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Abstract approved:

This thesis investigates the feasibility of implementing a

real time quality control program into a data stream of

hydrometeorlogical data. The vast array of data used in the

forecasting of river levels and avalanches calls for a point of entry

quality control method that is both efficient from a

communications standpoint and practical given the computer

resources available.

The first step in this process is to find a normalization

scheme to enable the direct comparison of precipitation events

between different stations. The normalization scheme derived

uses the climatic database of historical records. The largest set

of historical records available is in the daily time frame.

However, the quick response needed in this type of forecasting

calls for the testing of data in a hourly format. This calls for the

need to develop some sort of transformation between events of

differing time scales.

Once the normalization scheme is in place four tests are used

to analyze the data. These tests compare the incoming data to
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what is expected given the climate, forecasted value, previous

weather, and what is occurring at neighboring stations. The

results from these four tests are composited to make a final

opinion of the validity of the incoming data. The data are then

assigned two descriptive parameters. These parameters quantify

the sophistication of the tests performed on the data, and the

believed accuracy of the data. The two scores are then taken into

account to give a final broad description of the program's 'opinion"

as to whether the data should be rejected, questioned, screened, or

verified.

Generally the program performs very well. The accuracy and

precision of the tests are left somewhat vague at this point. The

stress in the development of this test was in the modularity and

portability of the program; the testing scheme is not meant to be

limited to the purpose of flood forecasting or even precipitation

data. The threshold parameters, therefore, need to be set by the

end user. These thresholds will be defined by the type of data as

well as the purpose and accuracy of the data checking needed.
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Real Time Quality Control for Hydrometeorological
Data

Chapter 1: Introduction

In the Western United States, water has always played an

important role. This has been the case for agriculture, floods,

power generation, fisheries, and recreation. Water, or the lack of

it, has always been an important commodity. Unfortunately, the

climate provides little water when the need is greatest, and when

it does come it often comes in such copious amounts that dealing

with the excess is a substantial problem. In many ways, such as

through the fight for water rights, the ravages of floods and

droughts, or the effort to harness the power of rivers, water has

shaped the west throughout its history.

In the Northwest, precipitation falls in great abundance in

the winter months and is scarce in the heat of summer. In the

higher elevations most of the winter precipitation falls in the

form of snow. In this manner it is effectively stored until the

spring runoff. Unfortunately, this generally corresponds with the

spring rains and vast quantities of water simply run off to the
ocean. Any precipitation that does fall in the summer months is of

little use to crops or the water supply. The rate of evaporation is

so high that little if any water makes its way into rivers and

reservoirs. Nevertheless, the long predominately sunny days of

summer make the climate ideal for agriculture, and likewise, for

human habitation. For these reasons a vast network of dams has
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been erected to harness the rivers for irrigation, hydroelectric

power, and recreation. In so adapting nature to our needs we also

have had to learn to deal with her inherent fickleness.

The proper management of water resources demands a

thorough understanding of the behavior of the resource. To that end

the behavior of a watershed is directly related to the precipitation

that falls in the drainage. At present, most of our information

about the quantity and rate of precipitation comes from a network

of rain gauges distributed unevenly within the watershed. These

rain gauges consist of many different types and are maintained and

operated by several different organizations. For these reasons the

quality and reliability of the gauges can vary greatly throughout

the region. To add to an already troublesome issue, the climate and

topography of the Pacific Northwest contribute to collection

problems as well. The distribution of rain gauges is skewed

markedly towards low-elevation sites. The sites where

precipitation amounts are the most varied and unpredictable are

precisely those where the fewest gauges are located; i.e. the high

elevation, mountainous regions. Furthermore, snowfall is notably

difficult to measure with most gauges. Since most of the

precipitation falling in these high elevation gauges does indeed fall

as snow, the problems in getting an accurate distribution of

observations are further exaggerated.

Rain gauges have inherent problems with their design.

Specifically, the gauge only reads what falls into its orifice. The

catchment ratio, or measurement error, is dependent on a variety

of parameters. The surrounding wind break, the size and angle of

the orifice opening, the velocity of the wind, and the nature of the
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precipitation all influence the percentage of recorded vs. observed

precipitation. The different levels of maintenance and the varying

designs in use today further exacerbate the problem. Some gauges

have fallen into disrepair. If a gauge has tilted, frozen, or if the

surrounding cover has grown over or died off, the observations can

be invalid. Whether it be nests for birds, target practice for

hunters, or the ravages of mountain weather, rain gauges are prone

to many forms of abuse.

Along with physical problems with the gauges themselves,

the Pacific Northwest presents specific problems of its own. The

mountainous and heavily forested nature of the terrain makes

accurate observations difficult. Finding a representative site for

an area is much more complicated than in a more uniform terrain.

The nature of the precipitation poses special problems as well,

notably the recording of precipitation in the form of snow.

Relating snow depth to equivalent water amounts, frozen gauges,

and snow blowing in or out of the gauges all present major

problems. Gjorsivik (1972) has shown, based on observations of

precipitation, runoff, ground water stage and snow surveys, that in

snow-dominated winter seasons the ratio between "true

precipitation" and observed precipitation is estimated to be 1 .51.

Clearly, recording only 66% of the true precipitation will be

problematic in any analysis such as flood forecasting. It has also

been shown (Kirigin, 1972) that gauges of different types record

vastly different amounts when dealing with snowfall.

Discrepancies up to 33% have been found in adjacent gauges under

similar conditions.
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Mechanical and design problems are not the only causes of

incorrect precipitation readings; data recording and transmission

pose unique problems as well. Even if a gauge is functioning

properly, incorrectly keying in the data adds to the chain of

possible errors.

1.1: Quality Control

Due to the errors intrinsic to hydrometeorological

observations, some form of quality control (00) is called for.

Unfortunately, due to the sheer volume of data involved in climatic

and meteorological studies, 00 is a major obstacle. In any

processing of data in an attempt at interpolating or extrapolating a

value there needs to be confidence in the data used. In synoptic

meteorology, the stream of data is becoming so large that a means

of automated OC is becoming a necessity. Forecasts or climatic

studies are only as good as the data used in the analysis.

In river and avalanche forecasting, the collection and

processing of data is extremely time-critical. The lead time to a

major flood may be quite short and the time required to check the

reasonableness of the incoming data can be of immense importance.

Likewise if the data are taken as is, without any quality assurance

(QA), a frozen rain gauge on the mountain may mean unnecessary

damage downstream. Clearly, the payoffs in lives saved and

damages avoided call for some sort of QA method. This should be a

predominantly automated and dependable 00 scheme capable of



dealing with the ever increasing amount of hydrometeorlogical

data being collected.

Ideally, this 00 scheme should account for possible errors in

the catchment, recording, and transmission of data. For example,

if a mountain top station reports no precipitation and the

surrounding stations all report substantial amounts, then data

from the mountain station should be questioned. Conversely, if the

mountain top station reports a large amount of precipitation and

the surrounding stations report none, the model should be able to

account for the orographic production of rain and make an estimate

of the validity of the data. Likewise, extreme events should be

accounted for; that is, if a station reports an anomalously high

amount of precipitation and the surrounding stations all report

similar amounts, the data should not be rejected simply for

exceeding a gross limit.

1.2: Hydromet

The Columbia River Operational Hydromet Management

System (CROHMS) (Speers, 1980) provides a testing ground for

incorporating 00 into an eventually fully-automated "sensor-to-

forecast" guidance product. It was the purpose of this work to lay

the groundwork and prove the functionality of a real time 00

algorithm to be incorporated into this program. However, since the

conception of this program and the time of the model development,

it has been decided that this project is to be phased out. The need

for a real time QC algorithm still exists, however any functions



intrinsic to this program's heritage should be useful in any updated

version.

Some general considerations in the development of the data

screening 00 algorithm are:

1) Computer resources are a constraint on methodologies

used, both in processing time and data transmission.

2) The process must be real time; therefore, the resources

used for checking will be dictated by time constraints as well.

3) The algorithm must be able to continue operation and be

functional if data from stations normally used in the procedure are

missing. It should also be able to incorporate extra data, should it

become available.

4) Screening methods must be able to detect the difference

between extreme events and erroneous events with a great deal of

dependability. It is mostly extreme events that we are interested

in. Erroneously flagging a correct extreme event as an error could

be as disastrous as failing to flag incorrect values.

5) The screening method must be able to incorporate data

from different sensor types and time frames. The procedure must

also incorporate stations with differing historical record periods.

6) The algorithm should work in a modular fashion with the

network of data transmission and software packages already in

use. It should also be capable of a phased implementation, and be

able to be gradually upgraded without requiring catastrophic

wholesale changes at any given time.
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These criteria call for a fully automated, point-of-entry, OC

algorithm that is modular, upgradable, accurate, quick and

efficient. It is not necessary that we correct the anomalous

results. All that is needed is to flag them for closer inspection by

the forecaster. At the same time, a balance must be found to

insure that there are not too many flagged values.

1.3: Quality Control Background

In the past, the National Climatic Data Center (NCDC) has

taken raw data from approximately 25,000 Cooperative Observer

Network (COOP) stations, and archived and disseminated them,

usually without any QC. This lack of QC is mostly due to the sheer

quantity of data. Over the last 10 to 15 years the data have been

archived and distributed in a digital tape format called TD3200

(NCDC, 1991). In this time the data have received some 00, ranging

from simple procedures such as double keying the data onto the

punch cards, spatial comparison techniques (Duchon et al., 1982),

gross limits tests, and also an artificial intelligence technique

using Geographical Information Systems (GIS) (Reek and Crowe,

1991). In 1991 NCDC began a project entitled Validation of

Historical Daily Data (VaIH1DD). VaIHiDD is a shift in the 00
paradigm since it is an inference process; that is, it uses a form of

artificial intelligence or an expert system to make a conclusion

about the quality of the data, and to suggest a replacement value.

According to Moninger and Cote (1987), an expert system is a

computer program that consists of three major parts. The first
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component is a data base of knowledge about the application

domain; in this case, the way in which data are collected and

recorded as well as the general climatology of an area. Secondly,

there is a working memory that consists of current facts about the

application domain, i.e. the incoming data to be checked. Finally,

there is an inference engine, the computational part of the

computer program which attempts to apply the rules in the

knowledge base to the facts in the working memory in order to

draw conclusions. In VaIHiDDs case these conclusions entail

making suggested corrections to the data believed to be erroneous.

The rule groups that make up the knowledge base are:

1) Limits check 198°F cannot occur in ambient air, but it

may be corrected if it can be shown that subtraction by 100, 98°F,

yields a reasonable result.

2) Internal consistency checks for example, the reported

maximum temperature being lower than the reported minimum for

the same day.

3) Flatliner checks no changes in reported values for

extended lengths of time.

4) Invalid relationship checks - if snowfall is reported as

well as zero precipitation, a correction is in order.

5) Spike tests reports of an increase of 50°F on one day

followed by a subsequent decrease of 50°F on the next day are

dubious.

6) Excessive diurnal range checks major differences in the

day/night temperatures are suspect.

7) Multiple failures checks if a report looks suspicious in

two or more tests it is questioned.



8) Failed fix tests if the corrections applied in the above

tests fail second iterations, it is noted as well.

VaIHiDD has shown promising results and is presently being

run on the entire historical digital data base held at NC DC.

The major differences between the current program and

VaIHiDD is that the former uses statistical probabilities, operates

in a real time sense, and offers no direct correction of suspect

values, although it should be noted that estimations are available

as a natural byproduct of the process. While it is recommended

that pattern tests such as the flatliner and internal consistency

checks described above be used in a final product, that is left for

further work. What is described in the following report is an

expert system which uses climatic data as the knowledge base, and

a system of normalizing the data in the working memory to make

an estimate in the inference engine about the quality of the data,

based on climatically-derived probabilities of exceeding a

threshold. In order to do this, a method of normalization must be

derived that will allow different stations to be compared to each

other. Also, a method is described that will enable the conversion

of normalized data from one time frame to another. This

conversion is necessary in order to deal with the differing

observation periods. Following this, four different tests are

developed and described, as well as a method to composite the

scores from the different tests. Finally, there is an overview of

the behavior of the various tests, and some extreme events are run

through the system to test the decision-making algorithm.



Chapter 2: The Z Transform

2.1: Normalization

10

In order to perform real time OC on data, we compare what is

measured to what is expected. The expected or forecasted value is

based on the historical data base of a measured field. Ideally, in

order to detect likely or probable errors, the measured field

variable and our estimation are transformed to a Gaussian normal

distribution N(0,1); where the mean is zero and the standard

deviation is one. This allows us to look at deviations from the

mean, which in turn allows us to compare records with different

means and deviations in a systematic way.

Given a normally distributed variable, such as daily maximum

air temperatures; X(x,y,z;t) where x, y, and z, describe the

observations position and t is the time of the reading. Our

transformed value, F(x,y,z;t), would be;

F = (X ) I G 1)

where is the standard deviation of X, and ii is the mean of all X.

The subscripts representing time and space (x,y,z,t) will be left

off for clarity unless needed.

The observation drawn from the field F will have a standard

normal distribution N(O,1). With less well behaved variables such

as precipitation, where the distribution is not Gaussian, some

other transformation must be employed. In these cases where X is

not normally distributed it must first be normalized before

equation 1 will return a result with the desired distribution, It is
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for this reason that precipitation is the main focus of this paper.

In an effort to prove the functionality of this OC scheme a worst

case scenario has been picked. It is believed that if the scheme

proves useful for non-Gaussian variables, more normally

distributed variables, such as temperature, should pose no problem.

2.2: The Daily Z Transform

A method must be derived to take a non-normal random

variable, in this case daily precipitation amounts, and transform it

to a standard normally distributed random variable Z. The use of

this distribution has many advantages. Foremost among these are:

1) Normalization facilitates comparison with adjacent

stations.

2) Normalization provides direct expression of the number of

standard deviations from the mean. This gives a direct way to

express ranges of acceptability when inspecting the

reasonableness of reported data.

3) Parameter sets can be more easily regionalized.

4) Nationally grided products, such as OFF, can be used to

estimate values at local sites.

5) Return periods and extreme events can be quickly derived

or reverse normalized.

These characteristics are all exploited in the various tests

employed in this report.
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The transformation

Z = In (y + 2)

(Bissell, 1981) is used where X is the random variable of observed

daily precipitation and y, a, and 13 are seasonally varying

parameters. In this text the capitalized values such as X, Y, and Z

denote random variables while the lower case letters represent

realizations of those random variables. If we plot the cumulative

distribution function (CDF) of the twenty-four hour precipitation

for a given month, we see the observed daily precipitation (X) is a

compound random variable having both a continuous probability

density function (PDF) in the range x>O, and at the point x=O a

positive probability, P{x=O] = F(0). A ODE gives us an associated

probability, F(x), for a given rainfall amount, x. Thus the integral

of the PDF in the region x>O is the probability of measurable

rainfall occurring on a given day. In earlier work the parameters a,

13, and Yo were developed by generating a sample CDF for the station

in question. The curve was then fitted by means of a least squares

approximation to equation 2 (Bissell, 1990a). This proved to be

biased towards the lower end precipitation events. Since the focus

of this article is to identify unrealistically large events, we are
most interested in the upper end. Eor this reason, this method was

deemed unsatisfactory. As an alternative the parameters were
found by selecting three points on the ODE for which the

probability of exceeding the amount of x, or F, is known:
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x0 = 0.0 inch precipitation;

F(0) = average number of dry days in month / number of days

in month (probability of dry days);

x1 = average of maximum daily precipitation for the month

over the entire period of record;

F(x1) = nm / (nm+l), where nm is the number of days in the

month;

X21 = the five largest precipitation events of record for the

given month, i=1,5;

F(x2)j = probability of exceeding of the i highest values;

Five different sets of {x2, F(x2)} are chosen corresponding to

the five highest events on record, in order to reduce parametric

variability which is due to the naturally random nature of the few

most extreme events (Bissell, 1993a). The three values of x tx0,

x1 x21} above are then used in the equation;

y = exp{z) = exp{ N1[F(x)J } = + p x 3)

where N1[ ] represents the inverse of the cumulative distribution

function for the standard normal variable Z. We now have three

equations corresponding to the three known values of F

y0 = exp{ N1[Fx(0)] } = + 0 4)

y1 = exp{ N1[Fx(x1)] } = + 5)

= exp{ N1[Fx(x2)] } = + x2 6)

Since the X values selected have known associated cumulative

probability's, then the values of y0, y1, and y2 are known. To solve

for the other two parameters, a and 3, equations:
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a = {ln [ (yi-yo) / (Y2, y0) ] / In (x1 / x21) } 7)

13= (yi-yo) I (xc)
roii

are used. We now have five different values of a and 13. A

precipitation amount with a 25 year return period is then

recomputed as

P25, - Yo ) / 13i]
(1Ia) 9)

where;

exp{ Nz[(25*nm) / (25*nm+1) J }
10)

We now take the average P25 as

AP25 = (1/5)P251

where =1,5.

11)

Finally, we find the final a and 13 using equations 7, 8 and the AP25

value derived in equation 11, after setting X2=AP25

In the case of precipitation measurements in Oregon, we have

many different periods of record. It is for this reason that we use

the estimated 25 year precipitation as our extreme event. For

stations that have short term records we want to be in the position

of extrapolating physically meaningful values, not the derived

parameters. It is hoped that using this method along with the

average of the five extreme events will help smooth the anomalies

that one may expect due to the variability in the lengths of the

data sets.
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2.3: Validity Of The Z Parameter

Attempts were made to perform checks on the validity of the

Z transform parameters. Two of those checks were deriving the

daily mean rainfall from the CDF, and comparing the CDFs derived

from historical data to those derived from the Z parameters. In an

attempt to further explore the behavior of the Z parameters, we

will look at yearly transforms as well. For January and July, a

representative CDF curve and a curve generated by the Z
parameters are shown in figures 1 and 2. These curves are based

on data from Portland Oregon.

Jan uary

1.00

.90

>'

.80

-Q ,
c .70 /

/
Z Transform
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Figure 1: The actual CDF is taken from the historical record. The
curve labeled Z transform is derived from the Z parameters.
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Figure 2: The actual CDF is taken from the historical record. The
curve labeled Z transform is derived from the Z parameters.
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Figure 3: Comparison of the actual and derived monthly average
rainfall amounts for Portland, OR.
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In the comparison of the actual daily mean to the derived

daily mean we assume that an integration of the CDF curve

represents the daily mean rainfall amount. This area is estimated

using Simpson's rule. The value is then compared to the total

rainfall on record for that month divided by the number of
observations. The results are shown in figure 3.

The daily mean derived from the Z parameters was found to

be inconsistent with the historical mean. This can be attributed to

the method used to define the Z parameters. These parameters use

three points to develop the CDF. These points are the probability of

zero rainfall, the average monthly high, and the estimated 25 year

rainfall event. The choice of these points favors the high end,

allowing for anomalous values for the more likely events. This

discrepancy can be easily seen on figure 1 in the range x < 1 .0.

In an effort to match the CDFs more accurately, the midpoint

used to develop the CDF was changed. Two new CDFs were

developed using midpoints of x1 = .1 and .5 respectively. The

corresponding F(x1) values were found by analysis of the

historical records. The results are shown in figure 4.



.30

.25

.20

(I)

w
.15

C

.10

.05

.00
C 0 '- > C

ci) cci 0. c

0) 0.

-) Li- -) -) z 0

ii;]

Figure 4: Comparison of the monthly means for Portland, OR. using
the methods described in the text.

As can be seen from these illustrations, a more careful

choice of midpoints can increase the accuracy of mean rainfall

estimates. This increased accuracy comes at the expense of the

high end estimates. As was described earlier, our interest is in

extreme events. This finding also agrees with earlier work

(Bissell, 1990a) in which a least squares fit is used to derive the Z

parameters. For these reasons it is believed that the Z parameters

are sufficiently representative of the historical data, at least for

the high end. Therefore for our purposes a F( x1) value of

approximately .97 is appropriate.
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Further exploration was done by investigating the yearly Z

parameters. These parameters were generated by effectively

treating the year as a month consisting of 365 days, and following

the derivations described above. The resulting sample CDFs using

the Z parameters for January, July, and the year are shown in figure

5. The yearly probabilities tend to be larger than the monthly

parameters for the summer months, and smaller than the monthly

parameters for the winter months. This result would be expected

due to the fact that the yearly method is an average of the months,

therefore the extreme months are smoothed.
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Figure 5: Comparison of Portland's January and July CDF to the
CDFs derived using the yearly method.
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ALPHA BETA Yo P2 P5 P10 P25 P50 P100

Portland 0.967

1.318

3.923

5.052

1.212
0.811

2.13

1.38

2.29

1.83

2.41

2.22

2.57

2.79

2.69

3.28

2.80

3.81January

July 1.220 13.963 3.164 0.46 0.69 0.89 1.19 1.44 1.72

Astoria_ 1.790 2.839 0.946 2.90 3.39 3.78 4.34 4.79 5.26

January 1.357 2.705 0.587 2.22 2.90 3.48 4.33 5.05 5.85

July 1.081 10.323 2.040 0.65 0.97 1.26 1.70 2.09 2.54

Arlington_ 1.014

1.274

16.976

13.349

2.470
1.644

1.03

0.60

1.39

0.82

1.71

1.02

2.20

1.30

2.64

1.55

3.13

1.82January

July 1.411 26.753 4.967 0.24 0.39 0.51 0.68 0.81 0.96

Table 1: The columns headed by P2, P5,...,P100 represent the event,
in inches, that has a n year return period, where n is 2,5,...,100
years. The row containing the station name is the yearly result for
that station. This is followed by the results for both January and
July. The return periods were derived using equations 9 and 10.

The yearly parameters, followed by those for January and

July, for the stations at Portland, Astoria, and Arlington are listed

in Table 1. This table also contains estimated events having given

return periods.

The probability of a rainfall event less than a given

magnitude occurring on a non-specified day in the year was then

computed. The method used to compute this was to sum for each

month, the product of the probability of a non-specified day falling

in that month, and the probability of not exceeding a given rainfall

event, as shown in equation 12.



21

P[x<X] P[x<X I month = iJ * P[month = ii 12)

where i equals months January to December

P[month = days in month/365

P[x<X} = F(X)

Six different rainfall events where chosen (.1, .25, .5, .75, 1,

and 2 inches ) and the probabilities of a storm of a lesser

magnitude are given for three stations. A comparison of the

probabilities, using the parameters generated by the year as a

month method, and by the method described above are shown below.

Arlington 0.10 0.25 0.50 0.75 1.00 2.00

yearly 0.921 0.970 0.991 0.996 0.998 0.999

equation 12 0.893 0.956 0.988 0.995 0.998 0.999

yearly 0.496 0.566 0.715 0.834 0.908 0.991

equation 12 0.537 0.645 0.785 0.873 0.926 0.991

Portland_________
yearly 0.576 0.577 0.596 0.664 0.782 0.997

equation 12 0.670 0.794 0.910 0.959 0.980 0.998

Table 2: The numbers in the table represent the probabilities using
the two methods. The respective magnitudes, in inches, are listed
in the first row.
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While there appear to be some large differences in the

probabilities given above, notably in the low end for Portland, it

should be noted that for the drier stations, the year as a month

method predicts a greater likelihood of a smaller event occurring

than the monthly methods. For wetter Western Oregon stations the

opposite is true. Again this is consistent with the fact that we are

smoothing out the extremes. While treating the year as a month to

derive Z parameters is not acceptable, it shows consistency and

may be looked into further to deal with stations that have

incomplete records. It might be possible in these cases to process

a station with a long record by the month and by the year. The

ratio of the monthly parameters to the yearly can then be used to

estimate monthly parameters of neighboring stations having only

yearly parameters, due to the short nature of their records.

2.4: Duration Conversion

For applications such as river forecasting events with

periods less than 24 hours are of great interest. In this section we

will look at a method to determine the Z value of precipitation

events with non-daily periods.

Historical hourly data do exist for many stations. However,

if we attempt to derive hourly parameters in the same manner as

the daily parameters the results are of little use. The CDF curve is

effectively flattened out to such an extreme that for many stations

no usable information can be gathered. The scope of this problem
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can easily be seen by looking at a low-precipitation station in

Eastern Oregon. In this case the probability of a dry hour (x = 0) in

July is often in the neighborhood of .98 or higher. Any results

derived from this would be dubious at best, since our F(x1) is of

the same magnitude and perhaps smaller. Due to the magnitude of

F(x1) we do not have the ability to derive Z transform parameters

for a hourly time frame. However, we may derive a Z transform

value for durations other than 24 hours. Earlier work (Bissell,

1990b) simply took the ratio of interval precipitation to 24 hour

precipitation and plotted that ratio against the time interval for

precipitation amounts having the same return period in years. That

method does not consider different probabilities of zero

precipitation for different intervals, nor does it give a consistent

basis for looking at various duration rainfalls occurring during the

same event. This is much more important if we are looking at the

probability of 1 hour events embedded in longer term extreme

events, which is much more relevant in terms of operational data

checking.

Much of the work on duration conversion of extreme

precipitation values is based on work found in NOAA Technical

Reports NWS 21 (1979) and NWS 27 (1981), along with work done

by Bissell (1990b). The probability of the largest precipitation

amounts of different durations associated with extreme

precipitation events of selected durations are given in NOAA

Technical Report NWS 27. Figure 6 is extracted from NWS 27,

which gives the ratio of rainfall amounts of different dependent

duration's associated with first quartile six-hour extreme rainfall

events in the Pacific Northwest (West) region.
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This graph was prepared using the top 25% of six-hour

extreme events. These are yearly probabilities and therefore are

most indicative of seasons with the most extreme events. The six-

hour duration is taken to be the independent duration since the

shorter time intervals are of most importance here.

1.0

III.

0 .2 .4 .6 .8 1.0

Probability

1 HR

2 HR

3HR

HR

HR

Figure 6: The x axis shows the accumulated probability given for
dependent duration's greater than 6 hours. For dependent durations
less then 6 hours the accumulated probability would be one less
the listed probability. The independent duration is 6 hours, the
dependent duration's are as listed in the legend. The figure was
extracted from NOAA Technical Report NWS-27, p.93.
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Figure 7: This figure shows the ratios of different duration
precipitation events to a 24-hour event. The curves are presented
for both the Eastern and Western Pacific Northwest. The x axis
shows the length of the dependent duration interval. The y axis
shows the ratio of the magnitude of the 24-hour independent event
to the mean magnitude of the dependent events. This figure is
taken from NWS 27.

Ratios of dependent duration precipitation with a 50%

probability to a normalized independent duration precipitation, are

taken from figure 6. These ratios are normalized to 1.0 for the 24

hour duration. The fourth quartile is averaged into the final result

as well. The end product of these computations is presented in

figure 7, which gives us a means to determine typical precipitation

amounts of 1-hour duration associated with extreme 24 hour

events.
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The 1-hour value is really an upper bound on the desired 50%

point. This is because the 1-hour dependent duration gives the

probability of the largest 1-hour amount within the 6-hour period,

which is a "first order statistic" in a sample size of six. As the

number of dependent duration intervals grows within the

independent duration interval, the largest dependent duration value

within the independent interval becomes less and less

representative of the independent duration interval as a whole. For

this reason it is suggested (Bissell, 1990b) that we take the

normalized 3-hour duration point and draw a straight line to the

origin to interpolate the lhour duration. This adjustment has

already been done in figure 7. The result is a means of finding the

largest typical 1-hour amount embedded in a 24-hour extreme

event. Given this value we can precede to convert a 24-hour Z

score to a 1-hour Z score. The only new value that is necessary to

derive is the probability of no precipitation in a 1-hour period,

which can be taken from historical records. To perform the

conversion we find:

Z,0 = N [P(x24 = 0)] 13)

Z1,o = N [P (x1 = 0)] 14)

X24max = [exp(3.5) y0] I }(1/) 15)

Xi,max = X24(Z = 3.5)*(conversion factor from fig. 7) 16)

Zi,max In {y0 + [l3(Xi,max)]} 17)
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Where the first subscript represents the time frame and the second

is the magnitude of the event, and max is given to be 3.5 standard

deviations from the mean (Z=3.5). Plotting the points (Z1,0, Z240)

and (3.5, Zi,max) on a graph of Z24 vs. Z1, figure 8, gives us our

conversion relation. Similar curves may be drawn for different

durationts. This gives us duration conversions for any time frame

where the probability of zero precipitation is known.

3

zi

1

[II

(Z24,max, Zi ,max)

(Zi,Q , Z24,Q)

0 1 2 3

z24

Figure 8: The y axis represents the Z score using equation 3 with
the 1-hour x value. The transformed Z score is then read off the x
axis by finding the intersection of Zi and the plotted line.
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Chapter 3: Quality Indicators

After a QA check is performed the data are not corrected.

They do, however, receive three data quality control identification

bytes (Bissell, 1989a). These bytes represent the data qualifier

(DO), the quality departure score (aDS), and the quality process

indicator (aPI). The DO descriptor was designed originally to fit

within the Hydromet standard hydrologic exchange format (SHEF)

data format. Due to this heritage the three QC bytes are used in a

nonstandard way. The use of this format will allow further

information to be carried with the three bytes beyond what is to be

described here. This enables the QA scheme to evolve with further

implementations of the system. For now we will concern ourselves

with only the three values: DO, ODS, and QPI. The actual values of

the OPI are somewhat arbitrary; we are interested in the relative

values. We have deviated from the SHEF format where needed but

adaptation into the SHEF code would be trivial.

The QDS which is assigned to a procedure result is 40 times

the number of standard deviations between the transformed

estimate and the transformed observation. The number 40 was

picked so the SHEF format could carry further information along

with the ODS. An example might be whether the observed value is

higher or lower then the estimate. For a pattern test, as opposed

to an estimator test, the QDS will have to be subjectively assigned.

A QPI is assigned to a procedure result as well. The QPI is

essentially a rating on the level of sophistication of the checking

procedure. The OPt would be zero if no test of any kind has been
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performed. If only a climatologicaf test is performed a minimal

acceptance is the highest opinion the test can return. As further

tests are performed higher composited OR! values are returned,

representing the greater faith in the opinion of the QC scheme. As

tests become more discriminating, higher OPIs are assigned.

The DO, which is already available in the SHEF format, is

simply a character representing the believed quality of the data

(Bissell, 1989b). DOs are useful for a general description but can

not be used to revise the quality opinion of that data. Translation

of the numeric OPts and ODSs to a more descriptive DO is

straightforward and is shown in figure 9.

The OPI and ODS are plotted on figure 9, and the resultant DO

is determined. DO values are 'V (verified), 'S (screened), 'Z' (null),

'C' (minimal acceptance), '0' (questioned), and 'X' (rejected). It is

believed that the DO descriptors are necessary to provide a

simplified format for users who may just wish to use data values

of a general quality level. Clearly at a glance a 'V is more useful

than the more descriptive QDS = 37, OPt 155. Across the top of

the figure is a fraction giving the probability that a valid value

would have a ODS of that value or higher. For example a ODS of 115

would be assigned to an event that lies about 2.9 standard

deviations from the conditional mean. Values greater than this

should occur approximately once in every 300 valid observations A

ODS of 115 also happens to be the nominal value at which data are

assigned a '0' or questioned. It is to be understood that in future

generations of this model the nominal parameters determining the

DO scores would be sensor specific. By giving the various DO

values default QDS and OR! values we can also translate from DOs
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back to the numeric descriptors if needed. For example, more

extensive QA tests might need to be performed on data that have

already been checked.
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Figure 9: Plot of DO values relative to the ODS and OPI values.



Chapter 4: Quality Control Tests

Four tests ha

data. The tests are

persistence and the

test is addressed in

considerations that

first.

4.1: Theory

31

e been developed to gauge the quality of the

based on the climatic history, MOS forecasts,

present weather at neighboring stations. Each

turn in the following sections. Some technical

are inherent to all tests will be discussed

If the observed value v is drawn form a Gaussian field, the

normalized variable z is given as

Z=(V-f)/Yvf 18)

where f is the mean of the field variable, f, and vf is the standard

deviation of the field. Since z is distributed as standard normal

N(O,1), the standard deviation is due to both field variation and
measurement error. We will assume that these two factors are un-

correlated and estimate the variance, vf2, as the sum of the

variances due to measurement error, y,2 = var(v -f), and the

variance due to field variation, 2 = var(f - f), Since we use

observed data to compute historical field variance, it is actually

Yvf2 that we compute. Usually Y2 >>
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In all of our four tests we effectively take the observed field

value and subtract an expected value. As discussed earlier we are

dealing with a data field that is not normally distributed. We

therefore must first normalize the observed value and the

estimated value. The difference between the transformed

measurement z and the transformed field estimate e is the basis of

all of the 00 tests employed in this report. If we call this

difference S

19)

= (v-/Gf - (w-/
= [1/vf]*(v.w)

Where w is the estimate. The variance of S

= var[(VW)IGVf] 20)

= (1kf2)var(v-w)

= (1/t2)var[(v-f) (w-f)]

Since we assume that the errors, namely the field estimate, (w-f),

and the field measurement, (v-f), are uncorrelated the above

equation can be further simplified as;

= (1 /Gf2)[var(v-f) + var(w-f)] 21)

= (l/G,f2)[G2 + 2]

= (G2 + G w2) / (y\,2 + 2)

In the case of climatology, where w=f, equation 19 above becomes

= (z e) / Gvf

and equation 21 becomes

22)
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32 [var(v-f) + var (f-f)]Io.t2 23)

=

=1

For any of the other tests where 2 <

- [var(v-f) + var
(w-f)]/aVf2 24)

= + 2) / (Y2 +

Since the transformation is a normalizing one, the value of the
numerator, or the climatological variance of the transformed
measured field, may be approximated as 1 .0. Therefore;

(G2 + 25)
For simplicity we will define the "standard deviation divisor" or k

k = [1Ic2}.5
26)

This term will be used throughout this report to test the
reasonableness of the data and to assign OPt values. The equation
used in all of the tests is a scaled difference;

g-6/
27)

= (z e) k

We make the assumption that the difference between the
estimate and the observed value is due to estimation error and
measurement error. We take these errors to be uncorrelated and
Gaussian. Therefore the difference of g should be distributed as
standard normal N(0,1). The absolute value of g therefore
represents the agreement between the estimation and the
observation in terms of standard deviations. The value of k must
then be determined empirically.
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There is a large region of the Z variable which transforms
into zero precipitation. The integral of this region would represent

the probability of zero precipitation. The undefined nature of this

region leaves some ambiguity when transforming zero

precipitation to a Z value. Equation 28 takes the Z transform of

x=O to be the Z variate having a CDF equal to half the probability of

no precipitation. In an effort to deal with the non-continuous

nature of Z(x=O) we experiment with the use the following equation

to find a more representative Z value.

Z(x0) = N1[.5 *Fx(0)1 28)

4.2: Climatological Test

For the climatological test, we take the reported

precipitation amount and compare it to the expected amount. With

this approach the test simply involves the number of standard

deviations from the mean of the transformed value. After the data

has been normalized [N(o1)], the probability of an event not

exceeding a threshold is given by equation 1 where the mean is

zero and the standard deviation is one, or:

g=lzel*k 29)

where z is the transformed observation, e the estimation in this

case the mean value or 0, and k is 1 as described above. Equation

29 then simplifies to z.
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As described earlier, the QDS is assigned a value equal to 40

times the number of standard deviations from the expected value.

More specifically;

QDS=40*g 30)

The QPI value assigned to this test and similarly for all

subsequent tests uses the following equation.

QPI 16 + 238 *
[1 - (l/k)]0 31)

Where k is the standard deviation reduction devisor, and QPPWR

will be set to 2 initially. For the climatological test k is equal to

1. This causes equation 30 to yield a QPI of 16. Referring back to

figure 9 we see that a climate test alone can at best return a DO of

"C", or minimal acceptance.

4.3: Persistence Test

The theory behind the persistence test is that it is uncommon

in many cases, most notably, Western winter stations, to have a

large event that is not preceded by some rainfall. We therefore use

the previous period's rainfall amount, Zt..i, as our estimate for the

present period z1. This is adjusted further by multiplying Zt1 by

FTSE to derive e. The parameter FTSE will vary by data type, and

by season and location. Based on unpublished studies done at

NWRFC by Clint Moshofsy and V. C. Bissell in 1986-87, the FTSE

adjustment is necessary to correct for biases. The resultant g
score is then:
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g=lzel*k 32)

QDS=40*g 33)

OPt = 16 + 238(11/k)OPPWR 34)

k=1+(KTSE1.0)*exp(t/TN) 35)

The values for KTSE, QPPWR, and TN, are originally given

default values, which may be found in the Appendix. These default

values will be adjusted based on empirical tests using historical

data.

It should be recognized that persistence is effectively a

pattern test as opposed to an estimator test. For this reason, it is

suggested that in future work the persistence test be corrected

accordingly. Perhaps this would entail using a more complete test

incorporating more pattern information. For example, this test

may include pattern checks for frozen gauges, errors in data

transmission/entry, or incorporating other parameters such as

comments on surface airway reports. This is, however, left for

future work while at this time the persistence test is solely a

estimator test.

4.4: Forecast Test

Various computer-generated grided forecasts are available.

It is possible to incorporate these forecast data into our QA tests.

One of these forecast sets is called Model Output Statistics (MOS),

which uses climatic data to make estimates based on historical

records and trends.



37

Before incorporating MOS into our QA scheme it was

necessary to study the behavior of MOS forecasts for any inherent

bias. To accomplish this the daily MOS forecast over three years

was compared to the actual observations for those days. MOS

forecasts come in different forms of output. One of these is in the

form of 6 hour probability of precipitation amount (POPA) and

probability of precipitation (POP). POPA is the probability of

different precipitation amounts occurring. These amounts are

broken down into classes of precipitation, such as the probability

of more than .25 inches of rain occurring in the 6 hour period in

question. These classes are:

c1 = MOS POP greater than .25 inch.

c2 = MOS POP greater than .50 inch.

c3 MOS POP greater than 1.00 inch.

POPA effectively represents the probability of rain occurring.

Therefore the estimated amount of precipitation occurring in the

six hour forecast period, E, can be derived using (Bissefl, 1 993b):

E0.6= [FFEQ(c3) + 1.4(1-c3)c3] + .7(c2-c3)+

.35(cl-c2) + .1(POPA-cl) 36)

Where FFEO is the 6 hour 2 year event taken from the Precipitation

Frequency Atlas of the Western United States. Summing four

subsequent six hour amounts will give us a 24 hour precipitation

forecast from time OZ to OZ. The observations that we are

comparing these results to are from midnight to midnight local

time. The local daily forecast is made using the following formula:

E24 = (213)E06 + E612 + + E1824 + (113)E05 37)

The forecast is at Pacific Standard Time, and no attempt was made

to correct for daylight savings time. Both the observations and the



cii

MOS forecast amounts are normalized using the Z transform. The

difference in the Z values are then computed. The test was run on

data for the years 1989-91, for 9 stations in Oregon. A histogram

of cases where MOS and the observed Z values differed by more

than +1- 1 .0 standard deviation is shown in Table 3.

Normalized MOS forecast less normalized observation

Station -3 to -2 -2 to -1 +1 to +2 +2 to +3

Astoria 6 43 4 0

Burns 1 14 5 0

Eugene 1 50 4 0

Medford 0 12 11 0

North Bend 7 38 4 0

Pendelton 0 21 3 0

Portland 2 33 16 0

Redmond 0 11 1 0

Salem 3 26 16 0

Table 3: Top row shows the range of differences between the MOS
forecast and the observed Z values for the selected stations in the
first column. In no case was the difference more or less than 3
standard deviations.

From the histogram we see that MOS tended to under-predict

the event. This is to be expected, for MOS uses statistical

information based on previous climatological data to make its

forecasts. MOS takes the present conditions and bases its forecast

on previous instances where the initial conditions were similar.

Extreme events are therefore not predicted. Since MOS tries to
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predict the most likely event given the initial conditions, the

extreme events will be averaged out. For this reason the MOS

estimate is adjusted by multiplying the estimate by FFFE to adjust

for the inherent bias.

As with the other tests we use:

g=lzel*k 38)

QDS=40*g 39)

OPI = 16 + 238(l1/k)OPPWR 40)

Where e is the normalized and adjusted forecast value, taken from

the nearest station with a MOS forecast. The value for k is

adjusted for both time and distance.

kt = 1 + FFEQL * exp(tIFFETp) 41)

k = 1 + (ktl) * exp(d/DN) 42)

Equation 41 is run first, adjusting for the lag time of the forecast

t. This is followed by equation 42, which adjusts for the distance

from the forecasting station or d.

4.5: Adjacent Station Test

Probably the most reliable QA check that we can perform is

comparing the event at one station to what is occurring at

surrounding stations. Clearly, an inch of rain falling in one hour at

station A is going to be questionable if stations B and C, both lying

within ten miles of station A, report zero precipitation. While this

test is reliable, it is also fraught with potential problems. Most of

these are counteracted by normalizing the data from the stations
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distance from the station of interest. However, some problems do

arise: the reliability of the adjacent stations data; effects of

orography; and a bias induced by concentrating on the closest

stations as opposed to the stations having the highest correlation

with the station of interest. Most of these biases can be corrected

in further QA schemes by using a lookup table for the adjacent

stations based on those stations precipitation correlation with the

station of interest. For example, Government Camp, a station near

Mount Hood at nearly 4,000 feet in elevation, and Salem, a valley

station closer to 200 feet, are approximately equidistant from

Portland. However, it can be assumed that Salem's weather is

more indicative of the weather in Portland than that of Government

Camp. Since the elevations of Salem and Portland are quite similar

it could be argued that in an adjacent station test Salem should

have more bearing on the estimate for Portland. It is hoped that

most of these biases will be relatively unimportant after

normalizing the data.

If we have multiple, simultaneous, independent, unbiased

estimators, z , for the transformed field (in this case the z scores

for surrounding stations), a multivariate estimate, Ze, for a station

can be derived as:

Ze aj*z1 + a2*z2 + + a*z 43)

a = k12 / 44)

where = 1

= {(h12*KG0E0) + 2*[1 exp(di/DN)])1 45)
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Where di is the distance from station i to the station of interest,

and ON is the decay distance. In equation 45 (Bissell, 1993b) the

first term represents the variance due to measurement error, the

second term represents the variance due to field variation. The

values KGCEC and ON are assigned initial values, and will refined

later.

Due to spatial separation, an exponential decay function is

used to set the respective weights a. This may be updated in

future models to take into account the biases described above. An

adjustment parameter, FGHE, is multiplied by Ze in the same

manner as the previous tests. The difference between the

composite estimator Ze and the transformed value for the station

of interest multiplied by k is then our g score which is again

multiplied by 40 and represents our QDS:

QDS4O*IZZeI*k 46)

The OPIs are set by the formula;

OPI = 16 + 238(11/k)OPPWR 47)

given;

k = {(h12*KGcEc) + [1-k2} }-1 48)

If several independent estimators for a field are available, it

will be preferable to use the composite estimator in a single test

rather then using a series of single tests. If single tests are used

it would increase the likelihood of flagging an extreme event. This

would be due to the fact that in our QA scheme failures give us

more information than verifications. In other words, by giving data

a low QDS all we are saying is we can not find anything unusual

with that data. This does not imply the data are correct. On the
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other hand, a failure (high QDS) states that the data are in fact

suspicious. Therefore we are obHged to weight failures higher

then verifications. This will become more clear in section 4.6.

&6: Composite of Sequential Test Results

Each of the above tests return QDS and OPI scores; thus there

is a question of how to deal with each new opinion as it becomes

available. It should be kept in mind that the tests can say nothing

about the validity of data; they can only point out suspect or

erroneous data. A QDS of 0 does not imply that the data is perfect,

it simply means that nothing is unusual about the data.

One method of dealing with multiple QDSIQPI scores would be

to carry all the scores along with the data and let the end user

decide what information is to be used. From a storage/retrieval

perspective this would be highly inefficient, and next to useless

from a communication standpoint. The solution to this problem

would be to constantly update the ODS/OPI scores as each new test

is performed.

The criterion for retaining or replacing the QDSIQPI scores

should adhere to the following rules (Bissell, 1990c):

1) If the QPls of two tests are equal then the higher QDS should be

saved.

2) If the QDSs of the two tests are equal then the higher OPt should

be saved.







An algorithm for this process is as follows. Given:

Prior opinion = (QDS, QPI)

Current opinion = (QDSt, QPIt)

the new composite opinion (QDS, QPI) is given by;

QPl= max[QPl, QPlt]

QDS (QPIEXTmax OPIn)

where

QPIEXTmax = max[QPlEXT, QPIEXTt]

QPIEXT = QPI + QDS

QPlEXT = QPl + QDSt
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QPIEXTmax can be thought of as the lowest OPI which will fully

extinguish the memory of the prior test.

Consider the following example:

TEST1: QDS1= 132 QPI1=12

TEST 2: QDS2 140 QPI2 = 20

TEST 3: QDS3 = 40 QPI3 = 80

TEST 1 and TEST 2:

QPI = max [12, 20] = 20

QPIEXT1 = 12 + 132 = 144

QPJEXT2=20+ 140=160

QPIEXTmax 160

ODS = 160-20 = 140

result: QDS = 140 QPIn= 20

test 1 ignored.

RESULT and TEST 3:

QPI = max [ 20, 80] = 80

QPIEXT1 = 20 + 140 = 160



QPIEXT2=80+40= 120

QPlEXTmax = 160

QDS= 160-80=80

composite: QDS = 80 QPJ = 80

test 2 and test 3 composited.

The results are shown graphically in figure 12.
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Figure 12: Graphic representation of a method of deriving a
composite score. The values are the same as the example
presented in the text.
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Chapter 5: Results

In the following sections the behavior of the four tests

described above will be addressed in turn. The behavior of the

scheme used to composite the data will also be investigated. Two

study areas are presented: one group containing 14 stations in

western Oregon, and an Eastern study group containing 5 stations.

Based on these study areas a suggested adjustment of the default

parameters is presented for a demonstration. Finally, an extreme

event of late October 1994, will be presented for the Western

group. The different default parameters used in this chapter can be

found in the Appendix.

5.1: Climatology Test

For stations located in Portland, Astoria, and Arlington the

rainfall depths which yield threshold values for screened (ODS >

90), questioned (QDS > 115), and rejected (ODS > 140) are presented

in Table 4. The table gives these values for both January and July.

Selection of the threshold values are somewhat arbitrary.

They are based on the number of standard deviations from the

mean; for example ODS = 140 is 3.5 standard deviations greater

than the mean. Therefore an event 3.5 standard deviations larger

than the mean is necessary to reject a value. This corresponds to a

.0002 probability of occurrence.



Station-Month ODS = 90 QDS = 115 QDS = 140

Portland-January 1.51 2.50 4.09

Portland-July 0.52 1.03 1.87

Astoria-January 2.41 3.90 6.25

Astoria-July 0.74 1.47 2.77

Arlington-January 0.66 1.16 1.96

Arlington-July 0.28 0.59 1.04

Table 4: The first column holds the station name and the month.

The table holds the daily rainfall depth, in inches, that is needed to

return the ODS values listed at the top of the next three columns.

The numbers presented above can be compared to the return

periods given in "NOAA Atlas 2 Precipitation-Frequency Atlas Of

The Western United States'. This resource only gives yearly as

opposed to monthly return periods. Also the NOAA Atlas is based

on amounts in a 24 hour period while the Z parameters are midnight

to midnight. Selected return periods are presented below.

Years 2 5 10 25 50 100

Portland 2.6 3.1 3.4 3.9 4.2 4.7

Astoria 3.5 4.0 4.5 5.5 6.0 6.5

Arlington 1.0 1.3 1.5 1.9 2.2 2.4

Table 5: A listing of selected return periods gathered from NOAA

Atlas. The numbers in the first row represent the return period in

years, while the numbers in the table are the depth in inches for an

event of such a return period, for the listed stations. The return

periods are for 24 hour precipitation.



The tables above can be interpreted as follows: a 4.2 inch

event at Portland in January corresponds to a 50-year storm. The Z

parameters yield a QDS greater than 140 for an event of this

magnitude. The data is marked as rejected.

January is the height of the rainy season for Portland; for

this reason the NOAA values concur with the Z parameters. If we

look at events in July, the NOAA Atlas does not serve as a good

control. This can be explained by the fact that NOAA is a yearly

output and more accurately represents the extreme months. The

January events more closely match the extreme NOAA values, such

as the 50 year storms. It may be assumed therefore that the

behavior of the July parameters are also representative, but no

accurate comparison is available. This is consistent with the work

done in section 2.3. it may be possible to exploit this as a means

to provide a monthly output along the lines of the NOAA yearly

return periods.

5.2: Persistence Test

The persistence test is the first of the more sophisticated

tests. This is represented in a higher standard deviation divisor or

k. For the following example we will use Portland for the month of

October. The default value for k in this case is 1.18. This increase

relates to an increase in the OPt value to 21.5 compared to 16 for

the climate test. Two examples are shown below to give the

general idea of the behavior of this test.
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In the first example we will imagine no rainfall in the

previous day, and none today. The z score in this case is .28. After

multiplying by FTSE the estimated value for persistence is .1. This

leads to a QDS of 8.55, while climate would return a QDS of 11.15.

Persistence is scoring lower than climate, as might be expected.

In the next scenario we have zero precipitation on the

previous day and one inch today. In this case climate returns a ODS

of 86.9, slightly below the threshold for screening but still

verified. Persistence returns a QDS value of 97.7, a value that

would return a DO of S.

5.3: Adjacent Station Test

As was mentioned earlier the most sophisticated test is the

adjacent station test. In this test the reported value at the station

of interest is compared to the values at as many adjacent stations

as is desired. The contributions of the comparison stations to the

estimated value for the test station are weighted by their relative

distance from the test station. At this time the number of

stations used in the testing procedure is undefined. In the final 00

scheme it would be desirable to have the stations weighted by not

only distance bLit climatic similarity. By this it is meant similar

elevations, climatic histories, directional aspects, and geographic

relationships. This may be unnecessary, however, due to the

normalization scheme defined in chapter 2. In an attempt to

examine the behavior of the adjacent station test, sample output

will be shown and discussed for hypothetical situations. These
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examples use Portland as the test station with Jewell, Lee's Camp,

Salem, and Gresham as the comparison stations.

These stations where chosen for the homogeneity and long-

term nature of their records. Below is a table showing the

approximate distance from Portland and each station's contribution

to the estimated rainfall value. The weighting percentages are the

coefficients aj defined in equation 44.

Station Distance Weighting

Jewell 50 20%

Lee's Camp 41 24%

Salem 44 23%

Gresham 28 33%

Table 6: List of comparison stations used, their distance in mUes
from Portland, and their weighting factor as a percentage.

Geographically, Portland, Salem, and Gresham all are situated

in the Willamette valley and have similar climates. Jewell and

Lee's Camp are both stations in the Coast Range. These stations are

generally wetter than the valley stations. The weather at Jewell

and Lee's Camp can at times be notably different from that of the

valley.

In the tables below we will investigate how the observations

at the different stations affect the estimated value at Portland.

The data are all hypothetical and were chosen to illustrate various
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characteristics of the model. All precipitation amounts are in

inches, and the Z parameters used are for October.

In trial 1, Table 7, all stations reported zero precipitation.

The non-zero QDS value demonstrates the ambiguity of

transforming zero rainfall amounts.

In the example in Table 8, .1 inches is not an unreasonable

value for any of the stations, with respect to climatology. The low

ODS is again expected due to the low estimated Z score. In the

event of a false zero, i.e. a stuck gauge, the adjacent station test

needs high values for the surrounding stations to flag the event. In

this case the estimated value would need to be of the order of Z =

1.08 to flag the event as screened (see trial 3).

Station Precipitation Z value

Portland 0.0 .28

JeweIl 0.0 .20

Lee's Camp 0.0 .25

Salem 0.0 .25

Gresham 0.0 .34

Table 7: (trial 1) Precipitation, in inches, and related Z values, for
the stations listed in the first column. The estimated Z value is
.27, which yields; ODS = 1, OPI = 114, DO = V.
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Station Precipitation Z value

Portland 0.0 .28

JeweIl 0.1 .28

Lee's Camp 0.1 .31

Salem 0.1 .43

Gresham 0.1 .41

Table 8: (trial 2) Precipitation, in inches, and related Z values, for
the stations listed in the first column. Estimated Z value = .36,
QDS=9, DQ=V.QPI=114

Station Precipitation Z value

Portland 0.0 .28

Jewell 0.7 1.14

Lee's Camp 0.7 .91

Salem 0.5 1.29

Gresham 0.5 1.16

Table 9: (trial 3) Precipitation, in inches, and related Z values, for
the stations listed in the first column. Estimated Z value = 1.13,
ODS 95, OPI = 114, DO = S.

In trial 3 relatively large events are used to push the score

into the screened region. As can be seen, the test can be used to

sense a false zero.

In trial 4, .35 inches at Portland would pass the climate test,

with a ODS of 45. The adjacent station test scores a screened ODS

value of 94. This seems consistent with the unlikely probability of
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receiving a precipitation event of .35 inches at Portland, while

reporting no rainfall at surrounding stations.

In trial 5 all stations report a precipitation amount of 3

inches. The climate test would reject this amount with a score of

143. The adjacent station test finds nothing peculiar and passes

the report with a low QDS.

Station Precipitation Z value

Portland 0.35 1.11

Jewell 0.0 .20

Lee's Camp 0.0 .25

Salem 0.0 .25

Gresham 0.0 .34

Table 10: (trial 4) Precipitation, in inches, and related Z values,
for the stations listed in the first column. Estimated Z value = .27,
ODS = 94, QPI 114, DO = S.

Station Precipitation Z value

Portland 3.00 3.58

Jewell 3.00 2.91

Lee's Camp 3.00 2.32

Salem 3.00 3.41

Gresham 3.00 3.84

Table 11: (trial 5) Precipitation, in inches, and related Z values,
for the stations listed in the first column. Estimated Z value =
3.19, QDS = 43, OPI = 114 DO = V.
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Station Precipitation Z value

Portland 0.0 .28

Jewell 8.00 4.35

Lee's Camp 0.0 .25

Salem 0.0 .25

Gresham 0.0 .34

Table 12: (trial 6) Precipitation, in inches and related Z values, for
the stations listed in the first column. Estimated Z value 1.10,
QDS = 92, OPI = 114, DO = S.

This final example, trial 6, illustrates a possible problem

with the adjacent station test. The comparison station values are

as yet untested. If bad data is used as a comparison it can

invalidate the results. For example, if 8.00 inches of rain is

reported at Jewell when the actual value is .08, the adjacent

station test yields a ODS of 92 or a screened value for Portland. It

is hoped that errors such as this would be corrected when the

adjacent station test is composited with other high QPI tests, such

as the forecast test.
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5.4: Forecast Test

In this test a MOS forecast is used to test the reliability of

the data in question. The following hypothetical cases, shown in

Table 13, are for Portland in the month of October. For all of these

cases the lag time is 12 hours which yields a QPI of 70.

trial x Z(x) fcst Z(fcst) QDSc QDSf

1 1.10 2.29 .50 1.43 91 66

2 0.00 .28 .60 1.61 11 102

3 1.10 2.29 0.0 .28 91 153

4 5.00 4.27 3.0 3.58 171 53

Table 13: For the 4 trials the reported 24 hour rainfall amount, x,
and its transformed value, Z(x), are given. Also given are the MOS
forecast for the period, fcst; these forecasts are then normalized
to an estimate, Z(fcst). The climate QDS (QDSc) and the forecast
QDS (QDSf) are also listed.

In trial 1, 1.1 inches of rain fell, and the corresponding Z

value is 2.29. For the climate test, this would return a QDS of 92,

with a corresponding DO of S. In this case, a climatologica!

screened value is easily verified in the forecast test.

Trial 2 demonstrates the behavior if a false zero is reported

and MOS forecasts an amount of .6 inches. In this case the forecast

test returns a screened value to the data.
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For trial 3 the opposite case is presented: a large rainfall

amount with a forecast of no rain. In this case the climate tests

QDS is slightly larger than the screened threshold of 90 and

returns a DO of S. The forecast test easily rejects this

observation.

Finally, trial 4 gives an example of the tests response to a

major storm event. In this case a relatively high forecast value

pulls the score back down to a reasonable level. This case will be

explored further in chapter 5.6 where actual data from a major

storm will are presented.

5.5: Real Case Performance

In this section archived historical data is used to give a

sense of how the test will perform, and to adjust the default

parameters. There are two study groups. The first group consists

of 14 Oregon stations, all west of the cascades. Due to

inconsistencies in the historical data base, only 9 years of records

were fed through the testing scheme. These 9 years yield a total

of over 46000 data points. Unfortunately, no forecast data has

been archived for this time period, so the forecast test was left

out of this run.

The second test group consists of only one eastern Oregon

station, with 4 adjacent stations included to perform the adjacent

station test. Again, no forecast test was included in this case.



Three years of forecast data are available, form 1989

through 1991: this data was used for a third study. This last study

uses the eastern group.

Finally the 14 Western Oregon stations were used to perform

a study on a extreme event that occurred during the latter part of

October, 1994.

5.5.1: Western Oregon

For the western Oregon study group 14 stations, all west of

the Cascades, were chosen. These stations were initially chosen to

match the available data from an extreme 1994 event. There is a

considerable spread among the stations' locations and record

lengths. This was intentional; it was hoped that problems arising

from differences in the record lengths, and locations would

highlight potential problems in this 00 scheme.

The location of the stations in this group cover two mountain

ranges and an intervening valley. An effort was made to compare

stations in similar geographical areas during the adjacent stations

test, but this was not always possible. Table 14 shows the

stations, the length of the historical records, and the stations used

for the adjacent station test along with the distance from the

tested station.
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index station length adjacent station /distance

1 Jewell 1954-86 2/23 4/33 14/50 3/35

2 Lee's Camp 1948-90 1/23 3/19 14/41 4/31

3 Scogins Creek 1973-85 2 /19 8/35 1 /35 4/20

4 Dixie Mtn. 1975-86 1/33 2/31 14/19 3/20

5 Gresham 1948-86 14/11 6/28 7/35 13/28

6 Three Lynx 1971-86 5/28 7/28 12/28 14/35

7 Scotts Mills 1971-86 13/19 6/28 14/35 5/35

8 GrandeRonde 1948-86 3/35 9/30 13/30 2/38

9 Summit 1971-86 8/30 3/60 13/35 12/47

10 Foster Dam 1970-86 11/19 12 /35 7/44 13/41

11 Quartzville 1948-86 10/19 12/15 7/35 13/39

12 Detroit Dam 1950-86 10/35 11/15 7/35 13/44

13 Salem 1948-85 14/44 7/19 5/49 8/30

14 Portland 1948-85 4/19 5/11 13 /44 6/35

Table 14: The first column gives an index number referencing the
stations. The period of record used for deriving the Z parameters
is given in column 3. The 4 adjacent stations, denoted by their
index numbers, and their respective distances (in miles) are shown
in the following 4 columns

Due to the variation in the records lengths the study period

covers the years 1976 to 1985. Three tests: climatology,

persistence, and adjacent stations, were run sequentially. The

scores were then composited, following the procedure given

earlier. The results are shown below in Table 15.



threshold climate pers. adj. stat. composite

O>QDS<90 40313 40033 40631 39088

90>QDS<115 427 393 135 1673

115>QDS<140 65 123 30 32

140>QDS 12 29 21 24

missing 5215 5454 5215 5215

Table 15: The first column gives the threshold values. The number
of data points that fall within the ranges indicated in the first
column are then given for each test. Due to the dependence of the
composite DO value on both the ODS and OPI scores the column
labeled composite gives the number of DO values relating to V, S,
0, and X as opposed to the ranges of ODS scores listed.

In the case of the climate test, the distribution should be

Gaussian N(1,0). This distribution should relate to .0002 of the

data lying above QDS140, .002 of the data lying above QDS = 115,

and .0122 of the data lying above ODS = 90. In Table 16 the

distribution of the ODS scores for the climate test are given for

comparison to an expected or Gaussian distribution.

Refering to figures 13a and 13b we can clearly see the effect

of the undefined nature of the transformation of x=0. The region

above approximently 1.3 is, however, a reasonable fit to a normal

distribution.
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threshold expected climate

O>QDS<90 40319 40313

90>QDS<115 416 427

115>QDS<140 74 65

140>QDS 8 12

Table 16: The first column gives the threshold values. The next
two columns show the expected distribution and the actual
distribution.
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Figure 13: The figures are histograms showing the number of
occurrences, on the y axis, of categories of Z values. The bins are
.025 in width. Figure b shows the same curve as figure a for the
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A standard normal curve relating to the same number of
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Referring to Table 15 it can be seen that the persistence test

has more missing data than the other tests. This is because this

test needs the previous period's data as well as the data from the

present period. One missing data point causes two successive days

tests to return no opinion.

The persistence test, as well as the adjacent station test, do

not yield a standard normal distribution. While the climate test

effectively takes the difference of a normalized value from its

mean, the other tests take a difference from an estimated value.

The distribution of these errors appears to not be normal. The

standard deviation divisor term does give us control over the

distribution, however. To demonstrate this control the following

examples are presented. For the first example the default

parameters for the persistence test are changed. The defaults used

in this section can be found in the Appendix. The nature of this

change was to adjust the standard deviation divisor so the

distribution more closely matches the distribution of the climate

test. This is not presented as a suggested change to the

parameters, but only to show the malleability of this OC scheme.

The criteria for the new parameters was to match the number

of QDS values greater and less than 140 at approximately .04% of

the total number of observations. This is twice the value for the

climate test. The reasoning behind this adjustment is the

possibility that the estimated values for all tests other then

climate can be greater then or less then the observation. The

results are shown in Table 17, and in figure 15 as well.







threshold climate persistence adj. station

QDS<-140 0 6 5

-140>QDS<-115 0 57 11

-115>QDS<-90 0 152 29

-90>QDS<90 40313 40166 40664

90>QDS<115 427 139 80

115>QDS<140 65 48 17

QDS>140 12 10 11

total 40817 40578 40817

Table 17: The first column give the threshold values. The next
three columns give the number of occurrences, for each range of
threshold parameters, for the three tests.

The new results clearly show the sensitivity to the change in

the parameters. As can be seen in the above series of tables and

figures, the distributions are still not standard normal. The

criterion to anchor the number of rejected values at approximently

.04% of the total is solely based on a desire to keep the number of

flagged values to a minimum. The reasoning behind this criterion

is to reduce the amount of manual checking by the forecaster. It is

worth stressing that these results are by no means presented as a

final adjustment of the parameters for western Oregon. The

sensitivity and behavior of this test is highly adjustable.

Alternatively, we could anchor the number of screened values. This

would increase the total number of flagged events to what is

believed to be an unnecessarily large number. In practice the

tests' performance would be entirely dependent on the end-users
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desires. The default parameters used are only presented here for

demonstration purposes.

It is possible that the discrepancy in the low end in the
normalization procedure discussed in section 2.2 could have some

bearing on the non-normal nature of the curves. As a result of

concentrating on the performance of the high end values at the

expense of the lower values we are underestimating the Z values

for small events. This discrepancy could cause the difference

scores to be somewhat larger then expected. This in turn would

have the effect of causing the extreme ODS values to be too large

for the standard deviation devisor to control. It is believed that

this error is small, and would be seasonally dependent. The

seasonal dependence would cause this error to cancel out in a

yearly composite such as this. For this reason it is believed the

non-normal nature of the distributions of both the adjacent station

and persistence tests are due mostly to two factors: the non-

independence of the estimator and the observation, and the

undefined nature of zero precipitation. All zero precipitation

amounts transform to the same Z value, Z(x=O). This occurs with a

much greater frequency than is reconcilable with the ideal

Gaussian distribution. The non-continuous nature of the

normalized values becomes apparent by a spike in the distribution.

Figure 17 shows the effect of adding equation 28 in an attempt to

improve the quality of the results.
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Figure 17: An overlay of the -histograms for the persistence test
using the adjusted parameters shown earlier, and the new values
derived using equation 28. Also shown is a hypothetical normal
distribution. The number of occurrences in both curves has been
truncated at 800.

The inclusion of equation 28 does change the distribution of

the results. The new results are, however, not an improvement.

The two spikes left and right of the center maximum are a

manifestation of the discontinuity due to the fabricated Fx(x=0)

value. Similar values still report a difference of zero. However, a

trace amount in one period compared to no precipitation in another

yields values near the left or right maximum. What we have done

is to cut the curve close to Z=O and translate that curve down the x

axis. After adjusting the k value to anchor the number of

rejections we are effectively left with the same curve on the tails.

The number of occurrences in each bin are shown in Table 18.

While the number of screened values increase, the number of
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questioned values decrease. One can imagine using a smaller value

for the normalized x=0 transformation but the trend would be to

further steepen the curve. Furthermore, in order to adjust the k

value properly the OPI for the persistence test in eastern Oregon

stations during the summer might yield lower values than the

climate test. The same scenario holds true for the adjacent

station test. For these reasons this equation has been dropped

from the testing scheme.

-x -Q -S S 0 X

old value 6 57 152 139 48 10

Eq:28 8 25 160 176 41 7

Table 18: Number of occurrences in each bin is given for the old
persistence test and the new version using equation 28. The bins
represent the regions inclusive of the QDS values given in figure 9,
where the negative sign represents a negative difference.

Another option for increasing the number of low-end flags

for the estimator tests would be to randomly derive a z value in

the undefined region corresponding to x=0. While it is believed

that this would indeed make the distribution more Gaussian, the

results would be deceptive. In practice this would cause many

erroneous flags. For example values of x(t-1) and x(t), both

equaling zero, were fed to the persistence test, a random choice of

both z values could cause a flag, even a blatant rejection, when no

suspicious information is present.
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It can be argued that the manifestation of the non-continuous

nature of the normalized curve is not only unimportant but may

even be an asset. If the number of rejected values is held constant,

the relative number of screened values decreases as the

sophistication of the tests increase. In turn, the distribution of

the composite scores can still be made to appear Gaussian. This

keeps the composite scores from simply being a reflection of the

most sophisticated test (see Table 19). The number of screened

values appears large compared to the individual tests because of

the QPI dependence of the DO values. That is, while some of the S

values in Table 19 occur because of the influence of other tests in

the compositing scheme, others are a function of low OPt values

placing the compostited score in the lower right hand region of

figure 9. These low OPI values are due to missing stations in the

adjacent station test, effectively lowering the sophistication of

that test.

EQ Gaussian composite

V 39829 40106

S 832 665

0 148 24

X 16 22

Table 19: The first column gives the DO values. The next two
columns show the expected distribution and the actual distribution.
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The month to month distribution and station by station

distributions are shown in figures 18 and 19. These results pose

an adjustment dilemma as well. The month by month breakdown of

screened values shows a definite seasonal trend, with the possible

exception of lower than expected values in February and December.

The low value in February is partly due to fewer days in that

month. There would be approximently 400 less data points in

February as compared to January. This could not, however, account

for the entire anomaly.

The distribution of the monthly results are also adjustable by

making parameters such as ON, KTSE, etc. vary seasonally.

However, no rationale for the adjustment of these parameters

could be found. It is believed that adjustment is not needed due to

the monthly nature of the Z parameters themselves. While the

author recognizes the possible value of seasonally specific

parameters, any adjustment presented here would be unduly

subjective. The distribution of flags varies consistently thought

the year. In other words, to the first order the number of flags is

related to the number of rainfall events, It would seem that this

behavior is in fact desirable. Therefore, no adjustment of the

season-specific parameters was performed.

Figure 19 shows the station by station breakdown of flagged

events. While these numbers are somewhat inconsistent between

stations, no obvious pattern could be seen due to record length or

location. It might be noted that stations 3 and 4, Scoggins Creek

and Dixie Mountain, only have 13 years of historical data. This

period of record is not only short compared with most of the other

stations in the test, but the years of record also happen to be a
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relatively dry period in a climatological sense. This should cause

these stations to overestimate the normalized value of an extreme

event. It is also worthy of note that at this point the study area is

quite large and some adjacent stations are not quite adjacent. It is

believed that this fact is responsible for most of the

inconsistencies seen. A slight trend of wetter stations reporting

more flags can be seen here as well, but the trend is weak
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Figure 18: The number of composited flags are given for each
month.
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Figure 19: The number of composited flags are given for each
station. The station numbers correspond to the index numbers
listed in Table 14.

5.5.2: Eastern Oregon

To further explore the nature of the test we will look at the

test's behavior in eastern Oregon. The climate in Eastern Oregon is

vastly different than that in the west. The Eastern portion of the

state tends to be much drier, and yet can also receive large, very

localized, convective, precipitation events. The observing stations

are also much more widely distributed than those in the west.



75

The following table shows the results for a 60 year run at
one station. This yields 21925 data points for the station of
interest, with 338 missing values over this period. Pendleton is

our test station with the neighboring stations of Milton,

Hermiston, Heppner, and Ukiah used for the adjacent station test.

The parameters used can be found in the appendix.

threshold climate persistence adj. station

QDS<-140 0 4 3

-140>QDS<-115 0 10 2

-115>QDS<-90 0 66 17

-90>QDS<0 0 16832 18874

0>QDS<90 21413 4627 2625
90>QDS<115 148 35 48
115>QDS<140 28 6 14

QDS>140 3 3 4

missing 338 342 338

Table 20: The first column list the threshold values. The next
three columns give the number of observations for each range of
threshold parameters for each of the three tests.
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threshold expected climate

0>QDS<90 21324 21413

90>QDS<115 220 148

115>QDS<140 39 28

140>QDS 4 3

Table 21: The first column gives the threshold values. The next
two columns show the expected distribution and the actual
distribution.

As can be seen in Table 21 the climate test tends to fall

slightly short of the number of expected flags based on the

theoretical distribution. The extreme events do not fit the

theoretical Gaussian distribution as well as at the western

stations. This can be explained by the choice of the F(xi) points

as was discussed in chapter 2. The arid nature of eastern Oregon

would seem to exaggerate the problem. It should also be noted that

this test involves only 1 station while the previous example was a

collection of 14 stations. In the western example the large

quantity of stations should tend to average the differences.

While this underestimation possibly calls for a reworking of

the method by which the Z transforms were derived, it is the

opinion of the author that the more available statistic of average

maximum daily precipitation is still the most desirable choice of
x1. While other statistics could be generated to match the

Gaussian distribution better, the ease at which the present x1 value

can be generated, or estimated in the case of stations with short

term records, warrants retaining the present method for the

derivation of z parameters



77

EQ Gaussian composite

V 21061 21483

S 440 81

0 78 16

X 8 7

Table 22: The first column gives the DO values. The next two
columns show the expected distribution and the actual distribution.
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Figure 20: The number of composited flags are given for each
month.



5.5.3: Three Year Test

In an effort to demonstrate the forecast test, 3 years of
forecast data (for the years 1989-91) were used in a separate run.

This run is again centered around Pendleton in Eastern Oregon. The

three years give us 1095 data points. Any conclusions drawn from

such a small data set would be dubious, but it is presented here for

demonstration. The parameters are the same as those used in

section 5.6.2 and can be found in the appendix.

threshold dim. pers. adj. stat. fcst. comp.

0>QDS<90 1082 1085 1085 1085 1083

90>QDS<115 8 8 9 7 9

115>QDS<140 5 2 1 3 3

140>ODS 0 0 0 0 0

missing 0 0 0 0 0

Table 23: The format is the same as Table 15, with the inclusion
of the forecast test.

5.5.4: An Extreme Event

On October 26/27 of 1994 many Western Oregon stations

reported record-breaking rainfall amounts. In this section we take

a final look at the OC of the data reported for three days during

this event. For this example, the 14 stations used in section 5.5.1
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are the study group. All parameters and adjacent stations are the

same. The forecast test is included. The parameters used are

given in the appendix. The following inconsistencies should be

noted however. On the third day of the storm, the 27th, the data is

missing for the latter half of the day for the following stations:

Dixie Mtn, Gresham, Three Lynx, Scotts Mills, Grand Ronde Tree

Farm, and Summit. The storm at this point appears to be tapering

off and neighboring stations report small amounts. It is believed

that any rain recorded in this period would be minimal and would

have little influence on the outcome of the test. The missing

values were simply recorded as O.O The forecasts for this period

are also worth noting. MOS issued an updated forecast for the 27th

on the morning of the 26th. Two separate runs will be shown, one

with the original forecast and one with the updated forecast. The

forecast for the 25th was not available, but it is reasonable to

assume the forecast would be for little or no precipitation.

Therefore a forecast of zero precipitation was used for this day.

Finally the MOS forecast is issued at 12 GMT (4 am LST), and this

is taken as the being midnight local time. The updated forecast,

issued at 18 GMT, is also taken as the midnight forecast. This is

unfortunate, but most of the precipitation fell on the evening of

the 26th and the morning of the 27th. It is believed that these

inconsistencies will have little effect on the outcome.

The rainfall amounts recorded during this event are shown in

Table 24. The updated forecast amount for Portland is also given

in this table.



The results for the above data are presented below. As would

be expected with events as extreme as these, there are a large

number of values above QDS = 90 returned by the climate test. The

composited results, however, would only flag 5 of the

observations. We will look at these events in further detail below.

A more complete list of the results of each test can be found in

Appendix 3.

station 10/25 10/26 10/27

1 .8 3.6 1.7

2 1 4.9 1.7

3 .18 1.9 1.02

4 .2 2.4 1.4

5 .2 2.9 2.4

6 .0 2.1 3

7 .4 3.0 3.1

8 .3 3.3 2.5

9 .2 2.2 2.8

10 .1 .5 1.6

11 M M M

12 .4 1.5 4.5

13 .29 1.71 2.53

14 .9 2.33 2.44

forecast 0 1.32 1.85

Table 24: The station numbers in the first column correspond to
the station numbers in Table 14. The following columns show the
recorded rainfall amounts in inches at the respective stations on
the days listed in the first row. The last row gives the updated
forecast amount for the individual days.
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threshold dim. pers. adj. stat. fcst. comp.

O>ODS<90 18 29 38 36 34

90>ODS<115 2 3 0 3 4

115>QDS<140 14 7 1 0 1

140>ODS 5 0 0 0 0

missing 3 3 3 3 3

Table 25: The format is the same as Table 15, with the inclusion
of the forecast test.

On the 26th the observation reported for Gresham, 2.9 inches,

is given a screened DO (ODS1O8, QPI=109). After the four tests

were composited it can be seen that the forecast test overruled

the opinions offered by the other tests. In this case the OPI for the

forecast test is relatively large. The magnitude of the OPt value is

mostly due to the proximity of Gresham to the forecast station,

Portland. The observation for this station was well over twice the

MOS forecast for the same period. While other stations report

higher rainfall amounts during the event they are not as close to

the forecast station as is Gresham. The increased distance in turn

causes a lower OPI for the forecast test at these stations, and

allows its effects to be tempered during the compositing phase of

the procedure.

Also, on the same day Foster Dam reported .5 inches. This

value is suspect, since the next lowest rainfall amount was 1 .5

inches. The adjacent station test does note this with a large ODS

value (QDS=124, OPl=75). However the OPt value is somewhat low



because of the failure of a neighboring station to report. The

forecast test also questions this value (ODS=98 QPI=78). After the

scores have been composited the result yields a ODS of 122.

Also on this day, Salem receives a DO value of S. The

adjacent station test is responsible for this result. While Salem

reported 1.7 inches, its neighboring stations reported 2.3, 2.9, 3.0,

and 3.3 inches respectively. Salem's composite ODS value was 88,

which is below the threshold of 90 and might have received a

verification, but was flagged because of a low OPI. The low QPI

value is a function of the distance to the neighboring stations.

On the next day, Lees Camp received a ODS of 93. At first

glance this might seem to be an indication of the test being overly

sensitive. This data is rejected mostly due to the forecast test.

On this day Lees Camp received 1.7 inches of rain, while the

forecast was for 1 .85. It should be kept in mind we are not

comparing rainfall amounts, but normalized values. Lees Camp is a

much wetter station then Portland. An event correspondllng to the

forecasted amount for Portland (1 .85") would correspond to a Z

value of 2.96 while the 1 .7 inches of rain received at Lees Camp

corresponds to a Z value of only 1.7. In other words we have

forecasted for an extreme event at Portland and received only a

moderate event for Lees Camp.

Finally, Summit (ODS=90, OPI=86) is flagged strictly on

climatological grounds, Z = 4.0. This is believed to be mostly a

function of this station having the shortest historical record in the

study area as the amount of rain reported was only 2.8 inches.

Nevertheless, the other tests do bring down the climate ODS of

160.



threshold dim. pers. adj. stat. fcst. comp.

O>QDS<90 18 29 38 27 25

90>QDS<115 2 3 0 1 3

115>QDS<140 14 7 1 0 0

140>QDS 5 0 0 11 11

missing 3 3 3 3 3

Table 26: The format is the same as Table 15, with the inclusion
of the forecast test.

In an effort to further explore the behavior during this storm

event we will use the original forecast for the 26th of only .22

inches. For this case we would expect to see more flags raised by

the forecast test. The results of this experiment are given in

Table 26.

The results for the climate, persistence, and adjacent station

tests do not change. The forecast and composite result show a

dramatic change, however. Many more rejected values are returned.

This is a predictable result. 11 flags were raised by the forecast

test on the 26th as opposed to two previously. All of the flags

raised by the forecast test on this day have QDS values greater

then 149 except for two. The observations for these two stations

are the smallest reported on this day and they are some of the

most distant stations from the forecast station

Throughout this event one station reported missing values. If

these values were recorded as 0's as opposed as missing we would

like our test to warn us of this error. This is exactly what we see



below. For these examples the forecast test again uses the

updated forecast for the 26th. An error of this sort would not

normally show up on the climate and persistence tests but we

might see evidence in the other tests. Comparing Table 27 to Table

25, the effect of the new NerrorsN are readily apparent, causing two

additional rejected values to be returned. The test effectively

ucatchesis two of the bogus values, returning QDS values of 160 and

177 respectively. It fails to flag the zero value on the 25th,

however.

threshold dim. pers. adj. stat. fcst. comp.

O>QDS<90 21 32 39 37 37

90>QDS<115 2 3 1 3 3

115>QDS<140 14 7 0 0 0

140>QDS 5 0 2 2 2

missing 0 0 0 0 0

Table 27: The format is the same as Table 15, with the inclusion
of the forecast test.



Chapter 6: Conclusion

The ground work was laid for a prototype, real time,

automated, OC algorithm to run on precipitation data. Transform

parameters for all stations with a sufficiently long historical

record were generated. The transforms can be adjusted to work

with hourly data, or for any time frame where the probability of

zero precipitation is known, as opposed to the more readily

available daily data.

The prototype system uses four tests: adjacent stations,

climate, persistence, and forecast. Each test returns scores based

on the performance of the data to the test, and on the

sophistication of the test itself. The end user then has the option

of taking the scores as is or subjecting the scores to further

testing. The further testing may entail manually checking the data

and subjectively making a personal decision on the scores.

At this point the 00 system is not meant to reject or verify a

data point. Rather, the system is meant to alert the forecaster to

suspect data. The forecaster then has the option of further

investigation.
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6.1: Benefits of the system

A river or avalanche forecaster must make quick judgments

based on a vast array of incoming precipitation data. These data

come in many formats and can often be erroneous. With experience,

the forecaster learns to recognize many types of errors. The time

spent investigating all the incoming data often proves valuable.

This QC algorithm automates the process, yet still allows for the

input of the forecaster's personal experience. Instead of making a

value judgment on all the incoming data, the forecaster must only

investigate the data points flagged by this system.

As useful as this may be, the benefits of this system stretch

far beyond the QC scheme described here. The work done in spatial

interpolation and extrapolation have shown promise. This can be

used to derive Z parameters for stations with no historical record.

Furthermore, this would allow for many useful outputs that have no

other practical methods of derivation: for example, maps giving Z-

derived precipitation amounts, such as the 2-year 24-hour

precipitation for a specific month.

The work done here was on rainfall data. The same scheme

may be applied to any normally distributed data field. Indeed, as

shown here the field can also be non-continuous or non-normal.

The scheme is clearly not limited to meteorological data. With

adjustments of the threshold values for the QDS scores the
precision of the tests can be varied for the desired result. Data

that is clearly erroneous or data that is simply suspect can be

flagged. The confidence interval of the conclusion can also be

easily adjusted.



6.2: Further Work

Many improvements on this program can be made. Most of the

improvements should be dependent on the end-user, and the data

stream. The ODS thresholds and QPI values were chosen

arbitrarily. More representative values may be chosen depending on

the accuracy needed in the final program. It is foreseen that in use

these thresholds and the other parameters will be under a constant

state of flux as the behavior of the tests becomes more familiar to

the user. In this way trouble spots or areas where the weather

tends to be less correlated to neighboring stations can be

accounted for.

Some smoothing of the Z parameters for stations having

short records is warranted. The adjacent station test should

choose the adjacent stations and weights from a pre-defined data-

base based on correlation with the test station. In this paper, the

choice of adjacent stations was not addressed in any systematic

way. It was hoped that errors due to the choice of stations would

show themselves and the sensitivity would become apparent. The

forecast test can employ forecasts other than MOS, as well as

other MOS generated outputs. Gridded forecasts can be used

instead of station specific MOS forecasts. The persistence test

can be made more thorough, perhaps including a pattern recognition

scheme. Additional data sets can also be included, such as RAWS

and Bureau of Reclamation rain gauges. Subsequently, tests should

be included that are station specific. These tests should deal with

the behavior of the gauge in question. Threshold values may also be

station specific.
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The greatest merit of this system is its flexibility.

Unfortunately, this flexibility is also its biggest drawback. The

only test that is non-subjective is the climate test. Even then the

performance of this test is dependent on the choice of the

threshold values. In this case we set the threshold for rejection at

3.5 standard deviations from the mean, or a 1 in 5000 chance of

occurrence. The performance of the other tests are dependent on

the parameters used. The adjustment of these parameters have no

real theoretical bases. Their adjustment is dependent on the

forecasters experience and knowledge of the data set. Indeed, the

adjustments presented in this paper were based on the number of

rejections of a data set consisting of supposedly valid

observations. in other words, as it stands, the test is designed to

reject a specific number of valid data points. On the other hand,

this flexibility allows the forecaster's input to constantly improve

the functionality of the QA scheme. This allows for the easy

adjustment of an otherwise rigid, rule based, statistical package

by the knowledge and "gut feeling" of an experienced forecaster.
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Appendices



Appendix 1:

This Appendix lists the parameters used in the various test
areas and permutations. The parameters are given for each test
and are listed in the order in which they where presented in the
text.

Default parmaeters, chapter 4:
FFEQL 1.5

FFETP 24

QPPWR 2

KISE 1.35

TNTSE 36

TOTSE 24

KOCEC 2

EN 150

TN 36

FTSE .35

FGHE 1

FFFE 1

Adjusted parameters, west, section 5.51:

FFEQL 1.3

FFETP 24

QPPWR 1.5

KTSE 1.2

TNTSE 36

TOTSE 24

KGCEC 2

EN 125

TN 36

FTSE 1.04
FGHE 1.0

FFFE 1.0

Adjusted parameters, east, section 5.5.2:

FFEQL 1.2

FFETP 24

QPPWR 1.1
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KTSE 1.2
TNTSE 36
TOTSE 24
KOCEC 2

50
TN 36
FTSE 1.04

1.03
FFFE 1.35



Appendix 2:

The following pages give the o, 13 and y parameters used in this

paper. The parameters are listed for each month starting with

January.

station 4276 JeweIl
1.372700 2.403500 0.813000
1.396600 2.605900 0.812300
1.969800 2.903200 0.836800
1.640900 6.167500 1.143000
1.696500 11.889200 1.407000
1.318700 7.600600 1.805900
1.392200 12.384600 3.069300
1.254800 8.686900 2.438100
1.438000 4.686800 1.800400
1.594300 3.035300 1.190200
1.835300 1.504600 0.789400
1.981400 1.608000 0.671700
station 4824 Lees Camp
1.345200 1.358200 0.786500
1.329400 1.542500 0.800700
1.784800 1.512900 0.803500
1.499000 2.984400 1.085200
1.241000 4.719300 1.411200
1.009700 5.045300 1.854500
1.310700 7.656500 3.130800
1.179200 7.796100 2.599100
1.246000 3.805100 2.017300
1.340100 2.069100 1.311500
1.555400 0.990200 0.834700
1.539000 0.865200 0.821200
station 7586 Scoggins Creek
1.718700 10.393200 1.484400
3.017500 4.663600 0.961300
3.645600 3.817500 1.185500
1.994500 11.822500 1.519800
2.166400 11.222100 1.779200
2.409900 22.047199 2.367000
2.677100 49.740200 3.986800
1.900400 12.624400 3.059600
2.449600 13.846400 2.252900
2.504300 4.904000 1.639000
5.168000 0.711000 1.000000
3.013400 1.309800 0.928900
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station 2348 Dixie Mountain
2.774800 3.895200 1.507800
2.208200 5.173500 1.219300
3.424900 3.155000 0.996300
3.024600 7.723500 1.144000
2.453300 8.971400 1.395400
3.042000 26.882299 2.121900
2.099200 16.004000 3.383500
1.880900 8.574400 2.689000
2.787500 5.977000 1.768400
2.111300 4.423400 1.582700
3.337700 2.821800 0.982700
2.167600 1.863600 0.996000
station 3521 Gresham
1.288600 4.741900 1.055400
1.232800 5.320200 1.136200
1.824600 8.989100 1.076100
1.628300 10.138500 1.299800
1.628300 9.192800 1.634700
1.624500 9.385600 2.083400
1.181700 13.432200 3.667900
1.249300 7.805400 2.791100
1.680800 6.992300 2.211400
1.765000 6.341200 1.421500
1.839100 2.673900 0.928700
1.432500 3.831300 0.881900
station 8466 Three Lynx
1.674100 2.640500 1.022600
1.706000 2.880600 0.916400
2.344600 3.257800 0.870200
3.004100 6.120400 0.985200
2.865200 10.618200 1.230800
2.260800 8.989000 1.927700
1.415300 16.122101 3.415200
2.379400 17.420799 2.765700
2.218800 6.871200 1.736700
2.244500 3.895200 1.534600
3.103300 0.859300 0.954600
2.137700 1.531900 0.875200
station 7631 Scotts Mills
1.813200 1.444300 1.006400
1.825700 2.148300 0.827400
3.877400 1.023100 0.845100
2.927900 3.265500 0.961100
3.206300 4.607300 1.398500
1.733500 3.909400 1.784500
1.770900 13.500400 2.828900
2.036100 8.912100 2.734100
2.717100 4.145400 1.664800
2.497100 2.320000 1.502600
3.450500 0.501500 0.804400
2.275800 0.805600 0.791900



station 3415 Grande Ronde
1.225200 2.671600 0.885300
1.632400 2.304900 0.949700
1.656500 3.367400 0.982100
1.193000 6.655000 1.327300
1.302700 8.315700 1.684500
1.035700 7.671200 2.349800
1.573600 23.394400 3.981500
1.184900 13.400000 3.350400
1.403600 7.764900 2.344400
1.525100 4.296900 1.548100
1.490900 2.156200 0.899800
1.527500 1.970100 0.818800
station 8182 Summit
1.822800 2.035900 0.941100
2.375000 1.733300 0.796300
3.462000 2.783000 0.901500
2.281400 4.766800 1.213900
2.617600 9.841000 1.643400
2.624200 5.263200 1.907700
2.596000 48.741901 3.393400
1.791200 21.678400 3.302100
2.018800 5.857600 1.756200
2.720700 3.244000 1.483000
2.249900 1.294800 0.863500
2.397700 1.244500 0.778600
station 3047 Foster Dam
1.518100 3.920800 1.105900
1.776100 5.475500 1.122600
2.071800 6.032900 0.911700
3.657500 11.876900 1.170000
2.279500 9.869900 1.535500
1.653400 7.379900 1.853300
1.495700 17.984301 3.374300
1.810500 10.212300 2.954700
2.860300 11.333100 2.020400
2.181000 6.197400 1.481100

2.109500 2.555400 0.880900
1.810000 3.103400 0.873400
station 1433 Quartzville
1.143600 3.482300 0.899000
1.301600 4.146000 0.882900
1.453500 4.728700 0.823900
2.401700 6.677900 1.019200
1.838100 6.478900 1.333100
1.401300 5.806200 1.747800
1.329200 18.667200 3.334900
1.406300 11.290400 2.930400
1.521700 5.968600 2.088200
1.702700 3.473400 1.316800
1.475300 2.807700 0.919100
1.529400 3.015200 0.905900



station 2290 Detroit Dam
1.393200 1.922900 0.810600
1.428900 2.015500 0.883200
1.672800 2.598700 0.902000
1.643500 3.866400 0.970500
1.697500 5.323200 1.292600
1.453600 4.543600 1.728600
1.184000 13.313000 3.428000
1.420600 8.203400 3.022700
1.395400 3.809800 1.908400
1.647000 2.470200 1.335400
1.615800 1.638800 0.908300
1.432000 1.605100 0.864800
station 7500 Salem
1.378400 3.942400 0.794200
1.313600 4.500200 0.830300
1.532700 7.308300 0.866200
1.477400 10.474600 1.135200
1.256700 9.739600 1.489100
1.349900 8.424500 1.916700
1.194200 16.567200 3.744300
0.976800 11.858400 2.911400
1.326400 7.821800 2.070800
1.402400 6.224800 1.286100
1.648200 3.624900 0.776200
1.857700 3.430100 0.725900
station 6751 Portland
1.549800 4.958100 0.766100
1.683000 6.456100 0.845800
1.752200 9.966600 0.858600
1.297500 11.466500 1.102100
1.622200 11.743300 1.388400
1.311700 9.615300 1.659200
1.090500 13.540700 3.247200
1.085600 9.318600 2.614400
1.199000 7.910500 1.854200
1.496000 7.193800 1.242300
1.484000 4.330200 0.767400
1.825400 4.282100 0.714600
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Appendix 3

The following three pages give the results of the test run in
section 5.6.4. They are in the same order as they appeared in the
text.
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d s x z cle tse aqJs aqpi fqds fqpi cqds cqpi ct1

1 1 0.8 1.2 48. 45. 30. 91. 72. 89. 71. 91. V

7 2 1.0 1.2 49. 41. 36. 95. 76. 93. 74. 95. V

1 3 0.2 0.5 21. 1. -38. 96. 24. 92. 38. 96. V

7 4 0.2 0.5 22. 3. -23. 97. 27. 105. 27. 105. V

1 5 0.2 0.6 23. 10. 7. 99. 31. 109. 31. 109. V

1 6 0.0 0.4 17. -1. -12. 93. 16. 96. 16. 96. V

1 7 0.4 0.6 22. 6. -7. 94. 26. 96. 26. 96. V

1 8 0.3 0.8 32. 15. -1. 91. 42. 84. 35. 91. V

7 9 0.2 0.4 17. 0. -24. 86. 14. 78. 24. 86. V

1 10 0.1 0.4 17. 1. -22. 75. 14. 78. 19. 78. V

1 11 M M 0. 0. 0. 0. 0. 0. 0. 0. Z

1 12 0.4 0.6 25. 15. -2. 77. 29. 84. 29. 84. V

7 13 0.3 0.9 35. 27. 17. 92. 49. 92. 49. 92. V

7 14 0.1 0.4 15. 6. -23. 99. 13. 114. 13. 114. V

2 1 3.6 3.2 128. 86. -23. 91. 52. 89. 53. 91. V

2 2 4.9 2.9 117. 73. -52. 95. 33. 93. 52. 95. V

2 3 1.9 3.3 130. 119. -20. 96. 58. 92. 54. 96. V

2 4 2.4 3.4 136. 124. -9. 97. 74. 105. 74. 105. V

2 5 2.9 3.8 150. 139. 8. 99. 108. 109. 108. 109. S

2 6 2.1 3.1 124. 117. -25. 93. 47. 96. 47. 96. V
2 7 3.0 3.6 145. 135. 13. 94. 88. 96. 88. 96. V

2 8 3.3 3.3 133. 110. 48. 91. 59. 84. 59. 91. V

2 9 2.2 3.4 135. 130. 35. 86. 59. 78. 66. 86. V

2 10 0.5 1.0 42. 27. -124. 75. -98. 78. 122. 78. Q
2 11 M M 0. 0. 0. 0. 0. 0. 0. 0. Z

2 12 1.5 1.8 73. 51. -58. 77. -48. 84. 50. 84. V

2 13 1.7 2.7 107. 78. -89. 92. 13. 92. 88. 92. S

2 14 2.3 3.3 131. 128. -33. 99. 71. 114. 71. 114. V

3 1 1.7 2.1 84. -54. -26. 91. -62. 89. 61. 91. V
2 1.7 1.7 68. -59. -67. 95. -95. 93. 93. 95. S

3 3 1.0 1.9 77. -65. -42. 96. -79. 92. 75. 96. V

3 4 1.4 2.4 94. -51. -16. 97. -50. 105. 50. 105. V
3 5 2.4 3.4 138. -21. -16. 99. 41. 109. 45. 109. V
3 6 3.0 3.9 154. 28. 2. 93. 70. 96. 74. 96. V

3 7 3.1 3.7 148. -3. -6. 94. 58. 96. 68. 96. V

3 8 2.5 2.9 118. -23. 16. 91. -1. 84. 43. 91. V

3 9 2.8 4.0 160. 22. 66. 86. 70. 78. 90. 86. S

3 10 1.6 2.9 117. 81. -56. 75. -2. 78. 56. 78. V

3 11 M M 0. 0. 0. 0. 0. 0. 0. 0. Z

3 12 4.5 3.4 137. 68. -12. 77. 33. 84. 69. 84. V

3 13 2.5 3.2 127. 18. -40. 92. 17. 92. 51. 92. V
3 14 2.4 3.4 134. -3. -11. 99. 35. 114. 36. 114. V
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d s x z cle tse aqis aqpi fqds fqpi cqis cqpi ct

1 1 0.8 1.2 48 45 30 91 72 89 71 91 V

1 2 1.0 1.2 49 41 36 95 76 93 74 95 V

1 3 0.2 0.5 21 1 -38 96 24 92 38 96 V

1 4 0.2 0.5 22 3 -23 97 27 105 27 105 V

1 5 0.2 0.6 23 10 7 99 31 109 31 109 V

1 6 0.0 0.4 17 -1 -12 93 16 96 16 96 V

1 7 0.4 0.6 22 6 -7 94 26 96 26 96 V

1 8 0.3 0.8 32 15 -1 91 42 84 35 91 V

1 9 0.2 0.4 17 0 -24 86 14 78 24 86 V

1 10 0.1 0.4 17 1 -22 75 14 78 19 78 V

111MM 0 0 0 0 0 0 0 0 Z

1 12 0.4 0.6 25 15 -2 77 29 84 29 84 V

1 13 0.3 0.9 35 27 17 92 49 92 49 92 V

1 14 0.1 0.4 15 6 -23 99 13 114 13 114 V

2 1 3.6 3.2 128 86 -23 91 185 89 183 91 X

2 2 4.9 2.9 117 73 -52 95 170 93 168 95 X

2 3 1.9 3.3 130 119 -20 96 194 92 190 96 X

2 4 2.4 3.4 136 124 -9 97 224 105 224 105 X

2 5 2.9 3.8 150 139 8 99 263 109 263 109 X

2 6 2.1 3.1 124 117 -25 93 187 96 187 96 X

2 7 3.0 3.6 145 135 13 94 228 96 228 96 X

2 8 3.3 3.3 133 110 48 91 188 84 181 91 X

2 9 2.2 3.4 135 130 35 86 181 78 173 86 X

2 10 0.5 1.0 42 27 -124 75 24 78 122 78 Q

211 M M 0 0 0 0 0 0 0 OZ
2 12 1.5 1.8 73 51 -58 77 80 84 80 84 S

2 13 1.7 2.7 107 78 -89 92 149 92 149 92 X

2 14 2.3 3.3 131 128 -33 99 234 114 234 114 X

3 1 1.7 2.1 84 -54 -26 91 -62 89 61 91 V

3 2 1.7 1.7 68 -59 -67 95 -95 93 93 95 S

3 3 1.0 1.9 77 -65 -42 96 -79 92 75 96 V

3 4 1.4 2.4 94 -51 -16 97 -50 105 50 105 V

3 5 2.4 3.4 138 -21 -16 99 41 109 45 109 V

3 6 3.0 3.9 154 28 2 93 70 96 74 96 V

3 7 3.1 3.7 148 -3 -6 94 58 96 68 96 V

3 8 2.5 2.9 118 -23 16 91 -1 84 43 91 V

3 9 2.8 4.0 160 22 66 86 70 78 90 86 S

3 10 1.6 2.9 117 81 -56 75 -2 78 56 78 V

0 0 0 0 0 0 0 0

3 12 4.5 3.4 137 68 -12 77 33 84 69 84 V

3 13 2.5 3.2 127 18 -40 92 17 92 51 92 V

3 14 2.4 3.4 134 -3 -11 99 35 114 36 114 V



103

d s x z cle tse aqis aqpi fqds fqpi cqds cqpi di
1 1 0.8 1.2 48 45 30 91 72 89 71 91 V

1 2 1.0 1.2 49 41 36 95 76 93 74 95 V

1 3 0.2 0.5 21 1 -38 96 24 92 38 96 V

1 4 0.2 0.5 22 3 -23 97 27 105 27 105 V

1 5 0.2 0.6 23 10 7 99 31 109 31 109 V

1 6 0.0 0.4 17 -1 -12 93 16 96 16 96 V

1 7 0.4 0.6 22 6 -7 94 26 96 26 96 V

1 8 0.3 0.8 32 15 -1 91 42 84 35 91 V

1 9 0.2 0.4 17 0 -24 86 14 78 24 86 V

1 10 0.1 0.4 17 1 -13 91 14 78 13 91 V

1 11 0.0 0.3 11 0 -30 98 4 82 30 98 V

1 12 0.4 0.6 25 15 8 94 29 84 20 94 V

1 13 0.3 0.9 35 27 17 92 49 92 49 92 V

1 14 0.1 0.4 15 6 -23 99 13 114 13 114 V

2 1 3.6 3.2 128 86 -23 91 52 89 53 91 V

2 2 4.9 2.9 117 73 -52 95 33 93 52 95 V

2 3 1.9 3.3 130 119 -20 96 58 92 54 96 V

2 4 2.4 3.4 136 124 -9 97 74 105 74 105 V

2 5 2.9 3.8 150 139 8 99 108 109 108 109 S

2 6 2.1 3.1 124 117 -25 93 47 96 47 96 V

2 7 3.0 3.6 145 135 13 94 88 96 88 96 V

2 8 3.3 3.3 133 110 48 91 59 84 59 91 V

2 9 2.2 3.4 135 130 35 86 59 78 66 86 V

2 10 0.5 1.0 42 27 -72 91 -98 78 84 91 S

2 11 0.0 0.3 11 0 -160 98 -154 82 160 98 X

2 12 1.5 1.8 73 51 2 94 -48 84 39 94 V

2 13 1.7 2.7 107 78 -89 92 13 92 88 92 S

2 14 2.3 3.3 131 128 -33 99 71 114 71 114 V

3 1 1.7 2.1 84 -54 -26 91 -62 89 61 91 V

3 2 1.7 1.7 68 -59 -67 95 -95 93 93 95 S

3 3 1.0 1.9 77 -65 -42 96 -79 92 75 96 V

3 4 1.4 2.4 94 -51 -16 97 -50 105 50 105 V

3 5 2.4 3.4 138 -21 -16 99 41 109 45 109 V

3 6 3.0 3.9 154 28 2 93 70 96 74 96 V
3 7 3.1 3.7 148 -3 -6 94 58 96 68 96 V

3 8 2.5 2.9 118 -23 16 91 -1 84 43 91 V

3 9 2.8 4.0 160 22 66 86 70 78 90 86 S

3 10 1.6 2.9 117 81 28 91 -2 78 42 91 V

3 11 0.0 0.3 11 0 -171 91 -186 82 177 91 X

3 12 4.5 3.4 137 68 81 94 33 84 81 94 V

3 13 2.5 3.2 127 18 -40 92 17 92 51 92 V

3 14 2.4 3.4 134 -3 -11 99 35 114 36 114 V



104

Appendix 4

Glossary of terms

CDF Cumulative Distribution Function

COP Cooperative Observer Network

CROHMS Columbia River Operational Hydromet Management
System

EQ Data Qualifier

GIS Geographical Information System

GMt Greenwich Mean Time

LST Local Standard Time

MDS Model Output Statistics

NOC National Climatic Data Center

NOAA National Oceanographic and Atmospheric Administration

NWRFC North West River Forecast Center

NW5 National Weather Service

PDF Probability Density Function

POP Probability of Precipitation

POPA Probability of Precipitation Amount

QA Quality Assurance

Quality Control

QDS Quality Departure Score

QPF Qualitative Precipitation Forecast

QPI Quality Process Identifier

SHEF Standard Hydrologic Exchange Format

VaIHiDD Validation of Historical Daily Data




