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Abstract
Removing outliers from records prior of its use is a major concern in any technical or
scientific field. Meteorology is not an exception, and an important effort in devise methods
has been made to locate them despite the fact that it has been misconsidered as a purely
technical task. The currently applied methods are very crude because they are mostly
computerized versions of traditional criteria, failing to exploit the capabilities of modern
computer systems. Extensive comparison among methods have not been done, no reliable
statistical comparison among different outlier detection strategies can be made without a tool
for generate instances of a database contaminated with artificial errors. This paper describes a
heuristic model suitable to simulate the usual errors observed in a 30 years, ten stations, daily
rain dataset, which has been carefully checked against typing errors. We will restrict ourselves
to simulate only such errors. Some methods are discussed, namely: a) choosing at random
other value in the same dataset b) choose at random other value for the same station c) model
imperfectly some driving mechanism for the errors. The results will be compared with the
observed problem, and from them we were able to show that options a) and b) underpredicts
the difference between errors and true values, while even imperfect, option c) renders
satisfactory results.
1. Introduction
Most of the literature related to observation errors in meteorology are devoted to systematic and
random errors before the data is put on paper. Typical problems is representativeness of the
measurements in relation to the surroundings, and measuring device problems.
A suitable error model (i.e. an algorithm) should address two problems: a) provide rules to
select a date and a station candidate to be in error and b) assign an outlier for it. Since we are
considering existing records, we are not concerned with systematic errors: the outlier should
suffer from them as well. The literature on random errors in meteorology analyzed mostly the
distribution of the differences between truth and observation, solving to some extent the phase
b). However, typical analysis make comparisons between instruments of different accuracy,
etc. which might not be the most important source of concern here, because we attempt to
handle errors produced after the observation is put on paper for the first time. We will now
review some previous work disregarding the particular meteorological variable considered.
One standard and possible approach suitable for random errors is to compare the observations
against the outputs of a conceptual model of the phenomena (if it exists!). See for example
Francis (1986); Hollingsworth et al. (1986). The latter reported that for the hourly wind, the
differences between observations and predictions follow a gaussian distribution with zero mean
and σ standard deviation (shortly N(m, σ2 )). However since he analyzed the operation of
automatic equipment, he did not report any rule to assess when the errors are more prone to
appear. Anyway, such procedure is suitable for only a limited number of meteorological
variables, since a different and specialized mathematical model is required for each one.
Requirements in computer time are also important, as well as availability on other data for use
within the model.
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The strategy of compare the output of a mathematical model with the observed values is
common at Global Data Assimilation Centers (Gandin 1988; Di Mego 1988; Parrish 1992).
Gandin (1988), asserts that the most significant part of the errors detected are those collected in
developing countries, partly due to the fact that there are certainly less resources affected to data
collection than those affected in developed countries. Unfortunately no reference to patterns of
occurrences are reported.
For the case of homogeneous (i.e. same measurement units) variables one particularly simple
model is the linear one, which is a first order approximation of the parameter(x,y) function.
Hawkins (1993), declares that true errors are traditionally been assumed to be distributed as
N(0,σ2 ). However, regarding the outlier identification problem and the robust regression one
there is concern about the correctness of this part of the model, specifically that the error may
come from a distribution with heavier tails than the normal. In his paper he analyzed some well
known datasets, but none of them are of meteorological variables. Rocke and Woodruff (1996)
demonstrated that in order to detect outliers assuming multivariate normal distribution the most
difficult case is the one with shifting outliers but the same covariance matrix.
To some extent the task of modeling the pattern of missing values occurrences can be considered
as similar to the objective a) of this problem. For example, Little (1992) addressed the problem
in the regression framework. He differentiates among four mechanisms: 1) the missing value is
independent on the data values 2) depends only on the value of X1  for that case 3) depends on
X2, X3, .. Xn for that case or 4) depends on X2, X3, .. Xn  and Y for that case. We found that this
problem is strongly dependent on the available data for the day, so mechanism 4) was finally
adopted.
Reek et al. (1992) reported results using a climatological database collected through a
cooperative network. The database has over 100 years long, an has been collected by volunteer
weather observers. The database was progressively transferred to punch cards in order to help in
prepare publications. The storage media started to be the magnetic tape in the late 1960s. In our
opinion this datasets has many similarities with the one which will be described, and both the
collection and typing procedure might be considered as representative for other countries as
well. They describe also the set of rules which allow both for recognition and correction of
erroneous data. The rules are predetermined, systematic, and empirically derived. Some of them
might apply only to that dataset, but illustrates common situations.
As a final remark, we want to quote Gandin (1988). He said "...for a long time, however, the
Quality Control development was considered as a purely technical task, and no further
investigations on rough errors were performed...". That explains why the topic addressed in this
paper has received little or very few attention.
2. The available dataset
The description to be presented has been taken from Bidegain and Fontana (1996 personal
communication). We have used data from 1960 to 1990 taken in the Santa Lucía catchment
area, of 13600 km2, located in the Southern Uruguay approximately between 55° - 57° W,
33°40’ - 34°50’ S (see Fig. 1). The natural boundaries are low hills ("cuchillas") of height below
300 m. Grass is the main coverage and most of the trees lie in the margins of rivers. The most
important one is the Santa Lucía river, with  225 km length, being its main contributions from
the San José river, of 111 km length, and the Santa Lucía Chico river, of 122 km.
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Fig. 1 Location of the pluviometric stations considered

The region has no dry season,
and can be classified as
Koeppen´s Cfa category. The
average mean temperature is
17°C. The extreme values on
annual basis are 43°C and -8°C.
Total annual precipitation are
1000 mm. There are a somewhat
large interannual variability,
from 1600 mm (1959) to 500
mm (1916). The difference
between the extreme monthly
average is 100 mm (march) and
75 mm (july) which shows a
regular pattern of precipitation
during the year. Relative
moisture ranges around 70%,
being the maximum 78 % (june)
and the minimum 60% (january).

The measurement network consists of 50 stations, mostly operated by non-technical staff from
the police and the National Railway Company. The spatial arrangement suffer from such fact,
because the stations have been located along railways lines, or in small villages. With a
reorganization of the National Railway Company in the mid eighties, many of the railway
stations in the area were shutdown, resulting in many missing records since them. We have
selected 10 pluviometric stations out of 50, for the abovementioned period. Their name, code
and location are given on table 1,
and its layout in Fig. 1. The data taken
by the operator go in two different
ways to the National Weather Service.
The data is collected at 7:00 AM and
paper records are prepared in-situ. They
are submitted by surface mail once a
month. For other purposes, the
information is collected by radio or
telephone (where available) by the
Police Department of the province, and
transmitted later in the same day to the

N° Name Latitude Longitude Height ASL
852436 Puntas de Sauce 33°50'S 57°01'W 120 mts
852486 Pintos 33°54'S 56°50'W 100 mts
852549 Barriga Negra 33°56'S 55°07'W 95 mts
852588 Casupá 34°06'S 55°39'W 124 mts
852662 Cufré 34°13'S 57°07'W 92 mts
852707 Raigón 34°21'S 56°39'W 37 mts
852714 San Ramón 34°18'S 55°58'W 70 mts
852719 Ortiz 34°17'S 55°23'W 115 mts
852816 Joanicó 34°36'S 56°11'W 35 mts
852846 Olmos 34°44'S 55°54'W 40 mts

Table 1 General information of the pluviometric stations considered
for the period 1960 - 1990

National Weather Service main office at Montevideo. Magnetic records are taken from this
daily report, in a process which started some years ago. No routine check is made against the
original records, even though they have been regarded as the "true" ones. The dataset have
been collected, from the instrument to the paper, with almost the same routine for the whole
period. The first computer appears in 1977 and records back to the beginning of the century
were digitized in a short period. The task was carried out following a station order rather than
a time order. So mistakes for the same day in different stations are less prone to occur.
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3. The tested mechanisms
Any mechanism to be considered might fulfill some requirements. For instance, we assume
that outliers are not out of the observable range. Our situation is that we have a previously
recorded database, which must have passed successfully the most trivial requirements for
consistency (no negative records, etc.). So we are trying to model errors like those still remain
in the dataset.
Another trivial requirement is that an error should be different from its true value. We define
here the true value as the one which is hand written by the operator. We disregards other
errors source, like malfunctioning of the instrument, threshold, etc. because we cannot going
so far into the data.
Those before are strong requirements. We can state also weak requirements. For example we
will prefer to use non parametric procedures based on available data in order to simulate
outliers.
However, the error generation mechanism is strongly connected with the routines used for
collection. Notice also that in many cases such routines might have changed over time. As an
example, errors in the card punch process (see Coale et al., 1962) might not occur while
typing in terminals Also automatic collection equipment (no typing!) are not error free as well,
because they suffer from other mechanisms not considered here.
So this paper might be of use for datasets collected with well known, well established
procedures, which might have undertaken the task of typing the paper records mostly at once
and afterwards they continue keying with the same procedures (even the same software).
That´s the situation in many of the third world meteorological offices. To make things worse,
they collect data to be used by themselves in a) aggregated form or b) as extreme values,
which are statistics very robust to non gross errors, which might stay unnoticed for long time
within the dataset. Gross errors are not prone to occur because they might affect the extreme
value report. No sophisticated data assimilation procedure has been available in the past, and
even powerful computers are still a dream. Such National centers provide useful data which is
analyzed at the global level by well skilled personal and well proven algorithms, but at the
local scale most records remain as keyed, after very crude range controls.
With strong and weak requirements in mind, we can devise some different simple algorithms.

a) for random date and station, select a second random date and station until its record
is different from the destination one.
b) for random date and station, select a random date for the same station until its
record is different from the destination one.

We applied both mechanisms and found that the results are not satisfactory. We should notice
that in the available records most (around 80.5 per cent; see table 2 for this and other summary
statistics) of the values are zero. So the method will select with 80.5 per cent probability as a
destination a zero rain value, and will assign there a non-zero one. This is not observed in
practice, because the true zero values appear at a somewhat lower rate (24.3 per cent). We will
denote as the correct value the one written on paper, and as wrong value the one available in
magnetic form. So b definition there should be the same number of wrong and correct values.
In case where either the wrong or the correct value is a missing one we did not include them
into consideration.
In 99.8 per cent of the cases the wrong value is greater or equal than the minimum daily value.
In 91.6 per cent of the cases, the wrong value is bounded by the maximum of the observations
of the day, day before and day after for all the available stations. This fact was due to one-day
time shift error, a somewhat typical situation due to unscheduled changes in the observation
time from early morning to night. It has also  been noticed that the distribution of the wrong
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values has longer tails than the station probability density function (pdf). So we discard the
possibility of  choice at random one of the neighbor values (which automatically will be
between both extreme cases) and turn to choose them from a distribution of "extreme" values.
Such extreme value set was built using some heuristics which will be presented later.
The days where to put the error are also not at random. The zero rain as a correct value has a
substantially lower probability (24.3 per cent) than the overall population. We suggest that an
error is more likely to occur in a "rainy" day than in a "dry" day, because the operator might be
more aware of the typical values. We found that the probability of having less than 2.5
mm/day average rain is 81 per cent in the population, but when errors arise, such probability is
around 24.0 per cent. On the other side, heavy rain events are unlikely to occur: the average is
over 25 mm/day less than 2.8 per cent of the events, but when exist errors, such percentage
grows up to 29.3 per cent, so we devised different mechanisms provided the daily average is
below 2.5, within 2.5 and 25 and over 25 mm/day.
Summing up our model will consider some error mechanisms supported by empirical rules:

a) the wrong value is larger than the day minimum and typically is less than the
observed maximum for the day, day before and day after in the catchment area.

b) we distinguish three situations "dry day", "heavy rain day" and the others, and use
different sets for selecting the wrong value as well as the correct one

4. The heuristics
Despite the availability of the abovementioned rules there is still the need to specify either a
pdf (probability density function) or sets where to choose randomly the correct value (to be
substituted) and the wrong value (to be used instead).  We add other rules in order to make the
model operational, while keeping its outputs close to the observed ones. The most important
rules are those regarding where to put the errors, and how many zeros to change. We divided
the population in three cases according to its mean rain: (A) between 0 and 10; (B) from 10 up
to 25 and (C) over 25 mm/day. From the sampled errors and for each case, we calculated the
probability that the errors appear in that case, and how many of them are zero. With only such
information we were able to select a day as candidate to hold an error, and to suggest within
the day a specified number of non-zero readings in order to put a zero, and conversely, a
number of zero readings to be substituted from values taken from other distribution.
Notice that, despite one typical mechanism for error generation is to mix the values from the
day with those of the day before, we were unable to reproduce observed patterns considering
directly such fact, because the errors were smaller than observed. Thus we decided to use
errors obtained from a set created as follows. It contains all the minimum readings for each
event, as well as all the maximum values for the current day, the day before and the day after
considered for the overall population. This population has more low rain values than
observed, so at random we reduced to one fourth the readings belonging to the first quartile of
the non-zero values, and adjust the proportion of the zero values in order to follow the
observed one. Let's denote as error set the result of this operation, which is created using
information of the available dataset.
When assigning an outlier, we disregard the information of the maxima from the day before,
current day and day after, and simply pick a value from the error set. What it is strictly forced
is that the error should be larger than the minimum of the day (as observed in over 99 per cent
of the errors).
5. Results
In table 2 some comparative results between observed/simulated are presented. It is clear from
them that a perfect simulation has not been achieved. The most significant deviations were
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with the exactly zero rain readings. For example, on heavy rain events the model selects zero
as correct value only 3.5 per cent of the conditional sample, while it has been observed 6.4 per
cent. The model assigns a wrong zero value only in 29.3 per cent of the cases, while the
observed conditional probability is 75 per cent. In addition to this preliminary numbers, the
failure of the error
model to mimic
observed error
behavior are also
supported by the
negative results of the
Wald-Wolfowitz test
(Gibbons and
Chakraborti 1992)
which analyzes two
sets of numbers for

Probability of events with Population With-errors events
little rain (average <10) 90.8 29.1/30.5
heavy rain (average >25) 2.8 29.3/28

Probability of readings with: Correct values Wrong values
exactly zero rain 80.5 24.3/25.1 68.8/51.8
zero rain in little rain events (avg. < 10) 86.9 58.3/59.9 42.4/59.8
zero rain in heavy rain events (avg. > 25) 7.0 6.4/3.5 75.0/29.3
rain over the day minimum 99.8/99.6
rain below three day's maximum 91.6/80.5
Table 2 Some statistics of the simulated and observed population. The X/Y denotes observed
X and simulated Y values.

the null hypothesis of belonging to the same population. Despite such pessimistic result we
show the QQ-plot on figure 2 of the observed vs. simulated differences between correct and
wrong values. The QQ-plot should render a linear relationship if both populations follow the
same distribution but maybe with different parameters. The results are remarkably linear,
except for the large differences. Figure 3 shows a comparison between the population of
wrong values. The deviation is again more evident in the larger rain events, despite the cases
are rather few. Figure 2 compares the population of the correct values (i.e. those values which
will be replaced), and as before, the discrepancies arise with the larger rain values. So the
model failed mostly with the heavy rain events, which are underestimated.
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Figure 2 QQ-plot of the differences between observed  vs.
simulated realizations of the (correct - wrong value)

population. The simulated population has 6792 events, while
the observed one has 478.
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Figure ¡Error!Marcador no definido. Observed  vs.
simulated QQ-plot of  the wrong values. The simulated

population has 6792 events, while the observed one has 478.

For the sake of completeness, we have also make some runs with a direct implementation of
MIXCAR (MIXed Completely At Random) which in practice requires to choose the wrong
value from any other station and date; the only strong requirement was that the wrong value
should be different from the correct one. This procedure has the nice property that the
distribution of the overall population is barely affected. The results were comparable with
those presented here in terms of the correct value (i.e. where to put the outlier) but they were
deceptive in terms of the difference between wrong and correct, and also the distribution of
the wrong values, which were very different from the quasi-linear appearance of the
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abovementioned figures. The alternative of using values from the same station selected at
random were also tested, and it performed even worse.
6. Discussion and conclusions
The problem of generate random replications of a daily rain database with similar outliers
observed in practice has been addressed. Using empirical facts regarding some of the typical
outlier-generation mechanism we described both the schema and its results. The model
underpredicts the occurrence of heavy rain readings, which are not so common but occurs in
practice, which led in turn to fail in passing some statistical tests. However, from a visual
comparison of the QQ-plots which should be linear for perfect fit, the results are clearly of
use, and no major effort towards improvement were done. The procedure classifies the events
in three categories A, B and C ranging from light to heavy daily mean rain, and forces to
honor the proportion of observed outlier occurrence for each category, as well as the
proportion of errors appearing in zero rain correct values. The wrong values are chosen at
random from a set created using the available information, which allow to apply this
procedure to different databases. Such set is tailored in order to produce results as similar as
possible with the ones observed. Two more alternatives have also been evaluated:
MIXCAR(MIXed Completely At
Random) and simply mix the records for the
station. Despite that both generate errors
without modifying the overall pdf of the
population, they failed to model properly the
wrong value and the difference with the
observed one, so they should be discarded.
Since the observed errors have appear after
the application of error detection procedures
(López et al. 1994) it has been investigated to
which extent the errors found were an artifact
of the procedure itself. This has obvious
implications, because the error generation
code will be used to test the ability of the
error detection procedure. So one year were
carefully typed once more, and all
discrepancies were corrected; this is denoted
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Figure 2 Observed  vs. simulated QQ-plot of the wrong
values. The simulated population has 6792 events, while the

observed one has 478.

as Duplicate Performance Method (Minton 1969) and is assumed that it will highlight both
gross and subtle errors as well. The conclusions show that few errors still exist for that year
after the previous depuration process, so we were confident about the representativeness of the
observed errors.
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