
A Kriging-Based Quantitative 
Precipitation Estimate for the 

Alaska Region With Confidence 
Bounds

Brett Hoover (SSEC/CIMSS)
Jason Otkin (SSEC/CIMSS)
Eugene Petrescu (NWS Anchorage)
Emily Niebuhr (NWS Anchorage)



QPE over the Alaska region is a unique challenge
There are a few things that make 
estimating rainfall difficult in Alaska:

1. There are only seven NWS radars
operating in AK, mostly along the Gulf of 
Alaska coast
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QPE over the Alaska region is a unique challenge
There are a few things that make 
estimating rainfall difficult in Alaska:

1. There are only seven NWS radars
operating in AK, mostly along the Gulf of 
Alaska coast

2. Most of AK is north of 60o latitude, limiting 
use of geostationary satellite data

3. Polar orbiting satellites are disparate in 
time and space

4. Rain gauge network is sparse outside of 
Anchorage, Fairbanks, Juneau



QPE over the Alaska region is a unique challenge

Rain gauge data is sourced from MesoWest and the Alaska-Pacific 
River Forecast Center (APRFC), with 250-550 obs per 6-hr cycle



QPE over the Alaska region is a unique challenge

An annual cycle is observed, with a minimum during the winter 
months when many gauges are off-line



QPE over the Alaska region is a unique challenge

APRFC gauges increase gauge counts in the warm season but 
reduce gauge counts in the cold season from QC blacklisting



QPE over the Alaska region is a unique challenge

60o latitude

How can we use what little data we have to optimize QPE?



One thing we do have is 
high-resolution 
quantitative precipitation 
forecast (QPF) data from 
regional models like the 
HRRR-AK, NAM-AK, and 
Canadian RDPS.

We would like to leverage 
this data in a QPE 
analysis, by merging it 
with available gauge data. 

HRRR-AK NAM-AK

RDPS



Strategy for merging QPF with rain gauges

We can start by combining our 
3 members into an ensemble 
mean, representing the first-
guess of the QPE analysis.

The goal is to define an 
appropriate correction to the 
first-guess, or an increment, to 
produce an analysis that agrees 
with available rain gauge data.



Strategy for merging QPF with rain gauges

Analysis Best-Guess

Range of Certainty

It’s also important that 
this analysis provide 
some quantified 
range of uncertainty. 
This is more important 
for QPE over Alaska 
than it is for other 
areas, since there are 
fewer observations
with which to produce 
the analysis best-
guess.
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Starting with the first-guess:
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Strategy for merging QPF with rain gauges

overprediction
underprediction

Starting with the first-guess:
x!"#

We can overlay rain gauge 
observations, revealing point-
locations where the first-guess 
overpredicts or underpredicts
precipitation.

Differences define the 
innovation:

y$%& = 𝑜 − 𝐻 x!"#



Strategy for merging QPF with rain gauges

overprediction
underprediction

What we need is a method to 
interpolate the point-location 
data y!"# into a gridded 
increment x!"$ representing the 
appropriate correction to each 
point on the grid. The analysis is 
then computed as:

x'%' = x!"# + x$%(



Kriging: Interpolation method that estimates the value between observed 
points through a weighted average of surrounding observations, based on a 1-
dimensional model of the spatial autocorrelation as a function of distance 
between two observations.

Each observation is paired with 
each other observation to 
produce a dataset of variance 
as a function of distance

A 1-dimensional model is fitted 
to the data

The model is used to prescribe 
weights to nearby observations 
when interpolating to an 
unobserved point



https://en.wikipedia.org/wiki/Kriging#/media/File:Example_of_kriging_interpolation_in_1D.png

Kriging: Interpolation method that estimates the value between observed 
points through a weighted average of surrounding observations, based on a 1-
dimensional model of the spatial autocorrelation as a function of distance 
between two observations.

B.L.U.E.

Uncertainty in B.L.U.E.

Spline, for comparison

Kriging meets all of the criteria
for our interpolator, providing 
the Best Linear Unbiased 
Estimate (B.L.U.E.) and an 
uncertainty estimate
expressed as a variance.

Kriging also has the benefit of 
being able to use data that is 
correlated with the 
interpolated quantity to 
improve fit.



B.L.U.E.

Variance

Kriging Process
x$%)

y$%&



B.L.U.E.

We can interpret the 
kriged increment and 
variance as a 
probabilistic product, 
with a best linear 
unbiased estimate of 
the increment value as 
the mean of a normal 
distribution that has a 
variance defined by 
the error variance.

variance

Kriging Process



We can then define 5% and 95% confidence bounds on the increment, and 
produce 5% and 95% confidence bounds for the QPE analysis

variancevariance

5% conf 95% conf

Kriging Process
We can interpret the 
kriged increment and 
variance as a 
probabilistic product, 
with a best linear 
unbiased estimate of 
the increment value as 
the mean of a normal 
distribution that has a 
variance defined by 
the error variance.



We apply inflation to ensure that the 5% and 95% confidence bounds 
accurately capture at least 90% of the observations in cross-validation.

variancevariancevariance
inflated variance

Kriging Process

5% conf 95% conf

We can interpret the 
kriged increment and 
variance as a 
probabilistic product, 
with a best linear 
unbiased estimate of 
the increment value as 
the mean of a normal 
distribution that has a 
variance defined by 
the error variance.



QPE analysis

QPE analysis 5%

QPE analysis 95%

In this case, the confidence in QPE at small 
values was very low, but the uncertainty can 
be quantified.

Kriging Process



We are currently producing a best-guess analysis and 5% and 95% confidence 
bounds in real-time for NWS Alaska, distributed through 
https://cimss.ssec.wisc.edu/alaska-precip/#plot-viewer



Applications
The probabilistic framework for the QPE analysis lends itself to application 
where:
• Precipitation hazards exist in poorly-observed precipitation extremes at 

either end of the spectrum
• Proper quantification of uncertainty in defining precipitation extremes is 

key

Let’s discuss two potential applications.



Applications: Hydrological Forecasting

https://water.weather.gov/ahps2/hydrograph.php?wfo=pajk&gage=yata2

The Alaska-Pacific River 
Forecast Center is responsible 
for forecasting river and tidal 
gauge height and warning for 
possible, probable, and 
current flood stage conditions.

These forecasts are informed 
by hydrological models, like 
the Community Hydrologic 
Prediction System (CHPS) and 
are forced by an accumulated 
QPE.



5% confidence QPE

Best-guess QPE

95% confidence QPE

CHPS 5% conf.

Best-guess

95% conf.

Using the best-guess, 5% confidence bound, 
and 95% confidence bound as separate 
forcings for the hydrological model:

a best-guess gauge height forecast can be 
paired with an uncertainty envelope 
describing the uncertainty in future water 
levels sourced from uncertainty in 
atmospheric forcing



Applications: Fire-Weather

Alaska’s Changing Wildfire Environment [https://www.frames.gov/afsc/ACWE] 

Fire-weather 
forecasters are 
concerned about 
regions of low 
precipitation. 

Dry conditions can activate wildfire fuel and create hazards, 
while modest precipitation, even down to 0.03 in, is capable of 
neutralizing some hazards.



Applications: Fire-Weather

Fire-weather forecasters have an interest in finely-tuned critical precipitation 
thresholds:
• QPE >= 0.03 in will neutralize fuels in the Fine Fuel Moisture Code, 

which includes the uppermost layers of the forest floor, including leaf 
litter
• QPE >= 0.06 in will neutralize fuels in the Duff Moisture Code, the next 

5-10 cm deep layer
• QPE >= 0.11 in will neutralize fuels in the Drought Code, representing 

the deepest layer of burnable fuel



Applications: Fire-Weather

With probabilistic information 
provided by the QPE we can 
approach this problem from 
the perspective of an 
exceedance probability: at 
which grid-points can we be 
95% confident that the QPE 
exceeds the desired threshold?

0.03 in: 
Fine Fuel 
Moisture 
Code

QPE best-guess

95% confidence of 
exceedance



Applications: Fire-Weather

In the low-confidence QPE 
example from earlier, most 
of Alaska has a best-guess 
QPE at or near zero. But the 
region where QPE is 95% 
confidently beneath the 
Fine Fuel Moisture Code 
(shaded in red) is very small, 
because the uncertainty is 
high.

QPE beneath 0.03 in shaded in red



Applications: Fire-Weather

The region confidently 
beneath the Duff Moisture 
Code extends further, 
because the precipitation 
threshold is larger.

QPE beneath 0.06 in shaded in red



Applications: Fire-Weather

The region confidently 
beneath the Duff Moisture 
Code extends further, 
because the precipitation 
threshold is larger.

The Drought Code, with an 
even larger threshold, 
expresses confidence in 
most regions where the 
best-guess is at/near zero.QPE beneath 0.11 in shaded in red



Areas of Potential Improvement

The QPE can be improved through:

• A more accurate first-guess – With an improved first-guess, the 
increment is smaller, which narrows the range of uncertainty on 
the increment and by extension the analysis

• More observations – A larger number of observations, 
particularly in regions where obs are already sparse, will reduce 
kriging variance for the surrounding region and provide more 
data to produce a better 1-dimensional model of spatial 
autocorrelation, improving interpolation.



Areas of Potential Improvement: MRMS Radar

NSSL’s Multi Radar / Multi 
Sensor (MRMS) products 
includes a radar mosaic over 
Alaska, providing radar-
derived QPE and a radar 
Quality Indicator (QI) which 
can be used to produce 
regions of useful radar 
coverage.



Areas of Potential Improvement: MRMS Radar
Radar QPE is a potential source to provide a precipitation mask to the first-
guess.

In this example, the vast 
majority of Alaska is dry. Some 
precipitation is observed along 
the coast, but almost all 
gauges record zero 
precipitation.



Areas of Potential Improvement: MRMS Radar
Radar QPE is a potential source to provide a precipitation mask to the first-
guess.

The first-guess is very nearly dry
throughout Alaska, but 
nonzero precipitation appears 
outside of interior Alaska.

Even though this precipitation 
is small, it could be a source of 
error for fire-weather 
applications.

Zero-line



Areas of Potential Improvement: MRMS Radar
Radar QPE is a potential source to provide a precipitation mask to the first-
guess.

We can mask precipitation in the 
regions around radar where there is 
no observed precipitation, modifying 
the zero-line in the first guess

In this example, the false-alarms in the 
first-guess are reduced by 20%
through use of MRMS radar data

Old zero-line

New zero-line



Areas of Potential Improvement: IMERG p-rate

The same method can be applied to polar orbiter data like IMERG 
precipitation-rate data – grid points can be identified as precipitating 
if precipitation occurs  at any time within the 6-hr period, captured by 
an IMERG swath. This da33ta can be combined with MRMS radar or 
other data to produce a precipitation mask for the first-guess.



There is potential for other rainfall 
monitoring techniques as well. A West 
African test bed experiment showed that 
attenuation of cellular network signal
correlated with observed rainfall.

The correlative relationship is all that is necessary to utilize this information in 
kriging, with network signal attenuation acting as a covariate to improve the fit to 
rain gauges and provide a better representation of spatial autocorrelation. This is 
referred to as cokriging.


