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Abstract We quantified the relationship between atmospheric rivers (ARs) and occurrence and
magnitude of extreme precipitation in western U.S. watersheds, using ARs identified by the Atmospheric
River Tracking Method Intercomparison Project and precipitation from a high-resolution regional climate
simulation. Our analysis shows the potential of ARs in predicting extreme precipitation events at a daily scale,
with Gilbert Skill Scores of ~0.2. Monthly extreme precipitation amount in west coast watersheds is closely
related to AR intensity, with correlation coefficients of up to 0.6. The relationship between ARs and
precipitation is most significant in the Pacific Northwest and California. Using a K-means clustering algorithm,
ARs can be classified into three categories: weak ARs, flash ARs, and prolonged ARs. Flash ARs and prolonged
ARs, though accounting for less than 50% of total AR events, are more important in controlling extreme
precipitation patterns and should be prioritized for future studies of hydrological extreme events.

Plain Language Summary Atmospheric rivers (ARs) are the elongated atmospheric bands that
transport huge amount of water vapor toward the poles. Various studies have attributed ARs as a major
cause of extreme precipitation and thus flooding in the western United States, but the reverse question is
seldom investigated: when there is an AR, what is the likelihood of having an extreme precipitation event? In
our study, we show that ARs can be used to predict the occurrence of extreme precipitation events at daily
scale. We also show that the intensity of ARs is well correlated with extreme precipitation amount at a
monthly scale. The results suggest that extreme precipitation prediction can potentially benefit from AR
forecasts, which have a longer lead time than precipitation forecasts. Regarding the vast amount of ARs
as identified from various AR-tracking algorithms, we used a machine learning-based approach to highlight
ARs that are strongly correlated with hydrological extreme events. These ARs usually feature long duration or
high intensity, and focusing on them may reveal a clearer and most robust relationship between ARs and
hydrological extreme events.

1. Introduction

Atmospheric rivers (ARs) are long narrow bands of precipitable water in the atmosphere that are responsible
for over 90% of poleward moisture transport (Newell et al., 1992; Zhu & Newell, 1998). They are known as a
major cause of extreme precipitation and flooding events in the western United States, especially along the
west coast (Leung & Qian, 2009; Neiman et al., 2008, 2011; Ralph et al., 2006; Ralph & Dettinger, 2011).
Previous studies have established the relationship between ARs and the likelihood of hydrological extremes
(Barth et al., 2017; Guan et al., 2010; Lamjiri et al., 2017; Ralph et al., 2006). For example, Ralph et al. (2006)
found that all seven floods in the Russian River of coastal northern California between 1997 and 2006 were
associated with landfalling ARs. Neiman et al. (2011) noted that flooding in four watersheds in western
Washington State all shared common ingredients of strong low-level water vapor fluxes, warm temperature,
and weak static stability associated with ARs.

More recently, Konrad and Dettinger (2017) found that extreme runoff in the western United States is more
likely to occur as the daily integrated vapor transport (IVT) of ARs increases. However, the relationship
between ARs and the magnitude of extreme hydrologic conditions (precipitation, runoff, and soil moisture)
has not been quantified, which is necessary for predicting hydrological extremes associated with ARs.
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Previous studies have suggested that the duration and intensity of ARs, as measured by the IVT, are closely
related to precipitation and surface hydrological processes (Ralph et al., 2013, 2011; Rutz et al., 2014), but
there is a lack of systematic analysis of the characteristics of ARs leading to extreme hydrological conditions.
Hence, this study aims to develop a quantitative relationship between ARs and extreme precipitation in the
western United States. More specifically, using integrated water vapor and its transport from a global reana-
lysis to define ARs and a regional climate simulation of daily precipitation, we address two questions: (1) How
are ARs related to extreme precipitation both in occurrence and magnitude? (2) What characteristics of ARs
are more closely related to hydrological extremes? With improvements in forecasting ARs in global models,
quantitatively relating the AR occurrence and intensity to extreme precipitation represents an important pre-
dictability that can be exploited for hydrologic forecasting and emergency preparedness.

2. Data and Methods

One of the largest uncertainties in relating extreme precipitation to ARs comes from how ARs are defined and
tracked. As documented in the literature, various approaches have been developed to identify AR events in spe-
cific ocean basins and globally (Dettinger et al., 2011; Guan & Waliser, 2015; Rutz et al., 2014, and others). To
quantify how differences in AR-tracking methods may influence the attribution of moisture transport, precipita-
tion, and hydrologic extremes to ARs, the Atmospheric River TrackingMethod Intercomparison Project (ARTMIP)
has been initiated (Shields et al., 2018). As part of the tier 1 activity of ARTMIP, participants applied their AR-
tracking methods to the Modern-Era Retrospective Analysis for Research and Applications, version 2 (MERRA-
2) reanalysis data (Gelaro et al., 2017) and identified all ARs between 1981 and 2016. Results are archived for
all the reanalysis grids that satisfy the AR conditions at 3-hr time interval tracked by each method. We selected
six methods that produced relatively higher and lower numbers of AR events along the U.S. west coast, with the
total numbers of detected AR events varying by one order of magnitude, as summarized in supporting informa-
tion Table S1. More information about ARTMIP and the tracking methods is available in Shields et al. (2018) or in
the references cited in Table S1. Overall, the Rutz, Gershunov, andGuan algorithms identified the largest number
of ARs, while the other three (Goldenson, PNNL1 (Pacific Northwest National Laboratory method 1), and PNNL2
(Pacific Northwest National Laboratorymethod 2)) identified the lowest number of ARs, so our selection of these
sixmethods represents the full range of AR-tracking results fromARTMIP. All the AR events are classified as north
or south depending on their landfalling locations along the west coast between 40°N and 60°N (Pacific
Northwest [PNW]) and 25°N and 40°N (California), respectively, to better present their localized effect.

Precipitation data are generated by the Weather Research and Forecasting (WRF) model simulations at 6-km
grid spacing over the western United States during 1981–2015. Figure S1 shows the WRF domain, as well as
eleven 2-digit Hydrological Units (HUC2) watersheds within the domain. Analysis of precipitation in watersheds
at the Hydrological Units level provides a connection to the surface hydrological processes because watersheds
are closed systems (i.e., each watershed has only one outlet for runoff) for soil hydrology. The WRF simulations
are driven by lateral boundary conditions and sea surface temperature from the North American Regional
Reanalysis product (Mesinger et al., 2006). The WRF model (version 3.8; Skamarock et al., 2008) is configured
using physics options identical to that used by Gao et al. (2017). More descriptions of the WRF simulations
are provided in supporting information S1. The raw hourly precipitation output at a 6-km grid spacing is then
aggregated to 1,080 eight-digit Hydrological Unit (HUC8) watersheds at a daily scale. The WRF simulations cap-
tured the spatial variability of daily mean and 95% extreme precipitation realistically compared to the PRISM
(Parameter-elevation Relationships on Independent Slopes Model) observations (Daly et al., 2008; Figure S2).

Predictability of extreme precipitation is considered for both occurrence and magnitude. Here extreme preci-
pitation events are defined as 95% percentile daily precipitation events (i.e., days with precipitation amount
higher than 95% of the daily records during 1981–2015) at each HUC8 watershed. From the occurrence per-
spective, we used the occurrence of ARs to predict the occurrence of extreme precipitation events. The skill is
quantified using Gilbert Skill Score (GSS). GSS evaluates how well the predicted events (hit or miss) corre-
spond to the observations, with an adjustment for the correct forecast due to random chance (e.g., more
ARs identified increase the chance of overlapping with extreme P days), making it more appropriate for
our analysis than other measures of skill score.

On the correlation between ARs and precipitation magnitude, we developed a higher-level metric, hereafter
referred to as Intensity-Duration-Area (IDA), to characterize the overall intensity of landfalling ARs at event
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scale. This metric is based on IVT, and computed using equation (1), where
Δt is the time interval of the AR data (3 hr from MERRA-2), Nt is the total
number of time steps when the AR overlaps with the land (i.e., between
the AR making landfall and its dissipation), and S(t) is the overlapping area
at each time step t. IVT(s,t) is the IVT at grid s and time t, ds is the area of
grid s. Figure 1 shows the integration at a given time t. Using this metric,
each landfalling AR event is characterized by one IDA value that defines
its intensity, duration, and area of influence over land.

IDA ¼ ∑
Nt

t¼1
Δt� ∬

S tð Þ
IVT s; tð Þ�ds

" #
: (1)

We investigate the relationship between IDA and extreme precipitation at
monthly scale because at daily and weekly scales, the relationship
between extreme precipitation event and IDA would be dominated by
the concurrence of non-AR days/weeks and nonextreme precipitation
days/weeks. At each HUC8 watershed, we identified the extreme daily pre-
cipitation events and summed up the total for each month. We also
summed up the IDAs of all the landfalling ARs in eachmonth. Then the cor-
relation coefficient between the monthly IDA and the monthly total
extreme precipitation was computed to reveal their relationship.

To better understand the relationship between ARs and extreme precipita-
tion, we used the K-means clustering method to classify the AR events into
different categories. The K-means clustering method partitions the popu-

lation into several clusters to minimize the variance within each cluster (i.e., the mean value of features of
the cluster resides at the cluster’s center point). More details can be found in Hastie et al. (2008). The classi-
fication was conducted for each AR data set produced by the tracking methods described in Table S1, and
two features of ARs were considered: AR duration and mean AR intensity over land (i.e., IDA/Nt). These fea-
tures were first normalized to yield time series with a mean of 0 and a standard deviation of 1 (equation (2)).
Applying the K-means clustering to the normalized time series, we identified three categories of ARs that can
be characterized as weak ARs (short duration and low intensity), flash ARs (short duration but high intensity),
and prolonged ARs (long duration).

Xnorm ¼ X � X
Xstd

: (2)

3. Results

Motivated by our interest to investigate not only the relationship between ARs and extreme precipitation but
also hydrologic processes such as snowpack, soil moisture, and runoff in the future, we focus on the precipi-
tation simulated by a regional model at 6-km grid spacing that provides consistent surface water and energy
balances. However, model simulation represents another source of uncertainty, so we also conducted the
GSS and correlation analyses using the PRISM precipitation product (Daly et al., 2008). The results are shown
in Figures S3 and S4, and they share similar patterns with Figures 2 and 3 which are based on the WRF pre-
cipitation fields. The high-resolution WRF simulation provides a useful data set for studying ARs and their
impacts on extreme precipitation and hydrological processes in the mountainous western United States.

Figure 2 shows the GSS map of the occurrence of extreme precipitation predicted based on the occur-
rence of landfalling ARs, with the 95% confidence intervals illustrated in Figure S5. Skillful predictions
are denoted by positive GSS, with higher GSS values corresponding to more skillful predictions. The per-
formance of different AR-tracking algorithms varies strongly, but in general, algorithms that identify fewer
ARs perform better. This is expected, as the fewer ARs identified are generally associated with more
intense or prolonged ARs based on some absolute thresholds for IVT, so they are more likely to be related
to heavy precipitation. The Rutz, Gershunov, and Guan AR-tracking results show limited skills in predicting

Figure 1. AR-IDA calculation. This figure shows the integral at a given time
step t. The red contour shows the spatial extent of the AR event at time t,
and the colored grids show the IVT values of the AR over land. At each time
step t, we integrate the IVT over the colored grids. Then the values are
summed up over all time steps with the AR overlapping land to one value
representing the intensity of the AR event. AR = atmospheric river;
IDA = Intensity-Duration-Area; IVT = integrated vapor transport.
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extreme precipitation across all the western U.S. watersheds, which is likely because the IVT thresholds
(e.g., 85th percentile or 250 kg/m/s) used in these algorithms are lower than those used in the other
three methods. Table S1 shows that the Rutz algorithm identified 10,255 AR events on the west coast
during 1981–2015, which is roughly one AR making landfall anywhere in the west coast per day. Thus,
its prediction of extreme precipitation is mainly a hit due to chance rather than based on physical
relationship between the identified ARs and extreme precipitation. In the Goldenson, PNNL1 and
PNNL2 panels, areas with skillful predictions are more concentrated in northern Washington and northern
California, which may be more susceptible to ARs due to their promixity to the AR moisture source, the
southwest-northeast orientation of the ARs, and the orographic enhancement.

Figure 3 shows the correlation between AR IDA and extreme precipitation amount at monthly scale, and the
statistical significance at α = 0.05 is illustrated in Figure S6. The spatial patterns are similar to that of Figure 2,
where the highest correlation is associated with IDA identified by Goldenson, PNNL1, and PNNL2. However,
compared to Figure 2, the high correlation areas are broader than the high GSS areas to include regions such
as southern California and the southwest states. This is likely because the IDA analysis was performed at
monthly time scale. Although some extreme rainfall events in the extended watersheds are not caused by
ARs, they can still show good correlation with AR IDA if the large-scale meteorological conditions for extreme
precipitation are correlated with the west coast ARs.

By using the K-means clustering method, AR events are classified into three categories. All landfalling AR
events in the PNW and California are treated as one population here because there are many fewer ARs in
the south compared to the north (see the statistics in Table S1), so clustering of the southern ARs does not
reveal classifications that have physical interpretations. Figure S7 shows the statistical characteristics of the
three categories of ARs. The first category of ARs features below-average duration and below-average inten-
sity, so we call them weak ARs. The second category features below-average duration but above-average

Figure 2. GSS of predicting the number of extreme precipitation days using ARs. The first and second columns show the
GSS for ARs in the north (landfalling between 40°N and 60°N) and precipitation amount from six AR tracking algorithms,
and the third and fourth columns are for ARs in the south (landfalling between 25°N and 40°N). AR = atmospheric river;
GSS = Gilbert Skill Scores.
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intensity, and we call them flash ARs. The third category contains many fewer ARs and features long duration
ARs that we call prolonged ARs. The number of ARs of each type is summarized in Table S1. Across different
AR-tracking results, 50–60% of all the ARs are weak ARs, ~30% are flash ARs, and 10–20% of ARs are
prolonged ARs. Although prolonged ARs generally have high intensity, a small fraction has intensities
below the mean of the whole AR population (Figure S7). Here only the classification results of the
Gershunov algorithm are illustrated, but similar results are obtained based on ARs identified by the other
five methods and the normalized time series. Figure S8 shows the decision boundaries of the AR
classification, which are consistent across different AR-tracking results. It is clear that the duration of weak
ARs and flash ARs is roughly less than the mean plus one standard deviation of the duration of the
population. This is because many ARs overlap with the land area only briefly after making landfall, and
they lower the average duration of the population. On the other hand, many AR-tracking algorithms have
an assigned lower bound of IVT, so AR intensity is roughly equally distributed across the population, with
weak ARs having below-average intensity and flash ARs having above-average intensity.

Since flash ARs and most prolonged ARs are associated with strong IVT, we focus on analysis of these two
types of ARs as they could potentially have higher impact on extreme precipitation. Figure 4 shows the GSS
of the three categories of ARs for extreme precipitation in the PNW and California watersheds. Note that
the GSS values in Figure 2 are associated with the occurrence of all landfalling ARs or all ARs, identified by
the tracking methods, whereas the GSS values in Figure 4 are associated with the occurrence of each type
of classified ARs. For tracking methods that identify a large number of ARs (Rutz, Gershunov, and Guan), weak
ARs are poorly correlated or uncorrelated with extreme precipitation. Both flash ARs and prolonged ARs are
highly correlated with extreme precipitation, but their relative skills differ depending on the trackingmethods
used. Spatial maps of GSS for each type of ARs are shown in Figures S9–S11. For the Rutz, Gershunov, and
Guan algorithms, there is a tendency for the prolonged ARs to be more predictive of extreme precipitation,
whereas for the Goldenson, PNNL1, and PNNL2 algorithms, flash ARs tend to be more predictive of extreme

Figure 3. Similar to Figure 2 but for the correlation coefficients between IDA and the monthly total of extreme daily pre-
cipitation amount. AR = atmospheric river; IDA = Intensity-Duration-Area.
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precipitation. Overall, the GSS values are much higher from ARs identified by Goldenson, PNNL1, and PNNL2,
than the other three methods.

Figure 5 shows the correlation between the three categories of ARs and the monthly total extreme precipita-
tion amount. It also renders the statistical significance of these correlations at α = 0.05. In all six panels, only

Figure 4. Gilbert Skill Scores of predicting the number of extreme precipitation days for different AR classes. Blue lines are
for weak ARs, green lines are for flash ARs, and yellow lines are for prolonged ARs. For reference, the black lines are the
Gilbert Skill Scores score from using all the ARs. Here only the results at all HUC8 watersheds in the PNW and California are
plotted, which are separated by the black-dashed lines. AR = atmospheric river; HUC8 = 8-digit Hydrological Unit;
PNW = Pacific Northwest.

Figure 5. Similar to Figure 4 but for the correlation coefficients between IDA and the monthly total of extreme daily pre-
cipitation amount. Correlation coefficients lying inside the gray areas are statistically insignificant at 95% confidence level.
AR = atmospheric river; IDA = Intensity-Duration-Area; HUC8 = 8-digit Hydrological Unit; PNW = Pacific Northwest.
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prolonged ARs have consistently high correlations with extreme precipitation magnitude. These results are
consistent with findings from previous studies that persisting ARs are most related to high amounts of rainfall
and thus flooding (Ralph et al., 2013, 2011). Persisting ARs also build up antecedent soil moisture, which then
contributes to flooding events. Compared with previous studies, our approach avoids using an arbitrary
threshold of defining persisting ARs, so it is more applicable across different AR climatological zones.

4. Discussion

Previous studies have demonstrated the connection between ARs and extreme precipitation but mostly from
a statistical perspective. For example, Mahoney et al. (2016) studied ARs in the southeastern United States
and found that 41% of the 24-hr extreme precipitation events are associated with ARs. Similarly, here we
demonstrate that the occurrence of ARs can be used as a predictor of extreme precipitation occurrence
(using GSS as the metric) in the western United States, which is heavily affected by ARs. Our analysis provides
a more straightforward evaluation of extreme precipitation forecasting skill based on ARs. Combining the
results provided in Figures 2 and 3, we provided a quantitative evaluation of the forecast prediction skill of
extreme precipitation days and amount, based on AR occurrence and IDA metric (i.e., sum of IVT over land
region and through AR landfalling duration).

One of the large uncertainties in AR studies comes from the choice of AR-tracking algorithm. As reflected in
Figures 2 and 3, algorithms identifying fewer ARs using higher IVT thresholds allow us to better predict
extreme precipitation events based on AR occurrence and AR IDA. In this study, we utilized ARs tracked by
6 out of 13 algorithms archived by ARTMIP. However, they represent the full range of AR-tracking results in
the U.S. west coast (Shields et al., 2018). To confirm this representativeness, we repeated our analysis for four
additional algorithms from the ARTMIP archive and the GSS values of the four new algorithms lie between the
Rutz/Gershunov/Guan results and Goldenson/PNNL1/PNNL2 results (Figure S12). Despite the different num-
bers of ARs the algorithms detect, the results still share many similarities, especially regarding AR classifica-
tion obtained using the normalized time series of AR duration and intensity.

Our results suggest that large-scale features such as ARs can provide useful predictability for extreme preci-
pitation that is strongly modulated by the complex terrain at local scales. While evaluating forecast skill of ARs
is beyond the scope of this study, previous studies showed that the occurrence of ARs in the northeastern
Pacific Ocean can be forecasted with a lead time of about 10 days (Wick et al., 2013). This suggests useful pre-
dictability for extreme precipitation for regions with high GSS and high correlation coefficients shown in
Figures 2 and 3 in the western United States. However, Wick et al. (2013) noted that biases in forecasts of
AR landfall position and integrated water vapor are rather significant and increase with lead times, so improv-
ing forecasting of landfalling position and integrated water vapor should be a high priority for predicting
extreme precipitation affecting specific watersheds. Developing a long-term data set of ARs and precipitation
allows the development of methods such as bias correction and model output statistics to improve AR fore-
casts. Similarly, the relationship between ARs and precipitation can be an effective constraint in downscaling
precipitation from coarse-resolution climate model output (i.e., bias correction of extreme precipitation
occurrence and magnitude based on ARs simulated by climate models).

Although the occurrence of ARs varies significantly depending on the AR-tracking methods, our AR classifica-
tion analysis indicates that even with the large differences in AR days resulting from different AR-tracking
algorithms, ARs can be classified consistently based on their normalized intensity and duration. Our analysis
highlights the importance of flash and prolonged ARs for producing extreme precipitation, so they should be
the focus in future studies of extreme hydrological events.

5. Summary

We investigated the impact of ARs on extreme precipitation in the western United States using
fine-resolution WRF output and ARs identified by two groups of AR-tracking methods applied to the
MERRA-2 reanalysis in ARTMIP. Although ARs are large-scale atmospheric circulation features, their impact
is often localized. This study demonstrates that the occurrence of ARs provides useful predictability of
extreme precipitation occurrence at a daily scale and extreme precipitation amount at a monthly scale in
west coast watersheds. We quantified that the prediction skill is strongly affected by how ARs are detected.
AR-tracking algorithms using higher IVT thresholds identify ARs that are more predictive of extreme
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precipitation. Due to the typical southwest-northeast orientation of ARs, watersheds in the north are more
susceptible to AR-induced heavy precipitation.

At monthly scales, the spatial-temporal aggregated landfalling AR intensity (i.e., IDA) is well correlated with
extreme precipitation magnitude. Combining forecast of AR occurrence and IDA may provide useful predic-
tions of the total amount of heavy precipitation and the total number of days for such occurrence at monthly
scale. Such information can also be used in downscaling of climate model data or historical climate recon-
structions at fine scales.

We classified ARs into three categories with distinct features: weak ARs (short duration and low intensity),
flash ARs (short duration but high intensity), and prolonged ARs (long duration). Using K-means clustering,
we classified ARs without using arbitrary thresholds of AR intensity and duration, so the three categories
we identified are more applicable across different climatological zones. In general, weak ARs account for
50–60% of all AR events, but they are weakly correlated with extreme precipitation. This is more obvious
for AR-tracking algorithms that identify more ARs. Future studies should prioritize the intense or prolonged
AR events to improve the prediction skills of these events and investigate their meteorological, hydrological,
and societal impacts.

In summary, ARs provide useful predictability of extreme precipitation occurrence and magnitude in western
U.S. watersheds. To improve prediction skill, those AR-tracking algorithms with higher IVT thresholds should
be considered. Alternatively, AR classification can be used to effectively filter out the nonsignificant ARs.
Future works will focus on intense and/or prolonged ARs and their relationship to flooding using the high-
resolution WRF simulation and investigate changes in flood intensity, and duration, and frequency using
regional projections of future climate by the WRF model.
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