to AR forecast skill at 10 days lead time. For consistency, it 

is essential to specifically define what is considered a “good” forecast and what is 

considered a “bad” forecast of an AR day. “Good” forecasts were those in which an AR 

day was forecast at 10 days lead time and verified the day the forecast was valid. These 

“good” 10-d forecasts were then organized by the absolute value of the percent error in 

IVT magnitude at verification for control forecasts. The top-50 forecasts with the 

smallest magnitude of percent error in IVT magnitude were selected as the best forecasts. 

“Bad” forecasts were those in which an AR was forecasted but did not verify on the day 

the forecast was valid (i.e., a false alarm) at 10 days lead time. These forecasts were also 

organized by the absolute value of the percent error in IVT magnitude at verification. The 

top-50 forecasts with the largest magnitude of percent error in IVT magnitude were 

selected as the worst forecasts that are represented as false alarms. 

 

c. Teleconnection indices 

 Teleconnection patterns refer to large-scale dynamically recurring and persistent 

patterns of circulation and pressure anomalies. These anomalies can influence variability 

in jet stream location and intensity, storm tracks, temperature, and precipitation over 
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large regions thousands of kilometers away. Most patterns are quasi-stationary and 

contribute to regional atmospheric variability on long time scales of weeks to months, 

and some even to years. Each pattern is defined by specific circulation features or 

anomalies within a particular geographical area and will cycle through phases as these 

features change position or intensity. The amplitude of the anomalies in turn affects the 

strength of the pattern signal. These modes of variability can be measured through indices 

defined for each pattern to quantify flow patterns and determine phase. 

Large-scale teleconnection patterns with influence over the Northeast Pacific and 

Western North American climate were examined to determine possible atmospheric 

influences on AR forecast skill. These teleconnections included the Pacific–North 

American pattern (PNA), Eastern Pacific Oscillation (EPO), and Madden–Julian 

Oscillation (MJO). Time-lagged composite time series of the average daily PNA and 

EPO indices were created for all control AR days from 14 days before to 14 days after 

verified AR days to diagnose trends related to ARs. Time-lagged composite time series 

were also created for the best-forecasted AR days and the worst-forecasted false alarms 

for 10 days before to 10 days after verified AR days. Daily normalized PNA indices from 

1950–present are archived by the Climate Prediction Center and were downloaded via 

File Transfer Protocol (FTP) in ASCII format. Daily normalized EPO indices from 1948–

present are archived by ESRL/PSD and were downloaded via FTP in ASCII format. The 

distribution of MJO phase and amplitude was analyzed for forecast initialization and 

verification separately for the best and worst forecasts. Daily MJO phase and amplitude 

data from June 1974–present are archived by the Australian Government Bureau of 

Meteorology and were downloaded as a text file. 



 24  

 

 The daily PNA index is constructed by projecting daily 500-hPa geopotential 

height anomalies from NCEP/NCAR Reanalysis over the entire Northern Hemisphere 

onto the loading pattern of the PNA (NCDC 2018). This loading pattern is defined as the 

second leading mode of a Rotated Empirical Orthogonal Function (EOF) analysis of 

monthly mean 500-hPa geopotential height anomalies over 0–90°N latitude during 1950–

2000. Daily indices are then standardized with respect to the 1950–2000 climatological 

daily mean. The daily EPO index is computed similarly to the PNA index in that it is 

constructed by projecting daily 500-hPa geopotential height anomalies from 

NCEP/NCAR Reanalysis onto the loading pattern of the EPO. Daily geopotential height 

anomalies are instead based on 1981–2010 climatology for the dataset used. Additional 

interpretation of the PNA and EPO are provided in chapters 5 and 6, respectively. 

 An MJO index was developed using EOFs of near equatorial averaged 850-hPa 

zonal wind, 200-hPa zonal wind, and satellite-observed outgoing longwave radiation data 

using the methodology described in Wheeler and Hendon (2004). Daily observed data are 

projected onto the EOFs in order to yield a pair of time series that form the index: Real-

time Multivariate MJO series 1 (RMM1) and 2 (RMM2). Plotting the RMM1 and RMM2 

time series on a two-dimensional phase space can diagnose the phase of the MJO, its 

amplitude, and illustrate the eastward propagation as signified by the counterclockwise 

progression of points. Additional interpretation of the MJO is provided in chapter 7. 

 

 d. Composite analysis 

 Differences in synoptic-scale atmospheric patterns at initialization and 

verification for the best-forecasted AR days and the worst-forecasted false alarms at 10-d 
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lead time by the control forecasts were visualized by creating composite maps of 

atmospheric variables using NCL. These variables included 500-hPa geopotential 

heights, IWV, 250-hPa geopotential heights, 250-hPa u-component of the wind, and 250-

hPa v-component of the wind. These maps are created from 0000 UTC gridded analyses 

of the NCEP/NCAR Reanalysis (Kalnay et al. 1996) at a horizontal resolution of 2.5° 

latitude and 2.5° longitude obtained via FTP from NCEP/NCAR Reanalysis in netCDF 

format. Climatological mean values are constructed using a 21-day running mean 

following the methodology of Hart and Grumm (2001) for a period of 1979–2008. 
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 e. Chapter figure 

 

Fig. 2.1. Map indicating the location of the Russian River watershed and the topography 

of California. The star illustrates the location of Bodega Bay. Image provided by the 

Russian Riverkeeper webpage at https://russianriverkeeper.org/about-the-russian-

river/maps/. 
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CHAPTER 3 

3. Climatology of ARs in water years 1997–2016 

 a. All AR days 

The 20 water years featured 726 control AR days and 717 ensemble-mean AR 

days at 38°N and 123°W; each water year contained an average of ~36 AR days. Fig. 3.1 

illustrates that water year 2001 contained the least number of AR days (24) whereas 

water years 2011 and 2006 contained the most number of AR days (48–50 depending on 

which forecast subset is used). Long-term interannual variability is evident in the 

frequency of AR days during the 20-year period, particularly during 2001–2011; there 

does not appear to be an overt consistent pattern. Less variability is apparent between 

adjacent years, particularly within 2012–2016 where the number of days ranged between 

27 and 35. Despite the interannual variability, the number of AR days has trended 

downward throughout the period, with earlier years totaling close to 40 or 50 days and 

later years closer to 30. 

Over the 20-year period, each month contained ~3 AR days per month per year. 

These monthly totals contained more spread than annual totals, with only nine of 726 

control AR days occurring in August as compared to 125 of 726 control AR days 

occurring in December (Fig. 3.2). In other words, <1 AR day occurred per month on 

average in August and ~6 AR days per month occurred on average in December. From 

August to December, the number of AR days increased rapidly due to the tendency for 

ARs to occur mostly during the cold season (October–March) and rarely during the 

summer in California corresponding to cool season enhanced cyclogenesis in the North 

Pacific (Neiman et al. 2008a). The second half of the cold season (i.e., January–April) 
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contained a decline in the number of AR days, but not as sharply as the early cold season 

increase, decreasing from 91–93 days to 44. A secondary peak in AR days, though much 

smaller than in December, occurred in March at the tail end of the cold season. The 

maximum occurrence of AR days in December and the gradual decrease in occurrences 

through April agrees with the climatology for U.S. West Coast ARs presented in 

Mundhenk et al. (2016) and for North-Central California ARs presented in Rutz et al. 

(2014). 

 

b. Strong AR days 

The 96 strong control AR days and 93 strong ensemble-mean AR days with IVT 

magnitudes ≥500 kg m−1 s−1 comprised ~13% of the total AR days in the 20-year period. 

Each water year contained ~5 strong AR days, with a maximum of 11 strong AR days 

that occurred in 2006 and a minimum of one strong AR day in 2001 (Fig. 3.3). The most 

amount of interannual variability of strong AR days occurred during the first half of the 

period 1997–2006. The number of strong AR days during this period ranged from one to 

seven days, with an outlier of 13 days in water year 2006. Unlike for all AR days, there 

does not appear to be any noteworthy long-term increasing or decreasing trend over time. 

Each month contained approximately eight strong AR days on average (e.g., <0.5 per 

month per year) with the maximum occurring in December with 20 in total (e.g., one per 

month per year; Fig. 3.4). A secondary maximum occurred during the end of the cold 

season similar to all AR days, except this time in February (16). Strong ARs did not 

occur in April, July, and August. The same trends of a steep increase in the early cold 
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season and a gradual decrease in the late cold season as described for all AR days are also 

apparent for strong AR days. 
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c. Chapter figures 

 
Fig. 3.1. Total number of control (blue) and ensemble-mean (red) AR days per water year 

during water years 1997–2016. 
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Fig. 3.2. Total number of control (blue) and ensemble-mean (red) AR days per month 

during water years 1997–2016. 
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Fig. 3.3. Total number of strong control (blue) and ensemble-mean (red) AR per water 

year during water years 1997–2016. 
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Fig. 3.4. Total number of strong control (blue) and ensemble-mean (red) AR days per 

month during water years 1997–2016. 
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CHAPTER 4 

4. Summarizing the skill of GFS Reforecasts 

 The GFSR AR forecast skill can be summarized by contingency analyses in 

metrics of probability of detection (POD) and false alarm ratio (FAR), and also percent 

error in IVT magnitude. This chapter will discuss aggregate skill from each of these 

metrics as a function of lead time for forecasts from both control and ensemble-mean 

forecasts of control and ensemble-mean AR days. This chapter will also discuss annual 

and monthly variability in skill from each of these metrics, but will just focus on 

ensemble-mean forecasts of ensemble-mean AR days for brevity. Note that due to 

dispersion of phase (timing) and amplitude of IVT magnitude among ensemble members, 

the ensemble-mean forecasts are likely to contain lower POD of AR days as compared to 

the control forecasts. A discussion of this limitation is provided at the end of the chapter. 

 

a. Probability of detection 

i. Aggregate skill 

Both the GFSR control and ensemble-mean forecasts contained high skill in their 

detection of AR days 1–3 days in advance (Fig. 4.1; blue lines). One day in advance, the 

control forecast contained a POD of 0.83 (solid blue) and the ensemble-mean forecast 

contained a POD of 0.84 (dashed blue). POD decreased with increasing lead time for 

both forecast subsets through day 11. The ensemble-mean forecast skill declined more 

rapidly than that of the control forecast skill, where POD at 11 days lead time were 0.04 

and 0.18, respectively. For lead times >14 days, POD for the control forecasts 

approached ~0.16 and POD for the ensemble-mean forecasts approached 0, displaying 
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effectively no skill in detecting AR days. Both forecast subsets illustrate that POD 

dropped below 0.50 at day 5 and beyond, illustrating that only half of AR days were 

forecasted correctly five days in advance. Forecasts made during week 2 were shown to 

be poor, with detection of AR days having occurred less than half of the time. 

ii. Annual variability in skill 

A comparison of ensemble-mean POD as a function of lead time for AR days in 

each water year illustrates larger variability between years at short lead times (<10 days) 

versus smaller variability between years at longer lead times (>10 days; Fig. 4.2a). For 

example, 1-d lead-time POD ranged between 0.70 and 0.96 and 14-day lead-time POD 

ranged between 0.00 and 0.04. No single year stands out over the entire forecast period as 

consistently showing the best or worst skill. However, water year 2014 (gray) stands out 

by far as having the best overall skill for week-1 (0–6 days lead time) forecasts. Water 

years 1997 and 2003 (darkest red and lime green, respectively) also appeared to have 

consistently higher skill than most years in week-2 (lead time of 7–13 days) forecasts. It 

is uncertain whether these particular water years are statistically different from each other 

within the small sample. 

Figure 4.2b illustrates week-2 POD specifically for 7-, 10-, and 13-d forecasts for 

each individual water year. Water year 1997 stands out with high overall week-2 skill 

illustrated by 7-d POD of 0.30 and 10-d POD of 0.24. Water year 2003 also had high 

overall week-2 skill with 7-d POD of 0.37 and 10-d POD of 0.20. The ensemble-mean 

forecasts had some skill in detecting AR days with seven days lead time for all years, but 

not very high because POD was <0.40 each year. These forecasts were able to detect 

some AR days with 10 days lead time for 16 water years, but with 13 days lead time, they 
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only detected AR days for six years. Due to the lack of AR detection in multiple years at 

the longest lead times, it is hard to tell if there are long-term trends of detection skill. 

There does appear to be a trend of improving POD over time in 7-d ensemble-mean 

forecasts, particularly starting in 2004 where all water years after 2005 exceeded 0.20 and 

six of those years exceeded 0.25. 

iii. Monthly variability in skill 

The ensemble-mean POD as a function of lead time for AR days in each month 

(Fig. 4.3a) shows that there was a lot of variability between months for shorter lead times, 

especially for lead times between four and nine days. From these monthly trends, it is 

apparent that forecasts in the winter months contained the best skill in detecting ARs 

overall throughout the entire forecast period. Forecasts for December and January 

(magenta and dark red, respectively) contained higher skill for almost all 16 lead times, 

while forecasts for February (lighter red) performed well until day 10. Warm season 

forecasts during June–September (dark green and all blue) contained the poorest AR 

detection overall. Looking specifically at the 7-, 10-, and 13-d ensemble-mean forecasts 

for each month, it is clear that the late fall into winter contained the best AR detection 

forecasts within week-2 (Fig. 4.3b). January was the best individual month showing the 

highest POD for each forecast day, at 0.37, 0.16, and 0.04 respectively. Spring and 

summer forecasts contained the lowest POD for the entirety of week 2. July forecasts had 

zero skill at detecting AR days during week 2, as shown in Figs. 4.3a and 4.3b. 

 

b. False alarm ratio 

i. Aggregate skill 
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The skill of both forecast subsets was greatest for short lead times when the FAR 

was low (Fig. 4.1; red lines): 0.22 for the control (solid red) and 0.19 for the ensemble-

mean (dashed red) forecasts at 1-d lead time. However, the skill was still relatively poor 

because this value indicates that ~1 in 5 AR forecasts did not verify one day in advance 

for an IVT magnitude threshold of ≥250 kg m−1 s−1. It is possible that marginal or weak 

events that contained forecast IVT magnitudes near the threshold chosen contribute to the 

FAR, so not all of these missed forecasts may necessarily have been “false alarms”. The 

FAR exceeded 0.50 for control forecasts at lead times longer than five days and for 

ensemble-mean forecasts longer than seven days, indicating that only half of forecasts 

verified at these lead times. FAR gradually increased with increasing lead time until day 

13; forecasts made during week 2 were more likely to be false alarms than not. The 

control forecasts had a higher POD than ensemble-mean forecasts, and also a higher 

FAR. Since the ensemble mean leads to an undercounting of AR days, the ensemble-

mean FAR is smaller relative to the control. The rate of increasing FAR with lead time 

was also steeper for the control forecasts as compared to ensemble-mean forecasts 

through day 13.  The trend in FAR for ensemble-mean forecasts highlights a “jagged” 

pattern at 14 and 15 days lead time that reflects low sample sizes (n<20) and an impact 

on the FAR calculation. 

ii. Annual variability in skill 

Contrary to the variation of POD in each water year as a function of lead time, the 

ensemble-mean FAR displayed the most amount of variability between water years at 

longer lead times (Fig. 4.4a). Along with that variability, the majority of years showed an 

erratic FAR appearance for lead times in week 2. Compared to forecasts made at shorter 
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lead times, the ensemble-mean forecasts forecasted fewer AR days at longer lead times, 

and the number of forecasts differed for each lead time and for each water year. These 

differences strongly influence the FAR magnitude, justifying the erratic behavior with 

respect to changing lead time. For many years, the ensemble-mean forecasts did not 

forecast any AR days at lead times longer than two weeks, so there are sample-size data 

gaps. Water year 2003 (lime green) consistently contained a low FAR for the majority of 

the forecast period at lead times of two weeks and beyond.  

Looking closer into the week-2 FAR for each water year, 1997 and 2012 

contained the best skill with FAR not exceeding 0.53 for 7-, 10-, or 13-d forecasts (Fig. 

4.4b). Water year 2006 also contained high skill with 7- and 13-d FAR below 0.50, 

except had a higher FAR at 10 days. The overall worst skill occurred in water years 1998, 

2000, 2004, and 2008 when FAR exceeded 0.60 for each lead time. There was no 

apparent trend in 7-d FAR for the first half of the period, but appeared to be steadily 

decreasing over the second half. No annual trends are apparent for 10- and 13-d FAR. 

Thirteen out of the 20 water years illustrated above average FAR at 10 days lead time, 

with four years containing all false alarms at that lead time. Eleven out of the 20 water 

years displayed all false alarms at 13 days lead time. The poor skill at 13 days lead time 

is concentrated in the latter half of the period, indicating that the ensemble-mean forecast 

is not likely to improve forecasts of false alarms over time two weeks in advance. 

iii. Monthly variability in skill 

Similarly to each water year, the ensemble-mean FAR as a function of lead time 

in each month (Fig. 4.5a) also illustrates that the greatest variability occurred at lead 

times longer than one week. Large variability was found within the shorter lead times for 
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summer months in which not many AR days occurred or were forecasted. Many gaps in 

the monthly trends are apparent in the same way they were by water year. The abrupt end 

to the July and August (light blue and medium blue, respectively) trends in particular 

indicate that there were no AR days forecasted at lead times longer than one week for 

these months. For the majority of the forecast period, December forecasts (magenta) 

generally contained the smallest FAR. With a closer look into week-2 forecasts (Fig. 

4.5b), it is clear that December forecasts illustrated the best skill with respect to FAR for 

each specified lead time. January, March, and November also exhibited better skill 

overall than other months, so it is clear that there are fewer false alarms forecasted within 

the cold season. It is worth noting that despite the improvement in the cold season, 

February forecasts contained poor skill at the second half of week 2. 

 

c. Distribution of IVT magnitude error 

Recall that in order to determine the AR intensity-related forecast skill, the 

percent error in IVT magnitude was computed for forecasts of verified AR days (Table 

4.1). For every lead time, there was a strong tendency for the ensemble-mean forecasts to 

underestimate IVT magnitude (i.e., the majority of the distribution contains negative 

percent errors). This tendency becomes most apparent at long lead times, such as at 10 

days lead time where the strength of only 14 AR days (<2%) were overestimated. The 

amount of underestimation also increased with increasing lead time from between 30% 

below and 20% above at 1–3 days lead to between 60% and 90% below verification at 12 

days lead.  Under-forecasts of IVT magnitude are expected by the ensemble-mean 

forecasts, especially at long lead times due to the dispersion of amplitude of IVT 
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magnitude among ensemble members. Ensemble members that forecast low values of 

IVT magnitude thus reduce the value of the ensemble-mean forecast. Over-forecasts by 

the ensemble mean were rare, comprising 1,134 forecasts out of 11,472 (~10%) total AR 

day forecasts over all 16 forecast days (16 forecasts per AR day for 717 days); most 

occurred in week-1 forecasts. Not only were over-forecasts rare, especially for longer 

lead times, but accurate forecasts were as well. For lead times greater than 10 days, 

accurate forecasts of AR days with errors ±20% represented <5% of the 717 AR days for 

each lead time. 

The control forecasts also under-forecast IVT magnitude (Table 4.2). For shorter 

lead time forecasts, however, the control forecasts were more likely to provide an 

accurate forecast with IVT magnitudes within ±20% of verification. Forecasts at longer 

lead times were more likely to under-forecast (with a similar magnitude error as the 

ensemble-mean forecasts) with errors between −70% and −90%. The control forecasts 

over-forecasted IVT magnitudes more frequently than ensemble-mean forecasts at every 

lead time and comprised ~18% total AR forecasts over all 16 forecast days. Similar to the 

ensemble-mean forecasts, over-forecasts by the control forecasts were most common at 

short lead times. Accurate forecasts made from the control forecast were also more 

common than those made by the ensemble-mean forecast (even at long lead times). For 

example, accurate forecasts for leads times longer than one week with errors ±20% of 

verification made up 12–25% of the 726 AR days. 

 

d. Mean percent error in IVT magnitude as a function of lead time 

i. Aggregate skill 
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The mean percent error in IVT magnitude for ensemble-mean forecasts of 

ensemble-mean AR days at each lead time also illustrates a preference for under-

forecasting IVT magnitudes and magnitudes that increase with lead (Fig. 4.6; solid red). 

The mean percent error increased in magnitude steadily from −5% to −70% through 14 

days lead time. Mean percent error then remained constant at −70% for lead times 

beyond two weeks. The same trend is apparent for control forecasts of control AR days 

(solid blue), but the magnitudes of the errors are not as large. 

ii. Annual variability in skill 

Separating mean percent error in IVT magnitude as a function of lead time by 

water year for all AR days illustrates that error variability remains fairly consistent 

throughout the study period (Fig. 4.7a). Annual mean errors converged to ~70% below 

verification with small variation at the longest lead times >12 days. All years under-

forecasted IVT magnitude on average at every lead time except during water year 2008 

(medium blue), which over-forecasted by ~2% within 1–2 days lead time. For week-1 

forecasts, water years 2008 and 2015 (brown) contained the best skill in predicting IVT 

magnitude. Each water year, except for 2000 (orange), 2004 (medium green), and 2005 

(olive green), displayed high skill within week-1 forecasts where mean percent errors did 

not drop below −50%. For all lead times, water year 2008 forecasts contained the best 

overall skill, while 2004–2006 displayed the worst overall skill.  

The skill of ensemble-mean forecasts each year remained fairly constant, 

particularly at lead times near 13 days (Fig. 4.7b). With respect to the 7-, 10-, and 13-d 

forecasts in particular, forecasts for AR days in water years 2007, 2008, and 2012 

contained the lowest mean percent error in IVT magnitude overall. They were three of 
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four water years with 7-d mean error <−38% (the other being 2015). 2008 and 2012 were 

the only water years with 10-d mean error <−50% (2007 was close at −53%). With large 

mean errors in all three specified lead times, forecasts for AR days in water years 2004 

and 2005 contained the worst skill in week 2. Fig. 4.8 illustrates the mean percent error in 

IVT magnitude over time for 7-, 10-, and 13-d forecasts. Despite large interannual 

variability, each lead time displays slight improvement in IVT magnitude error over time. 

The 7-d forecasts illustrate the most amount of improvement over time, while the 13-d 

forecasts illustrate the lead amount.  

iii. Monthly variability in skill 

 With respect to individual months, Fig. 4.9a illustrates that the spread in mean 

percent error in IVT magnitude is smallest in the shortest and longest lead times and 

largest for lead times 7–10 days. The spread ranges from ~9% at one day lead time to 

21% at 7–8 days lead time. It is clear that the warm season months of July, August, and 

September (all blue) displayed the largest magnitude mean errors over most lead times. 

September forecasts did illustrate high skill in lead times 1–4 days, however. Although 

no month clearly performed best over the entire forecast period, the cold season months 

of November and December (light pink and magenta, respectively) displayed some of the 

smallest errors. The mean percent error distribution in week 2 in particular illustrates that 

no forecasts within an individual month showed an obvious superiority in skill (Fig. 

4.9b). Most months show similar distributions, except for the late summer months into 

early fall where errors at each lead time were greatest. 

 

 e. Error in IVT magnitude for AR days that were correctly forecasted 
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 i. Aggregate skill 

 The degree of IVT magnitude under-estimation was greatly reduced when only 

IVT magnitude forecasts that accurately predict the occurrence of an AR day were 

considered. The distributions of mean percent error in IVT magnitude by lead time for 

these control forecasts (Table 4.3) and ensemble-mean forecasts (Table 4.4) illustrate that 

no forecasts at any lead time displayed an error of −80% of the verified IVT magnitude. 

For any given lead time, there were no more than 12 forecasts with errors <−50% in 

either forecast dataset. Over half of all correctly forecasted AR days by the control 

forecasts at a particular lead time contained errors in IVT magnitude within ±30% of the 

verification value. Control forecasts for control AR days that ultimately verified were 

likely to overestimate IVT magnitude throughout the entire forecast period. With 

increasing lead time, the amount of overestimation generally increased, with mean 

percent error ranging from ~0% to ~15% at 16 days lead time (Fig. 4.6; dashed green). 

Fluctuations of mean percent error arose due to a different number of IVT magnitude 

forecasts within each lead time that affected the calculation of the mean percent error. At 

all lead times, control forecasts of just verified events illustrate better skill than all control 

forecasts irrespective of verification. 

 The distribution of mean percent error in IVT magnitude by lead time for accurate 

ensemble-mean forecasts (Table 4.4) illustrates that there were fewer ensemble-mean 

forecasts for ensemble-mean AR days than for the control forecasts. At lead times longer 

than one week this difference is more pronounced, where the number of forecasts 

significantly dropped to <10% of all AR days with increasing lead time. The significant 

underestimation in IVT magnitude (particularly at long lead times; Fig. 4.6) led to 
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reduced detection of AR days. Over-forecasts made by the ensemble-mean forecasts were 

less common than those made by the control forecasts and were concentrated at shorter 

lead times less than one week. Similar to the control forecasts, at least half of all correctly 

forecasted AR days by the ensemble-mean forecasts contained errors in IVT magnitude 

within ±30% of the verification value. Forecasts were skewed towards increasing 

magnitude of underestimation with increasing lead time. Mean percent error in IVT 

magnitude illustrates that the ensemble-mean forecasts under-forecasted IVT magnitudes 

with high skill from 1–6 days lead time, where error ranged from −1.8% to −7.5% (Fig. 

4.6; dashed purple). The large fluctuation of mean error between 13 and 16 days lead 

time can be attributed to <20 forecasts at each of the lead times skewing the calculation 

of the mean error. Throughout the entire forecast period, ensemble-mean forecasts of IVT 

magnitude ≥250 kg m−1 s−1 illustrated better skill than for all ensemble-mean forecasts for 

ensemble-mean AR days. 

 ii. Annual variability in skill 

During most individual water years, the ensemble-mean forecasts did not forecast 

any AR days at multiple long lead times exceeding seven days. The lack of data limits 

what can be inferred with regards to week-2 forecasts in particular, so a comparison of 

annual mean percent error in IVT magnitude for AR day forecasts as a function of lead 

time was made for the control forecasts. The trend in mean percent error with increasing 

lead time was highly variable for each water year with apparent random fluctuations (Fig. 

4.10a). The range in variability remained mostly contained between a large spread of 

mean percent errors of −20% and +40% for week-1 and week-2 lead times. Despite the 

spread, the majority of the annual percent errors from 0 to ~10 days lead time were 
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positive, indicating over-forecasts of IVT magnitude. Water years 2005 and 2006 (olive 

green and sky blue, respectively) stand out as containing negative errors (under-forecasts 

in IVT magnitude) for the majority of lead times. The extreme error of 110% at a lead 

time of 15 days for water year 2015 (brown) is a consequence of control forecasts of two 

AR days in total, strongly skewing the mean.  

Annual mean percent error displayed for 7-, 10-, and 13-d control forecasts 

illustrates randomness in skill of forecasting IVT magnitude for each lead time in week-2 

forecasts (Fig. 4.10b). Water year 2002 displayed the best skill with mean percent error 

~0 for each lead time, with water year 2000 in a close second. The tendency for the 

control member to over-forecast is apparent throughout the study period, except water 

year 2006 consistently under-forecasted during week 2. There does not appear to be an 

interannual pattern relating magnitude of error over time.  

iii. Monthly variability in skill 

 Random fluctuations in mean percent error in IVT magnitude were apparent for 

each month with increasing lead time as they were in each year (Fig. 4.11a). For lead 

times up to eight days, the spread in error across all months was smaller than the spread 

in years, within ±20%, except for large positive errors found in August (navy blue). The 

majority of the spread remained in positive mean percent errors, except May forecasts 

(lime green) consistently contained negative error during week 1. Within week 2, the 

control forecasts consistently over-forecasted IVT magnitude in May but with good skill 

with errors <10%. At all lead times longer than 7 days (except for the 10-d forecast), the 

control forecasts did not forecast any AR days in July (turquoise). In August, there were 

no AR days forecasted at 9-, 12-, 15-, and 16-d lead time. The monthly mean percent 
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error displayed for lead times of 7, 10, and 13 days in control forecasts of AR days also 

emphasizes the randomness in forecasting skill for IVT magnitude (Fig. 4.11b). Cold 

season months of November, December, and March illustrated the best monthly skill, 

with errors at the specified lead times within ±10%. Warm season months of June, July, 

August, and September all contained poor skill with large positive errors at one or two of 

the specified lead times, but small error at another lead time. An example of this occurred 

in June which had a mean error at 13 days lead time of 44%, but ~0% error at 7 and 10 

days lead time.  

 

 f. Limitations of the ensemble mean 

 The first section of this chapter explained that POD for AR days was consistently 

lower for ensemble-mean forecasts than for control forecasts at all lead times. The IVT 

magnitude forecasts from the individual GFSR members are averaged to form the 

ensemble mean. Forecasts of IVT magnitude from ensemble members smaller (higher) 

than forecasts made by the control lowers (raises) the relative magnitude of the ensemble-

mean forecasts. As such, ensemble members that forecast a significantly lower IVT 

magnitude than other members or the control forecast can reduce the ensemble-mean 

forecast to where it does not reach the threshold definition of an AR. An AR day can 

possibly go undetected if relying solely on the ensemble mean. The control forecasts 

were chosen for analysis in the previous section because of the ensemble mean not being 

able to forecast an AR day at many lead times. Results from multiple ensemble members 

are recommended to accurately detect ARs. Ensemble-mean forecasts also tend to highly 

underestimate IVT magnitude, even when an AR is detected. Any ensemble member that 
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makes a poor forecast of the IVT magnitude ultimately assists in poor forecasting from 

the ensemble mean. The process of averaging multiple forecasts also smooths out 

variability over the forecast period. Large changes in forecasts from one lead time to the 

next for one or more members may be underestimated or missed entirely. Finally, the 

process of averaging multiple forecasts ignores the uncertainty in potential outcomes, 

considerably at long lead times. A good or bad forecast for IVT magnitude may not only 

be reflected by the mean percent error compared to verification, but also by how spread 

apart the forecasts from each member are to one another.  
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 h. Chapter figures 

 

Fig. 4.1. POD (blue) and FAR (red) as a function of forecast lead time for control (solid) 

and ensemble-mean (dashed) forecasts of control and ensemble-mean AR days for water 

years 1997–2016.
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Fig. 4.2. POD of ensemble-mean forecasts of ensemble-mean AR days within each 

individual water year a) as a function of lead time and b) specifically for 7-d (blue), 10-d 

(red), and 13-d (green) lead times. 
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Fig. 4.3. As in Fig. 4.2, except by month. 
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Fig. 4.4. As in Fig. 4.2, except for FAR. 
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Fig. 4.5. As in Fig. 4.3, except for FAR. 
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Fig. 4.6. Mean percent error in IVT magnitude as a function of lead time for all (solid) 

control (red) and ensemble-mean (blue) forecasts of control and ensemble-mean AR 

days, and for correctly forecasted (dashed) control and ensemble-mean forecasts of 

control and ensemble-mean AR days.  
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Fig. 4.7. Mean percent error of ensemble-mean IVT magnitude forecasts for all 

ensemble-mean AR days within each individual water year a) as a function of lead time 

and b) specifically for 7-d (blue), 10-d (red), and 13-d (green) forecasts. 
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Fig. 4.8. Mean percent error of ensemble-mean IVT magnitude forecasts for 7-d (blue), 

10-d (red), and 13-d (green) lead times for all ensemble-mean AR days over each water 

year. 
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Fig. 4.9. As in Fig. 4.7, except by month. 
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Fig. 4.10. Mean percent error of control forecasts of IVT magnitude for control AR days 

in each water year a) as a function of lead time and b) specifically for 7-d (blue), 10-d 

(red), and 13-d (green) forecasts. 
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Fig. 4.11. As in Fig. 4.10, except by month. 
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CHAPTER 5 

5. Influence of the PNA on GFSR forecast skill 

This chapter focuses on atmospheric flow patterns described by the Pacific–North 

American (PNA) pattern and their potential influence on AR forecast skill. A description 

of the PNA and a discussion of the average PNA conditions for control AR days will be 

presented first. Discussion of the differences between PNA phase with respect to index 

values, 500-hPa geopotential height patterns, and IWV from initialization to verification 

for the 50 best and 50 worst control forecasts will follow. The differences between PNA 

index values for the ensemble-mean forecasts will also be noted. 

 

a. Background on the Pacific–North American pattern 

The PNA reflects a quadripole pattern of 500-hPa geopotential height anomalies 

over the North Pacific Ocean and North America (Fig. 5.1). Anomaly centers of one sign 

are located to the south of the Aleutian Islands and over the Southeastern U.S., whereas 

anomalies of the opposite sign are located over the subtropical Northeastern Pacific in the 

vicinity of Hawaii and over northwestern North America. The positive PNA phase is 

defined for above normal geopotential heights located near Hawaii and western North 

America (Wallace and Gutzler 1981), enhancing the East Asian jet stream and shifting it 

eastward. With this configuration, warm tropical air masses may be advected towards the 

U.S. West Coast and result in above average temperatures across western North America. 

The associated deep trough over the Southeastern U.S. leads to the advection of polar and 

arctic air masses into the south resulting in below average temperatures over this region. 

Pacific storms are forced into northwestern North America due to the anomalous ridge, so 
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above average precipitation may be found from the Gulf of Alaska extending southward 

towards the Pacific Northwest. The cold and dry air masses brought southward over the 

Southeast U.S. cut off the region from Gulf of Mexico moisture, leading to below 

average precipitation across the Eastern U.S. During the negative phase, above normal 

heights are instead found south of the Aleutian Islands and over the Southeastern U.S., 

causing a weakening and westward retraction of the East Asian jet stream. Blocking flow 

within the high latitudes over the Pacific Ocean and split flow over the central Pacific 

merging off of the West Coast are found with this configuration. Temperature and 

precipitation patterns are thus the reverse of the patterns observed during the positive 

phase. 

The anomalous ridge over western North America associated with the positive 

PNA phase implies a farther north storm track and fewer storms potentially affecting the 

U.S. West Coast, suggesting that ARs would be less likely to occur in the positive phase. 

Guan et al. (2013) found that 15 out of 20 AR days in the California Sierra Nevada region 

during the winter of 2010–11 occurred during the negative phase of the PNA. 

Furthermore, they found that ARs most frequently occurred during the negative phase of 

the PNA during 1998–2011. The study also highlighted that AR frequency increases by 

~50% when transitioning from the positive to negative PNA phase. 

 

b. PNA characteristics of verified AR days 

The PNA index on average contained positive–neutral values (e.g., 0.10 to 0.20) 

within the two weeks before and after an AR day (Fig. 5.2; green). No clear trend in the 

PNA was apparent on average leading up to an AR day. Nearly two-thirds (478 of 726) 
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of all the AR days during the 20-year period verified during the neutral PNA phase with 

index values between −0.75 and 0.75, and 283 of these 478 (59%) occurred when the 

index value was >0. The majority of AR days over North Coastal California thus 

occurred in association with less amplified 500-hPa flow patterns as they project onto the 

loading pattern of the PNA. 

Since the average of PNA indices resulted in neutral values, the variability of the 

strength of the PNA with respect to AR days is smoothed. AR days that occurred during a 

strong positive or strong negative phase will be explored further in order to determine if 

there may be different trends. Approximately 20% of the AR days during the 20-water 

year period occurred during the strong positive PNA phase with index values >0.75. The 

PNA index for these days on average increased from neutral values (0.18) two weeks 

before the AR day to a local maximum value of 1.14 at verification (red). From the AR 

day onwards two weeks, the average PNA index decreased back to near-neutral values. 

Despite being associated with a potentially unfavorable large-scale flow configuration, 1 

in 5 AR days occurred during the strongest relative positive PNA phase. The western 

North American 500-hPa ridge is highly amplified during this phase, but advection of 

low-level moisture may have undercut the ridge in order to flow towards California. The 

smallest proportion of AR days during the period (14%) occurred during the strong 

negative PNA phase with index values <−0.75. Two weeks before the AR day, the PNA 

index was near 0.00 on average. The pattern transitioned into the strong negative phase 

with index values <−0.75 ~3 days prior to the AR day, and then occurred during a local 

minimum index value of −1.20 before transitioning back to neutral (blue). These results 

illustrate that ~14% of AR days during the period occurred during the strongest relative 
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negative phase where flow is oriented southeastward towards the West Coast due to a 

strong western North American trough. Despite prior research suggesting that the 

negative PNA is more favorable for ARs along the West Coast, the flow of cold and dry 

air from the polar region along the trough may prevent the development of ARs. The 

Guan et al. (2013) study was performed for the California Sierra Nevada region, so there 

also may be regional sensitivity to AR landfall with respect to the PNA phase. 

 

c. PNA index and forecast skill 

The average PNA index from 10 days before to 10 days after the verification 

dates for the 50 best and 50 worst control 10-d forecasts is illustrated in Fig. 5.3. Out of 

the selected best forecasts, 31 (62%) of the forecasted AR days verified during the 

positive PNA phase; 17 occurred during a strong positive phase (PNA index >0.75). Out 

of the remaining 19 forecasts in the sample, five verified during a strong negative phase 

(PNA index <−0.75). Due to 28 out of the 50 (56%) best forecasts verifying during a 

weakly positive or negative (i.e., neutral) PNA phase and few during a strong negative 

phase, the average PNA index was weakly positive at verification (similar to the average 

of all 726 verified AR days in Fig. 5.2). The trend in the average PNA index during the 

10 days before and after verification also has a similar appearance to the trend for all 

verified AR days. Index values fluctuated between 0.14 and 0.31 throughout the period 

with no clear trend. Out of the 50 worst forecasts, 34 (68%) verified during the positive 

phase; 20 occurred during a strong positive phase and 14 occurred during a weak positive 

phase. Out of the 16 remaining, five occurred during a strong negative phase and 11 

occurred during a weak negative phase.  
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The average PNA index was weakly positive at verification similar to the best 

forecasts, but the worst forecasts illustrate a more obvious trend of the average PNA 

index. At 10 days prior to verification (i.e., initialization), the PNA index value was 

~0.00 and increased to a local maximum value of 0.34 at verification. A two-tailed 

Student’s t-test was performed using the average daily PNA index values from the two 

forecast samples at each day from initialization to 10 days after verification at the 0.05 

confidence level to determine if there was a significant difference between the indices on 

any given day. Despite the difference in the average PNA index value between the best 

and worst forecasts at initialization, the difference is not statistically significant. The 

difference in the PNA index is also not statistically significant at verification. These 

results signify that on average, there is no significant difference in PNA index values 

between the best and worst forecasts at initialization or verification. Another two-tailed t-

test was performed using the average daily PNA index value at initialization and at 

verification for each forecast sample individually to determine if there was a significant 

difference in the change of the PNA index over time at the same confidence level. The 

worst forecasts display statistical significance in the increase (i.e., time rate of change) of 

the PNA index from initialization to verification. 

Although the time series of average indices may not show statistically significant 

differences in PNA values, other conclusions can be made regarding intensities of the 

PNA for each forecast subset. At initialization, the PNA was in a neutral phase with an 

index value between ±0.75 for 34 of the best forecasts and in a strong positive phase 

(index value >0.75) for 10 of the best forecasts (Table 5.1). The number of days in the 

neutral phase reduced to 28 and the number in the strong positive phase increased to 17 at 
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verification. Despite a few more of the AR days verifying in the strong positive PNA 

phase than at initialization, >50% still verified in the neutral phase, illustrating a small 

change in magnitude over time. For the worst forecasts, 35 were initialized when the 

PNA was neutral, and seven when the PNA was in the strong positive phase, nearly the 

same as the best forecasts. There was a large increase in the number of worst forecasts 

verifying during the strong positive PNA to a total of 20, while there was a large 

reduction verifying in a neutral phase to a total of 25. The most notable difference 

between the forecast subsets is that the worst forecasts tend to verify in the positive phase 

of the PNA at larger indices, while the best forecasts verify closer to neutral. These 

results imply that false alarms tend to occur in association with the development of an 

amplified 500-hPa ridge over western North America, where storms are possibly forced 

farther north away from California. The best-forecasted AR days tend to occur in less 

amplified mid-tropospheric flow, but still with the appearance of a weak ridge over 

western North America with respect to a weak PNA pattern. 

The average PNA index from initialization to verification and beyond for the best 

and worst 10-d forecasts made by ensemble-mean forecasts illustrate similar trends as 

those by the control forecasts (Fig. 5.4). The main difference is that the worst ensemble-

mean forecasts verified during a slightly stronger positive PNA phase with an index value 

of 0.48 on average and the best ensemble-mean forecasts verified during a slightly 

weaker positive phase with an average index value of ~0.10. Unlike for the control 

forecasts, the difference between these index values is statistically significant, meaning 

that the worst forecasts typically verify at a stronger positive PNA phase than the best 

ensemble-mean forecasts. 
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d. Composite analysis and forecast skill 

In this section, composite analyses of 500-hPa geopotential heights and IWV 

associated with the best and worst control forecasts from initialization to verification are 

discussed to further relate large-scale atmospheric features to forecast skill. The 

composite analysis of 500-hPa geopotential heights and anomalies with respect to 

climatology for the 50 worst forecasts at a lag of −240 h (i.e., at initialization) illustrates a 

broad ridge extending across the eastern North Pacific towards the West Coast (Fig. 

5.5a). Geopotential height anomalies >3–5 dam are focused over the Gulf of Alaska 

along and west of the ridge axis. A broad region of 1–3 dam below-normal geopotential 

heights extends southwestward from the downstream trough axis over the Hudson Bay to 

California. A weakly positive PNA pattern may be implied by this mid-tropospheric flow 

pattern associated with an anomalous ridge and trough over North America. The trough 

and ridge couplet further amplify and the ridge axis propagates closer to the West Coast 

over the 10 days toward verification. The composite analysis for the worst forecasts at 

verification illustrates an amplified and highly anomalous ridge centered over the Pacific 

Northwest with geopotential height anomalies >9 dam (Fig. 5.5b). The trough over the 

Eastern U.S. and Canada digs deeper into the Southeast U.S. with geopotential height 

anomalies >3 dam below normal over the region. The composite analysis at verification 

suggests that false alarms over Northern California occur in association with an 

anomalous ridge along the West Coast. Due to the large amplitude, moist air advected 

from the tropics likely makes landfall at higher latitudes, leading to a potential 

forecasting error in the location of moisture flux and AR landfall.  
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The composite analysis of IWV and anomalies for the worst forecasts illustrates 

locations of moist air and suggests corridors of water vapor transport when combined 

with the aforementioned 500-hPa flow. At initialization, a long and wide region of IWV 

values >20 mm extends from the tropical western North Pacific to the Pacific Northwest 

U.S. (Fig. 5.6a). This wide corridor of moisture appears to follow the flow around the 

mid-tropospheric ridge over the eastern Pacific (c.f., Figs 5.5a and 5.6a). A narrow 

portion of the corridor from 140°E to north of Hawaii contains IWV anomalies >3–5 mm 

but the moisture content closer to the coast appears to be closer to normal. As the ridge 

intensifies over time (Fig. 5.5), the eastern end of the IWV maximum propagates 

northward along the coast. When the worst forecasts evolve, the IWV corridor narrows 

and approaches the coast of British Columbia, following the amplified flow around the 

strengthening mid-level ridge (Figs. 5.5b and 5.6b). At verification, the moisture content 

approaching the coast contains IWV anomalies of 3–5 mm and the structure of the 

corridor is suggestive of a landfalling AR near Vancouver.  

The composite analysis of 500-hPa geopotential heights and anomalies for the 50 

best forecasts at initialization illustrates a split flow pattern over the eastern North Pacific 

(Fig. 5.7a). A broad ridge extends from the Gulf of Alaska towards the Hudson Bay, 

similar to the worst forecasts, but geopotential height anomalies >3 dam are contained 

within higher latitudes. Geopotential heights are 1–5 dam below normal along and off the 

coast of California leading to a weak trough over the southern half of the U.S. West 

Coast. Reduction of the amplitude of the ridge occurs due to height falls over the days 

following initialization (not shown). The composite analysis for the best forecasts at 

verification illustrates a large region of geopotential height anomalies >9 dam below 
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normal extending from the Pacific Northwest towards the Gulf of Alaska (Fig. 5.7b). The 

decreases in geopotential height lead to weak cyclonic mid-tropospheric flow on average 

along the U.S. West Coast at verification for the best forecasts. The composite analysis at 

verification suggests that the best-forecasted AR days over Northern California tend to 

occur in association with less ridged mid-tropospheric flow. In this situation, tropical 

moisture may be advected directly towards the U.S. coast. 

The composite analysis of IWV and anomalies for the best forecasts illustrates 

locations of moist air and suggests corridors of water vapor transport when combined 

with the 500-hPa flow discussed above that differs from those of the worst forecasts. At 

initialization, a long and wide region of IWV values >20 mm extends from near Hawaii 

to off of the Pacific Northwest coast, similarly to the worst forecasts at initialization (Fig. 

5.8a). The northern portion of this wide corridor of moisture appears to follow the flow 

around the mid-tropospheric ridge, similar to the worst forecasts (c.f., figs 5.6a and 5.8a). 

The IWV values over the eastern half of the Pacific basin are generally normal to 3 mm 

above normal. As time progresses, this moisture corridor propagates southward, narrows, 

and makes landfall directly over Northern California suggestive of a landfalling AR at 

verification (Fig. 5.8b). The southward propagation can be attributed to the mid-

tropospheric decreases in geopotential height associated with the weakening western 

North American ridge. The moisture content off the coast of California is highly 

anomalous by this time with IWV values >9 mm above normal. 

 

e. Summary 
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The purpose of this chapter was to discuss the potential influence of the large-

scale atmospheric patterns associated with the PNA on AR forecast skill. The trend of the 

average daily PNA index values leading up to all control AR days was examined first to 

determine average conditions ARs occur in association with. On average, the PNA was 

weakly positive before, during, and after an AR day with no clear trend over time. Nearly 

two-thirds of all the AR days during the 20-water year period occurred during a weak 

PNA phase, and most verified when the phase was weakly positive. The majority of AR 

days thus likely occurred in association with weakly amplified mid-tropospheric flow 

with respect to the PNA. 

The trend of the average daily PNA index values was then examined between 

initialization and verification of the defined 50 best and 50 worst 10-d forecasts. On 

average, the PNA index for the best forecasts fluctuated between weakly positive values 

over time with no clear trend like for all of the AR days. More than half of the best 

forecasts verified during a neutral PNA phase. Even though half of the worst forecasts 

also verified during the neutral phase, the average PNA index increased significantly in 

intensity from initialization to verification. The worst forecasts on average verified during 

a stronger positive PNA phase than the best forecasts. Physically these results imply that 

false alarm days likely verify in association with a more amplified mid-tropospheric ridge 

over western North America and the best-forecasted AR days verify in association with 

less amplified mid-tropospheric flow. 

The composite analyses of 500-hPa geopotential height and IWV serve as a visual 

complement of how large-scale flow associated with the PNA may influence forecast 

skill. The composite analysis for the worst forecasts suggests that ARs are likely to make 
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landfall farther north along the coast into British Columbia in association with a 

strengthening anomalous western North American ridge. A forecast error in the precise 

location of moisture flux due to a strong ridge is likely to be the major factor for false 

alarms of ARs over Northern California. False alarms do not appear to be related to 

timing of the forecast, as the AR on average does not propagate southward towards 

California soon after verification (not shown). In contrast, the composite analysis for the 

best forecasts illustrates that ARs are likely to propagate southward and make landfall 

over the Northern California coast due to a weakening of the amplified ridge. In this 

situation, flow is less amplified and more zonal so forecasting the precise location of 

moisture flux is more accurate. 
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 f. Chapter table 

 

Table 5.1. Distribution of the PNA phase for the best forecasts and the worst forecasts by 

the control at initialization, five days before verification, and at verification. The positive 

PNA is represented by PNA index values >0.75, the negative PNA is represented by 

PNA index values <−0.75, and the neutral PNA includes all index values in between. 

 

 

 
 

Initialization 

(Day −10) 
Day −5 

Verification 

(Day 0) 

BEST 

FORECASTS 

Positive PNA 10 13 17 

Neutral PNA 34 31 28 

Negative PNA 6 6 5 

WORST 

FORECASTS 

Positive PNA 7 8 20 

Neutral PNA 35 36 25 

Negative PNA 8 6 5 
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g. Chapter figures 

 
Fig. 5.1. Composite maps of the loading pattern of the positive phase of the Pacific North 

American pattern: a) 500-hPa geopotential height anomalies b) surface temperature 

anomalies. Reds and yellows indicate positive normalized anomalies and blues indicate 

negative normalized anomalies based on climatological means within the region 20°N–

90°N from 1950–2000. Image provided by ESRL/PSD. 
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Fig. 5.2. Average daily PNA index value as a function of the number of days before or 

after control AR days. The green line refers to all 726 AR days, the red line refers to the 

146 AR days that verified in the strong positive PNA phase (index values >0.75), and the 

blue line refers to the 102 AR days that verified in the strong negative PNA phase (index 

values <−0.75). 
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Fig. 5.3. Average daily PNA index value as a function of the number of days before or 

after verification for the 50 best control forecasts (blue) and the 50 worst control forecasts 

(red) in water years 1997–2016. 
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Fig. 5.4. As in Fig. 5.3, except for ensemble-mean forecasts. 
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Fig. 5.5. Composite analysis of 500-hPa geopotential heights (dam; contoured every 6 

dam) and anomalies from climatology (dam; shaded every 2 dam starting at ±1 dam) for 

the 50 worst control forecasts a) at a lag of −240 hours (initialization) and b) at a lag of 0 

hours (verification). 
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Fig. 5.6. Composite analysis of integrated water vapor (mm; contoured every 4 mm 

starting at 16 mm) and anomalies from climatology (mm; shaded every 2 mm starting at 

±1 mm) for the 50 worst control forecasts a) at a lag of −240 hours (initialization) and b) 

at a lag of 0 hours (verification). 
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Fig. 5.7. As in Fig. 5.5, except for the 50 best control forecasts. 
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Fig. 5.8. As in Fig. 5.6, except for the 50 best control forecasts. 
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CHAPTER 6 

6. Influence of the EPO on GFSR forecast skill 

This chapter focuses on atmospheric flow patterns described by the Eastern 

Pacific Oscillation (EPO) and their potential influence on AR forecast skill. A description 

of the EPO and a discussion of the average EPO conditions for control AR days will be 

presented first. Discussion of the differences between EPO phase with respect to index 

values, 250-hPa geopotential height patterns, and 250-hPa wind speed anomalies from 

initialization to verification for the 50 best and 50 worst control forecasts will follow. The 

differences between EPO index values for the ensemble-mean forecasts will also be 

noted. 

 

 a. Background on the Eastern Pacific Oscillation 

The EPO reflects a dipole pattern of 500-hPa geopotential height anomalies over 

the Northeastern Pacific. A strong subtropical ridge over the eastern North Pacific Ocean 

in the vicinity of Hawaii and a deep trough to its north over the Gulf of Alaska define the 

positive phase (Fig. 6.1). Located between these geopotential height anomalies exists a 

strong zonally oriented North Pacific jet stream that suggests southwesterly transport of 

moist tropical air towards the North American West Coast. This air ascends the western 

slopes of the Rocky Mountains, and as a result of the warming downslope flow, above 

average temperatures for most of eastern North America accompanies the positive phase. 

The persistent trough over the Gulf of Alaska favors persistent cold and dry air over 

Alaska and below average temperatures. The large-scale flow pattern represented by the 

positive EPO phase can lead to significant precipitation over western North America, but 
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due to inland downslope flow, central and eastern North America would likely be dry. 

The negative phase of the EPO is associated with an anomalous ridge over the Gulf of 

Alaska and a trough to its south proximal to Hawaii. Warmer than average temperatures 

are likely over Alaska due to inferred transport of subtropical air into the region along the 

west side of the ridge. Downstream of this ridge, cold and dry Canadian air is transported 

into eastern North America, resulting in below average temperatures. The negative phase 

of the EPO does not suggest strong transport of moist tropical flow towards the U.S. 

West Coast. Therefore, ARs are more likely to occur during the positive phase of the 

EPO. 

 

b. EPO characteristics of verified AR days 

The EPO remained on average in a weakly negative phase from two weeks before 

to approximately five days before AR days (Fig. 6.2; green). The average EPO index 

values then transitioned into the weak positive phase and increased in intensity to an 

index value of ~50 on the AR day. After the AR day, the EPO index values decreased 

and remained positive. Unlike with the PNA, the AR days during the 20-water year 

period typically did not occur during a neutral EPO phase. Compared to the 478 (66%) 

AR days during the neutral PNA phase, only 176 (24%) verified during the neutral EPO 

phase with index values between −50 and 50. There is a clear preference for AR days to 

occur during an amplified EPO pattern. 

The majority of AR days occurring during a strong EPO phase motivates further 

discussion. Approximately half (55%; 397 of 726) of the AR days occurred during the 

strong positive EPO phase (index values >50) in association with a zonally extended 
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North Pacific jet and suggested transport of moist tropical air toward the U.S. West 

Coast. These events occur in association with an EPO index that increases from near zero 

two weeks before the AR day to a strongly positive phase with index values >100 on the 

AR day and a subsequent decrease thereafter (red; Fig. 6.2). The AR days are therefore 

likely to occur in association with amplifying mid-tropospheric flow patterns as they 

project onto the loading pattern of the positive phase of the EPO. In this situation, the 

intensity of the North Pacific jet strengthens and increases associated moisture transport 

toward the U.S. West Coast. For the 153 (21%) AR days that occurred during the strong 

negative EPO phase, the index transitioned from neutral to strongly negative six days 

before (blue; Fig. 6.2). The negative index values gradually increased in magnitude to a 

local maximum value of −127 the day before the AR day, then transitioned back into the 

neutral phase thereafter. During a strongly negative EPO phase, the North Pacific jet 

retracts and the transport of moist air to the U.S. West Coast is reduced. Thus, if an AR 

does occur, it may have occurred in association with a strong southern stream of flow 

from the anomalous trough over Hawaii. 

 

c. EPO index and forecast skill 

The time-lagged trend in average EPO index for the best and worst 10-d control 

member forecasts from 10 days prior to verification (i.e., initialization) to 10 days after 

verification is illustrated in Fig. 6.3. Thirty-six of the 50 best forecasts (72%) verified 

during the positive EPO (EPO index >0) and 32 of these verified during the strong 

positive phase (EPO index >50). On average the best 10-d forecasts were initialized 

during a strong negative EPO phase (EPO index <−50) with an index value approaching 
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−60 that transitioned into the strong positive phase ~2 days before verification with a 

maximum index value of ~75 at verification. The worst 10-d forecasts verified during all 

EPO phases but no preferred phase was suggested. Twenty-two of these bad forecasts 

verified during the strong negative phase and 16 verified in the strong positive phase. On 

average the worst 10-d forecasts were initialized during a weak negative EPO phase with 

an index value approaching −18, then the EPO further strengthened in the negative phase 

with an index value of −40 at verification, then weakened thereafter. From three days 

before verification to three days after, the difference in the average EPO index values 

between the best and worst forecasts is statistically significant at the 0.05 confidence 

level, whereas the differences at initialization are not statistically significant. The best 

forecasts display statistical significance in the increase of the average EPO index from 

initialization to verification. For AR forecasts made by the control, the best-forecasted 

AR days occur in association with a transition of the EPO from a highly amplified 

negative phase into a highly amplified positive phase.  

The differences between EPO phases for the best and worst forecasts can also be 

illustrated by examining the trends of EPO index values. There is a clear preference for 

the best forecasts to be initialized during a strong negative EPO phase; 30 of 50 (60%) 

were initialized with an EPO index value <–50 (Table 6.1). At verification, 32 of 50 

(64%) of the best forecasts occurred during the strong EPO phase and six of 50 (12%) 

occurred during the strong negative phase. Alternatively, a mix of 22 of 50 (44%) worst 

forecasts were initialized during the strong positive phase and 18 of 50 (36%) were 

initialized during the strong negative phase. There was an almost even split in EPO 

phases for the worst forecasts at verification with 22 of 50 (44%) that occurred during the 
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strong negative phase. These results further illustrate that the majority of the best-

forecasted AR days occur in association with an apparent change in EPO phase from a 

strong negative to a strong positive. False alarm days occur in association with less 

apparent changes in EPO phase over time. False alarms tend to occur during a constant 

negative EPO phase. 

The average EPO index from initialization to 10 days after verification for the 

best ensemble-mean forecasts illustrates a similar trend to the control forecasts; however, 

the worst ensemble-mean forecasts illustrate a different trend (Fig. 6.4). The best 

forecasts were initialized during a strong negative EPO phase and verified during a strong 

positive phase, but at larger magnitudes (index values of –68 and 118, respectively). The 

worst ensemble-mean forecasts were initialized during a weak negative phase with an 

average index value of –31. The EPO transitioned into the strong positive phase and 

reached a local maximum average index value of 91 at verification. The same trend in the 

EPO is apparent for both forecast subsets, but the best forecasts experience a larger 

transition in phase and verify during a stronger positive phase. At no point during the 

time series are the differences in EPO index between the best and worst forecasts 

statistically significant at the 0.05 confidence level. However, the large increase in EPO 

index from negative to positive between initialization and verification is statistically 

significant for both forecast subsets.  

In this case, false alarms days also occur in association with an EPO transitioning 

from a strong negative phase into a strong positive phase. Splitting the forecasts into 

ranges of EPO amplitudes at initialization and verification is able to better illustrate the 

contrasts between the forecast subsets. In both subsets, approximately half of the 
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forecasts (24 for the worst forecasts and 27 for the best forecasts) were initialized during 

the strong negative phase and the other half split between the strong positive phase and 

neutral (Table 6.2). The best forecasts displayed a clear preference to verify during a 

strong positive EPO phase, where 37 forecasts verified at an EPO index value >50. There 

was a preference for the worst forecasts to verify during the strong positive phase as well 

with 29. However, a larger proportion of the 50 worst forecasts verified during the neutral 

phase as compared to the 50 best forecasts (32% for the worst and 18% for the best 

forecasts). For the ensemble mean, the best-forecasted AR days typically verify in a 

stronger positive EPO regime than false alarm days, but factors other than the EPO may 

contribute more significantly to the contrasts in forecast skill. 

 

d. Composite analysis and forecast skill 

In this section, composite analyses of 250-hPa geopotential heights, isotachs, and 

wind speed anomalies associated with the 50 best and 50 worst control forecasts from 

initialization to verification are discussed to further relate large-scale flow patterns 

characterized by the EPO to aforementioned forecast skill. The composite analysis of 

250-hPa geopotential heights and isotachs for the worst forecasts at a lag of −240 h (i.e., 

at initialization) in Fig. 6.5a further illustrates the broad anomalous ridge over the eastern 

North Pacific that was discussed in Chapter 5. Upper-tropospheric flow over California is 

weak with average speeds <25 m s−1 located in between two jet streaks. The eastern end 

of the North Pacific jet extends over the Northeast Pacific and contains wind speeds >25 

m s−1 near Northern California. 
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The composite analysis of anomalies of the u-component of the 250-hPa wind 

speeds with respect to climatology for the worst forecasts at initialization illustrates a 

large region of positive anomalies over the northern half of the U.S. (Fig. 6.5b). Most of 

this region collocates with the jet streak over the majority of the U.S. and it extends into 

California from the influence of the extended North Pacific jet (cf. Figs. 6.5b and 6.5a). 

The anomaly of the v-component of the wind at initialization of the worst forecasts is 

shown in Fig. 6.5c. Northern California is located within the more zonal flow to the east 

of the aforementioned ridge axis, so the v-component of wind speed is on average close 

to normal or slightly northerly at initialization. The worst-forecasted false alarm days in 

the study period on average were initialized in association with slightly above normal 

zonal wind speeds in proximity to an extension of the North Pacific jet. 

The composite analysis of 250-hPa geopotential heights and isotachs for the worst 

forecasts at verification suggests that the North Pacific jet retracts (Fig. 6.6a). Average 

wind speeds of 25–30 m s−1 associated with this jet reach only as far east as 145°W. 

Upper-tropospheric flow over California therefore remains weak at verification. To the 

north over western Canada, a jet streak of 35–40 m s−1 develops downstream of the 

western North American ridge as it amplifies. 

The composite analysis of anomalies of the u-component of the 250-hPa wind 

speeds for the worst forecasts at verification illustrates a dipole of wind speed anomalies 

focused over the North American West Coast (Fig. 6.6b). Strong negative wind speed 

anomalies extend from the Northeastern Pacific into California in response to the 

retracting North Pacific jet. In association with the more amplified ridge, there is also a 

significant dipole of v-component wind speed anomalies for the worst forecasts at 
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verification (Fig. 6.6c). Northern California is located along the ridge axis, so the v-

component of wind speed remains close to normal at verification. The worst-forecasted 

false alarm days on average were verified in association with a retracting North Pacific 

jet in which westerly wind speeds across California were significantly below normal.  

The composite analysis of 250-hPa geopotential heights and isotachs for the best 

forecasts at initialization in Fig. 6.7a further illustrates the split pattern of geopotential 

heights over the eastern North Pacific that was discussed in chapter 5. Similar to the 

worst forecasts at initialization, the upper-tropospheric flow over California is typically 

weak with wind speeds <25 m s−1 in between two jets. However, the approaching North 

Pacific jet remains contained over the western North Pacific extending towards 150°W on 

average. 

The composite analysis of the anomaly of the u-component of the 250-hPa wind 

reveals an anomalous dipole over the U.S. West Coast at initialization for the best 

forecasts (Fig. 6.7b). Northern California is located partially within a large region of 

negative anomalies extending from the Pacific Northwest through interior Canada in 

association with the retraction of the North Pacific jet. The anomaly of the v-component 

of the wind at initialization is shown in Fig. 6.7c. Due to the less amplified flow 

compared to the worst forecasts, the southerly component of wind speed is close to 

normal to slightly above normal on the day these forecasts are initialized. The best-

forecasted AR days in the study period on average were initialized during a period of 

climatologically average to below-average upper-tropospheric wind speeds when the 

North Pacific jet was retracted towards the western North Pacific. 
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The composite of 250-hPa geopotential heights and isotachs for the best forecasts 

at verification suggests that the North Pacific jet extends eastward towards the U.S. West 

Coast (Fig. 6.8a). Average wind speeds of 30–35 m s−1 within the jet reach as far east as 

the interior Western U.S. and wind speeds up to 40 m s−1 extend over the Northeastern 

Pacific. The strongest winds remain over the Western Pacific off the coast of Asia. 

The composite analysis of the anomaly of the u-component of the 250-hPa wind 

speeds for the best forecasts at verification reveals a large area of positive anomalies 

extending eastward from the central North Pacific through California to the north-central 

U.S. in association with the extended North Pacific jet (Fig. 6.8b). The composite 

analysis of the anomaly of v-component of the 250-hPa wind speeds for the best forecasts 

at verification illustrates an area of positive anomalies over the Pacific Northwest 

extending over Northern California (Fig. 6.8c). This region collocates with a developing 

ridge in response to mid-tropospheric decreases in geopotential height as discussed in 

chapter 5, suggesting strong southerly flow of moist, tropical air. The best-forecasted AR 

days on average verified in association with climatologically above normal southwesterly 

upper-tropospheric wind speeds in response to an extended North Pacific jet. 

 

e. Summary 

The purpose of this chapter was to discuss the potential influence of large-scale 

flow patterns characterized by the EPO on AR forecast skill. The trend of the average 

daily EPO index values leading up to all control AR days was examined in order to 

identify which flow patterns tended to precede and occur coincident with landfalling 

ARs. For more than half of the AR days during the period, the EPO index values were on 
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average neutral (±50) until a few days before an AR day and then verified during a strong 

positive phase (index value >100). This result suggests that the majority of AR days 

likely occurred in association with a transition of the EPO that reflects the development 

of a dipole of anomalous geopotential heights and an eastward extension of the North 

Pacific jet and enhanced transport of water vapor toward the U.S. West Coast.  

The trend of the average daily EPO index values between initialization and 

verification revealed that the best forecasts were initialized during flow patterns 

characterized by strongly negative EPO index values and verified during flow patterns 

characterized by a strongly positive EPO index value. A very small proportion of the best 

forecasts verified during flow patterns characterized by a negative EPO. Results for the 

worst forecasts differ between the control forecasts and the ensemble-mean forecasts. The 

worst forecasts made by the control forecasts were initialized during flow patterns 

characterized by a weak negative EPO and subsequently verified during flow patterns 

characterized by a slightly stronger negative EPO. Alternatively, the worst forecasts 

made by the ensemble-mean forecasts illustrated the same trend as the best forecasts, 

where they were initialized during flow patterns characterized by a strong negative EPO 

and also verified during flow patterns characterized by a strong positive EPO. Physically 

the results from the control forecasts imply that the best-forecasted AR days likely verify 

in association with an extended North Pacific jet associated with a dipole of geopotential 

height anomalies that project favorably onto the positive phase of the EPO. In contrast, 

the worst-forecasted false alarm days likely verify in association with a retracted North 

Pacific jet associated with a dipole of geopotential height anomalies that project onto the 

negative phase of the EPO. 
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The composite analyses of 250-hPa geopotential height, isotachs, and wind speed 

anomalies visually complement the discussion of how the large-scale flow characterized 

by the EPO influences forecast skill. The composite analysis for the worst forecasts 

suggest that false alarms are likely to occur when upper-tropospheric wind speeds across 

California are strongly below normal at verification. The North Pacific jet slightly 

retracts following initialization, and a jet streak develops along the Canadian west coast 

in association with an amplifying ridge. These results validate those discussed in Chapter 

5 in which false alarms over Northern California occur because ARs make landfall 

farther north along the coast into British Columbia within the strongest amplified flow. 

The composite analysis for the best forecasts illustrate that ARs are likely to occur when 

upper-tropospheric wind speeds across California are strongly above normal. The North 

Pacific jet extends eastward and Northern California experiences strong southwesterly 

winds. Large magnitudes of IVT are likely to make landfall along the Northern California 

coast in association with this upper-tropospheric flow and the IWV as discussed in 

Chapter 5. 
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f. Chapter tables 

 

Table 6.1. Distribution of the EPO phase for the best forecasts and the worst forecasts by 

the control at initialization, five days before verification, and at verification. The positive 

EPO is represented by EPO index values >50, the negative EPO is represented by EPO 

index values <−50, and the neutral EPO includes all index values in between. 

 

 

  
Initialization 

(Day −10) 
Day −5 

Verification 

(Day 0) 

BEST 

FORECASTS 

Positive EPO 14 15 32 

Neutral EPO 6 19 12 

Negative EPO 30 16 6 

WORST 

FORECASTS 

Positive EPO 22 13 16 

Neutral EPO 10 15 12 

Negative EPO 18 22 22 
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Table 6.2. As in Table 6.1, except for the ensemble mean. 

 

 

  

 
 

Initialization 

(Day −10) 
Day −5 

Verification 

(Day 0) 

BEST 

FORECASTS 

Positive EPO 12 20 37 

Neutral EPO 11 12 9 

Negative EPO 27 18 4 

WORST 

FORECASTS 

Positive EPO 14 19 29 

Neutral EPO 12 15 16 

Negative EPO 24 16 5 
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g. Chapter figures 

 
 

Fig. 6.1. Composite maps of the loading pattern of the positive phase of the Eastern 

Pacific Oscillation: a) 500-hPa geopotential height anomalies b) surface temperature 

anomalies. Reds and yellows indicate positive normalized anomalies and blues indicate 

negative normalized anomalies based on climatological means within the region 20°N–

90°N from 1950–2000. Image provided by ESRL/PSD. 
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Fig. 6.2. Average daily EPO index value as a function of the number of days before or 

after a control AR day. The green line refers to all 726 AR days, the red line refers to the 

397 AR days that verified in the strong positive EPO phase (index values >50), and the 

blue line refers to the 153 AR days that verified in the strong negative EPO phase (index 

values <−50).  
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Fig. 6.3. Average daily EPO index value as a function of the number of days before or 

after verification for the 50 best control forecasts (blue) and the 50 worst control forecasts 

(red) in water years 1997–2016. 
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Fig. 6.4. As in Fig. 6.3, except for ensemble-mean forecasts. 
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Fig. 6.5. Composite analysis of a) 250-hPa geopotential heights (dam; contoured every 12 

dam) and isotachs (m s−1; shaded every 5 m s−1 starting at 25 m s−1), b) 250-hPa 

geopotential heights as in (a) and anomalies of the u-component of wind speed from 

climatology (m s−1; shaded every 2 m s−1 starting at ±1 m s−1), and c) as in (b) except for 

anomalies of the v-component of wind speed for the 50 worst control forecasts at a lag of 

−240 hours (i.e., initialization). 

  



101 

 

 
Fig. 6.6. As in Fig. 6.5, except at a lag of 0 hours (i.e., verification). 
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Fig. 6.7. As in Fig. 6.5, except for the 50 best control forecasts at initialization. 
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Fig. 6.8. As in Fig. 6.6, except for the 50 best control forecasts at verification. 
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CHAPTER 7 

7. Influence of the MJO on GFSR forecast skill 

This chapter focuses on locations of enhanced tropical convection described by 

the Madden–Julian Oscillation (MJO) and their potential influence on AR forecast skill. 

A description of the MJO and a discussion of the most frequent MJO phases for verified 

AR days will be presented first. Discussion of the differences between MJO phase from 

initialization to verification for the 50 best and 50 worst forecasts made by the control 

forecasts and ensemble-mean forecasts will follow. 

 

 a. Background on the Madden–Julian Oscillation 

 Unlike the quasi-stationary PNA and EPO patterns discussed in Chapters 5 and 6, 

the MJO is a pattern that traverses the tropics on intraseasonal time scales (Madden and 

Julian 1971). The pattern is characterized by a dipole of enhanced and suppressed tropical 

convection propagating eastward along the equator (Gottschalck 2018). The Real-time 

Multivariate MJO (RMM) index (Wheeler and Hendon 2004) contains phases that range 

from 1 to 8 and is determined by the relative geographic location of parameters 

associated with enhanced convection; phase 1 is defined between the tropical Atlantic 

and the Indian Ocean (Fig. 7.1). The MJO cycle completes in 30–60 days and is the main 

source of intraseasonal atmospheric variability within the tropics and subtropics. Changes 

in precipitation, wind, pressure, and other variables with respect to different phases of the 

MJO have a known influence on mid-latitude climates and North America (e.g., Schreck 

et al. 2013). 
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 Prior research has shown that the U.S. West Coast experiences higher likelihoods 

of precipitation when enhanced convection related to the MJO is located over the Indian 

Ocean or Western Pacific Ocean. For example, Mo and Higgins (1998) found that 

enhanced convection located over the Western Pacific favored dry conditions in the 

Southwest and wet conditions in the Pacific Northwest (see Fig. 7.2), whereas Jones 

(2000) and Becker et al. (2011) found that enhanced convection located over the Indian 

Ocean favored extreme precipitation events over the Western U.S. Other studies have 

identified that ARs may occur during any MJO phase, but that high-impact or more 

frequent ARs in California tend to occur during phase 6 where the convection is over the 

Western Pacific, whereas less frequent ARs may occur during phases 4–5 (Guan et al. 

2012; Mundhenk et al. 2016). 

 

 b. MJO characteristics of verified AR days 

 The MJO amplitude was weak with an RMM index <1 two weeks prior to 290 

(~40%) of the 726 control AR days. These days are represented by an RMM phase of 0 

and are not shown in Fig. 7.3a. For the remaining 436 AR days, the distribution of RMM 

phase two weeks before an AR day illustrates that the convection associated with the 

MJO was present at all RMM phases, but most frequently in phases 4–6 (48%) when 

enhanced convection was located over Southeast Asia and over the Western Pacific. Two 

weeks prior to an AR day, the RMM was observed at a variety of amplitudes, but 44% of 

the entire distribution contained RMM amplitudes of 1–2 (Fig 7.4a). On the AR day, the 

MJO amplitude was weak with an RMM index <1 for 271 (37%) of the 726 AR days. For 

the remaining 436 AR days, the distribution of RMM phase is evenly distributed (Fig. 
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7.3b). The distribution illustrates that no single RMM phase is preferred, where more 

than 60 AR days verified in each of phases 3, 5, 6, and 8. The MJO was also observed at 

a variety of RMM amplitudes at verification where 46% of the distribution contained 

RMM amplitudes of 1–2 (Fig. 7.4b). These results from Fig. 7.3b contrast the findings by 

Mundhenk et al. (2016) who found that AR activity over California occurs most 

frequently in phases 6–8 and less frequently in phases 4–5. However, the results mostly 

agree with the likelihood of ARs occurring when enhanced convection is located over the 

Indian Ocean and Western Pacific. The results imply that there is a lagged relationship 

between ARs and the MJO at two weeks but no relationship at day 0. Due to the 

propagation of the convection associated with the MJO, the signal should have shifted a 

couple phases at day 0. The lack of a signal at day 0 may be related to the time it takes for 

the MJO wave energy to travel from the enhanced convection to the U.S. West Coast 

through the extratropical waveguide.  

 

 c. MJO index and forecast skill 

The frequency distribution of the RMM phase for the best and worst 10-d control 

forecasts at initialization illustrates that all phases are represented (Fig. 7.5a). More 

forecasts were initialized during a weak MJO with an RMM amplitude <1 (phase 0) than 

any single strong phase for either forecast (22 for worst forecasts and 17 for the best 

forecasts). Thirteen of the 33 best forecasts were initialized during a strong MJO in RMM 

phases 6 and 7, and 15 initialized during RMM phases 2–4. Eighteen of the 28 worst 

forecasts were initialized during a strong MJO in RMM phases 3–6, and six were 

initialized during RMM phase 8. These results imply that there is no clear influence of 
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RMM phase on whether or not a forecast for a landfalling AR will verify 10 days later. 

Both forecast subsets tend to be initialized when enhanced convection is over the 

Western Pacific and also over Southeast Asia. However, since such a large proportion of 

the worst forecasts were initialized during phases 3–6, there may be a stronger 

relationship in the MJO signal at initialization for false alarm forecasts. 

The distribution of the RMM phase for the best and worst 10-d control forecasts 

at verification illustrates that 17 of the worst forecasts and 20 of the best forecasts 

verified during a weak MJO with an RMM amplitude <1 (Fig. 7.5b). Out of the 30 best 

forecasts that verified during a strong MJO phase, six verified in phase 6 but at least two 

verified during every other phase. The worst forecasts also verified during every phase, 

with RMM phases 4, 6, and 8 each containing six. It is clear that there is also no 

distinction between RMM phase at verification for the best and worst forecasts. The 

distributions both illustrate that all the forecasts tend to verify when enhanced convection 

is located over the Western Pacific and Southeast Asia. These results do not show a 

distinct dependence of AR forecast skill on the location or strength of tropical 

convection. There is also no indication that the MJO signal shifted a couple phases 

between initialization and verification due to the propagation of the enhanced convection. 

The distribution of the RMM phase for the best and worst 10-d forecasts made by 

the ensemble-mean forecasts at initialization and verification illustrates a similar 

indistinct relationship as described by control forecasts (Fig. 7.6). The results from the 

ensemble-mean forecasts further highlight that there is no preferred single MJO phase for 

either initialization or verification of a 10-d forecast, regardless of skill. In contrast to 
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analyses in previous chapters and in light of results presented herein, no further analysis 

on MJO-related forecast skill is provided. 
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d. Chapter figures 

 

 

Fig. 7.1. Rainfall anomalies associated with MJO events 1979–2012 for November–

March divided into the eight MJO phases. Green and blue shading indicates above-

average rainfall and brown shading indicates below-average rainfall. Image provided by 

Gottschalck (2018). 
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Fig. 7.2. Precipitation anomalies by MJO phase in the U.S. for December–February based 

on 1979–2008 climatology. Green shading indicates above-average precipitation and 

brown shading indicates below-average precipitation. Image provided by the NOAA 

Climate Prediction Center. 
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Fig. 7.3. Distribution of RMM phase for the 726 control AR days with RMM amplitudes 

>1 a) 14 days prior to verification and b) at verification. The total number of AR days 

that were initialized or verified in phase 0 with RMM amplitudes <1 are annotated as 

text. 

 



112 

 

 

 
 

Fig. 7.4. RMM phase diagram for all 726 control AR days at a) 14 days before 

verification and b) at verification.  
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Fig. 7.5. Distribution of RMM phase for RMM amplitudes >1 for the 50 best (blue) and 

worst (red) 10-d control forecasts in water years 1997–2016 at a) initialization and b) 

verification. Forecasts that initialized or verified in RMM phase 0 are not included. 
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Fig. 7.6. As in Fig. 7.5, except for 10-d ensemble-mean forecasts. 
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CHAPTER 8 

8. Concluding discussion 

 The main objectives of this thesis were to (1) quantify the skill of NCEP–GFS 

Reforecasts of AR days during a 20 water-year period and to (2) identify the potential 

influence of large-scale atmospheric flow patterns described by teleconnection patterns 

on forecast skill for a location near Bodega Bay, CA. This final chapter will highlight the 

key results, explore the applications of these results, and provide insight into future work. 

 

 a. Summary of results 

 During the 20 water-year period during 1996–2017, the GFSR control forecasts 

contained 726 AR days with IVT magnitudes ≥250 kg m−1 s−1 and the GFSR ensemble-

mean forecasts contained 717 AR days for a grid point at 38°N and 123°W near Bodega 

Bay, CA. Each water year contained an average of ~36 AR days with evident, but 

inconsistent, year-to-year variability. Each month contained an average of ~60 AR days 

in total over the 20-year period or ~3 AR days in any given month during any given year. 

The number of total number of AR days increased rapidly from August (9) to December 

(125) because of the tendency for ARs to occur most often during the cool season of 

October–March and rarely during the summer (Neiman et al. 2008a,b; Ralph and 

Dettinger 2012). 

 The skill of the GFSR control forecasts and ensemble-mean forecasts remained 

high for lead times of 1–3 days with POD rates of 0.84 at 1-d lead time. As lead time 

increased from five to 10 days, POD rates rapidly decreased to 0.50 for both forecast 

subsets and leveled off at ~0.16 for control forecasts and ~0.00 for ensemble-mean 
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forecasts (Fig. 4.1; blue lines). These results indicate that less than half of the AR days 

were predicted in week-2 forecasts. The GFSR control and ensemble-mean forecasts also 

contained relatively low false alarm ratios at short lead times with a ratio of 0.19 at one 

day lead. As lead time increased, the FAR also increased above 0.50 at 5 days lead for 

control forecasts and at 7 days for ensemble-mean forecasts. The FAR leveled off at 13 

days lead time to ~0.83 for control forecasts (Fig. 4.1; red lines). These results indicate 

that forecasts during week-2 were therefore more likely to produce false alarms than 

“hits”. The mean percent error in IVT magnitude for control and ensemble-mean 

forecasts illustrates that IVT magnitude was consistently under-forecasted on average at 

all lead times. Both forecast datasets contained good skill at the shortest lead times, 

where mean percent error was close to −5% at 1-d lead time (Fig. 4.6; red and blue lines). 

The mean percent error increased in magnitude as lead time increased. The ensemble-

mean forecasts consistently contained the worst skill, under-forecasting IVT magnitudes 

for AR days by as much as 70% on average at lead times longer than 14 days. In contrast, 

the ensemble-mean contained a lower FAR as compared to the control, illustrating that 

the ensemble mean counted too few AR days overall. For all of these metrics, forecasts 

contained the best skill during the cold season and the worst skill during the warm 

season. 

 To provide background on how large-scale atmospheric patterns described by 

teleconnection patterns influence AR forecast skill, the average daily PNA index was 

computed for each day for two weeks leading up to an AR day. For the 726 control AR 

days (defined by the 0-h control forecast of IVT magnitude), there was no clear trend in 

the PNA over time: nearly two-thirds of all AR days occurred during a neutral PNA 



117 

 

phase with index values ±0.75 (Fig. 5.2). Nearly 50% more AR days occurred in the 

strong positive phase than the strong negative phase, illustrating opposite findings of 

those in Guan et al. (2013) in which ARs were found to most commonly occur during the 

negative PNA phase. It is possible that there is a regional sensitivity to landfalling ARs 

with respect to the PNA signal. The average daily PNA index and composite analyses for 

the 50 worst 10-d control forecasts illustrate that ARs that fail to verify over North-

Coastal California end up making landfall along the coast of British Columbia in 

association with a strengthening ridge over western North America (Figs. 5.5b and 5.6b). 

These false alarm forecasts highlight a forecasting error related to the location of 

moisture transport. The 50 best 10-d control forecasts illustrate that ARs that do verify 

over North-Coastal California occur in association with a weakening of the western North 

American ridge so that the corridor of moisture transport flows directly towards Northern 

California in less amplified flow (Figs. 5.7b and 5.8b). 

 Similar to flow patterns characterized by the PNA, the average daily EPO index 

was computed for each day leading up to an AR day. More than half of the 726 control 

AR days (397; 55%) occurred during a strong positive EPO phase. This result was 

expected because of the positive-EPO-defined extension of the North Pacific jet and 

enhancement of transport of moist tropical air towards the U.S. West Coast. For these 

397 control AR days, the EPO transitioned from a neutral phase with an average index 

value ~0 at initialization to a strong positive phase with an average index value >100 at 

verification (Fig. 6.2). These majority of AR days likely occurred in association with a 

transition of the EPO that reflects the development of a dipole of anomalous geopotential 

heights and an eastward extension of the North Pacific jet. The average daily EPO index 
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and composite analyses for the 50 best 10-d control forecasts illustrate that the best-

forecasted ARs are likely to make landfall along Northern California in association with 

the aforementioned EPO transition and extension of the North Pacific jet and concomitant 

enhanced moisture transport (Fig. 6.8). Alternatively, the composite analyses for the 50 

worst 10-d forecasts are likely to occur when the North Pacific jet retracts and upper-

tropospheric flow weakens along the U.S. West Coast (Fig. 6.6). 

 The distribution of the RMM phase and amplitude for all 726 control AR days 

illustrates that there was no preference for locations and intensity of enhanced convection 

(and related circulations) associated with the MJO for AR days or the days leading up to 

them. These results contrast the findings from Guan et al. (2012) and Mundhenk et al. 

(2016) that suggested that ARs are likely to occur during phase 6 when enhanced 

convection is located over the Western Pacific. For both the 50 best and 50 worst 

forecasts, there was also no preferred phase of the MJO at either initialization or 

verification. The results suggest that the phase (location) or amplitude of tropical 

convection associated with the MJO may not influence AR forecast skill in North-Coastal 

California. 

 

 b. Application of results 

 Along the U.S. West Coast, 20–50% of annual precipitation is influenced by a 

few cool-season landfalling ARs (Dettinger et al. 2011). Annual precipitation varies from 

year-to-year depending on how many ARs make landfall, which is largely influenced by 

natural climate variability. ARs are capable of producing extreme amounts of 

precipitation through orographic enhancement in a short period of time and are a primary 
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cause of flooding (Dettinger et al. 2011). In contrast, ARs are capable of replenishing 

water supplies after a prolonged dry period when reservoir levels have been drawn down 

to supply increasing demands for water. Since water supplies cannot be replenished 

throughout the year, water managers face challenges related to decisions of retaining or 

releasing water in reservoirs after large precipitation events. After a predecessor 

landfalling AR, streamflow significantly increases and reservoirs may reach holding 

capacity. If another AR is forecasted to occur, water managers want to release the water 

downstream beforehand to reduce storage and prevent possible flooding. If an AR is not 

forecasted to occur, then they want to keep reservoir levels high to maximize water 

supply.  

In order for water managers to make the most effective decision regarding 

reservoir storage, they rely upon accurate precipitation forecasts. With respect to ARs, 

several factors such as intensity, orientation, and duration of water vapor flux have an 

influence on total precipitation. Some of these parameters can be forecasted better than 

others, depending on their forecast perishability. Lavers et al. (2016) found that IVT 

forecasts are more skillful than QPF at longer lead times. The evaluation of IVT 

magnitude forecast skill in this thesis suggests that AR forecasts can be further improved. 

The GFSR control and ensemble-mean forecasts tend to under-forecast IVT magnitude 

on average, especially at longer lead times. The GFSR may not detect an AR at long lead 

times, which could lead water managers to retain water in reservoirs. An AR that goes 

undetected may cause reservoirs to exceed capacity and cause flooding if forecast lead 

time is not longer than the amount of time it takes to “draw down” a reservoir. The GFSR 

IVT magnitude forecasts may be improved if this bias is corrected which could increase 
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the POD of ARs and potentially lead to more accurate forecasts of AR intensity. AR 

forecasts can also be improved by understanding the large-scale atmospheric flow 

patterns that influence forecast skill. For example, if a mid-tropospheric ridge across 

western North America amplifies as evidenced by a strengthening positive PNA, then it is 

possible that an AR forecasted to make landfall over Northern California may make 

landfall over British Columbia. Such improvements to AR forecasts may subsequently 

lead to improvements of reservoir operations that could simultaneously maximize water 

supply and flood control. 

 

c. Future work 

The evaluation of the skill of GFSR IVT magnitude forecasts in this thesis were 

focused for a single grid point over North-Coastal California and cannot likely be 

generalized for the entire North American West Coast. The frequency of ARs and the 

time of year in which they occur may differ depending on geographic location. For 

example, ARs that occur during the warm season are more likely to affect more northerly 

latitudes (i.e., Canada, Washington, and Oregon) due to a poleward shift in tracks of 

extratropical cyclones (Wu et al. 2010; Fig. 8.1). Neiman et al. (2008a) found that nearly 

three times as many ARs made landfall over these northerly latitudes than over California 

during a period of eight water years 1998–2005. The same methodology used in this 

thesis could be applied to every grid point along the North American coast from Alaska 

to Mexico to evaluate the skill in forecasting IVT magnitude by region. Analysis of 

results could then be simplified into a summary for individual geographic regions (i.e., 

Alaska, British Columbia, Pacific Northwest, etc.). The skill of these forecasts may be 
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influenced by the large-scale atmospheric flow patterns discussed in this thesis differently 

than over North-Coastal California. For example, an amplified ridge over western North 

America associated with a positive PNA phase may lead to well-forecasted ARs over 

British Columbia. Understanding the influences of large-scale patterns on forecast skill 

over different regions may lead to improvements to AR forecast skill for the entire coast. 

A contingency metric critical for evaluating the skill of precipitation and AR 

forecasts that was not explored in this thesis include forecasts for a non-AR day that 

verify as an AR day (i.e., a false negative). These events are detrimental to water 

management because reservoir levels would likely remain high and an unforecasted AR 

could contribute to rising reservoir levels and significant flooding. Evaluation of which 

large-scale atmospheric flow patterns might influence these types of forecasts would be 

beneficial to the improvement of reservoir operations. The scope of this thesis also only 

accounted for IVT magnitude forecasts that verified as AR days on an exact date at an 

exact location. Future work could expand this scope consider AR forecasts that make 

landfall within a timing margin of error of a day and a position margin of error of a few 

hundred kilometers to the north or south to better understand and communicate “relative” 

uncertainty. Accordingly, a more robust discussion could identify which large-scale 

atmospheric flow patterns influence these forecast errors related to timing and location of 

landfalling ARs. 

An examination of IVT magnitude forecasts from the individual ensemble 

members may provide a better understanding as to why the ensemble-mean detected 

fewer AR days. Since the ensemble-mean forecast smooths out variability within the 

ensemble members, it may be beneficial to evaluate skill based on probabilistic forecasts 
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of AR occurrence for each member. In other words, the number of members that 

forecasted an AR day can be compared to the number that did not forecast an AR day. 

Total precipitation over a region is influenced by many factors that contribute to 

the precipitation rate and the duration. Forecasts of precipitation thus depend on the 

forecasts of these ingredients. Many of these factors occur in association with ARs, but 

only forecasts of IVT magnitude were considered in this thesis. In order to improve AR 

forecasts, the skill in forecasts for other factors or parameters such as the direction of the 

IVT vector and the freezing level could be evaluated. For example, Hecht (2016) and 

Hecht and Cordeira (2017) identified that the highest amount of precipitation and the 

largest overland extent of precipitation over the Russian River watershed occurred in 

association with southwesterly oriented ARs. Understanding the skill in these specific 

ARs in forecasts may aid the decision-making process for water resources management 

and forecast-informed reservoir operations. Similarly, the height of the freezing level 

over mountainous regions dictates whether precipitation will fall as rain or snow. The 

precipitation type has major implications on inflows to reservoirs and reservoir storage, 

where rain may lead to immediate inflows and increases in reservoir storage and snow 

may lead to delayed inflows related to water storage within the higher-elevation 

snowpack. Increased skill of precipitation type forecasts may further improve water 

management strategies so that water is not necessarily released when an AR is forecasted 

to occur. 

Chapter 7 examined the influence of the MJO on AR forecast skill, but the results 

were inconclusive. Baggett et al. (2017) found that the quasi-biennial oscillation (QBO) 

further influences the relationship between the MJO and ARs. It is possible that if the 
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MJO is conditioned off of the QBO then there might be a larger and more apparent 

influence from the MJO on AR forecast skill. Future work should evaluate MJO and 

QBO phase combinations with respect to forecast skill in order to find potential 

relationships. Another way to evaluate the influence of the MJO on AR forecast skill is 

comparing the number of the best and worst forecasts that were initialized and verified by 

certain ranges of amplitude instead of utilizing only phases. 

 

d. Final conclusions 

In summary, the main objectives of this thesis were to (1) quantify the skill of 

NCEP–GFS Reforecasts of AR days during a 20 water-year period and to (2) identify the 

potential influence of large-scale atmospheric flow patterns described by teleconnection 

patterns on forecast skill for a location near Bodega Bay, CA. Recent research has 

assessed performance of QPF and IWV forecasts related to ARs and extreme 

precipitation events along the U.S. West Coast; however, these studies did not identify 

factors that may influence intraseasonal skill of these forecasts (e.g., Ralph et al. 2010; 

Wick et al. 2013b). Results from this thesis identified that atmospheric flow patterns 

described by well-known teleconnection patterns may portend good (i.e., well-forecasted 

or detected) and bad (i.e., poorly forecasted or false alarm) ARs. Water managers rely on 

accurate forecasts of landfalling ARs in order to make decisions of whether to retain or 

release water in reservoirs to prevent flooding and to maximize water supply. 

Understanding atmospheric influences on AR forecast skill may help in the development 

of improved forecasts which may subsequently improve reservoir operations. 
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 e. Chapter figure 

 

 

 
 

Fig. 8.1. Distribution of the average number of days per month with SSM/I IWV plumes 

that made landfall along the North coast (i.e., British Columbia, Washington, and 

Oregon) and the South coast (i.e., California) during water years 1998–2005. Image 

provided by Neiman et al. (2008a). 
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