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Abstract 
In this report a number of algorithms/methods/concepts are presented for filtering of 
raw data. Filtering refers to the process of defining, detecting and correcting errors in 
given data, in order to minimize the impact of errors in input data on succeeding analy-
ses. The filters are presented as mathematical formulas or pseudo code so that they can 
be implemented in a language of choice. Examples of the filters used on real data are 
given. Also a method for comparing and evaluating the filters is provided. 
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1. Introduction 
The main objective of work package 3 “WP3 - Method and model development” is to 
convert data into information; to use data from work package two as input and by mod-
els/data fusion produce valuable and correct information as an output to work package 
4. In order to achieve this, methods for filtering incoming data from errors have to be 
developed and implemented, as well as models to extract information from the data. Me-
thods to quantify and estimate their performance also play an important role. This doc-
ument is a report of sub-package 1 of WP3 “WP3.1–Data filtering”. It will deal with the 
first link in the chain above; methods for detection and correction of errors in data, as 
well as algorithms to evaluate the performance of those methods.  
 

1.1 Background 
Whenever data is used to reflect information, rules describing the data must be used to 
interpret it. The most obvious one describes the meaning of the numbers, letters etc. It 
answers the questions: What was measured, where, when and on what scale? This kind 
of information is essential if you want to make use of the data.  
A less obvious kind of information describing the data collected is its accuracy or validity. 
This is rarely provided. One reason for this is that can be that the specification/legend of 
the data is made before the process of collection. The errors in the dataset will be gen-
erated unintentionally during the process. 
The purpose of the data collected is to reflect a part of reality. It would be too optimistic 
to expect the data to have a “one to one” correlation with this part of reality. When it is 
copied from reality via a sensor/observer, through transmission and finally stored, it 
could be corrupted for many reasons. We are not always sure if a suspected error really 
is an error and if so, where the error has occurred and how should we succeed in recre-
ating the lost information.  
This document (ROADIDEA deliverable 3.1) will deal with these kinds of problems. In-
tended audience for this report is scientific engineers. Some prior knowledge in data 
treatment and statistics is required. 

1.2 Objectives 
• Find a structured method to filter data from errors and noise. 
• Present the methods of filtering, so that they can be implemented in an arbitrary 

language and applied to filter general data. 
• Find and present a universal method for evaluation of the performance of one fil-

ter or for comparing the performance of one filter to another.   

1.3 Method 
• Categorize different types of errors occurring in given input data. 
• Find and describe existing general methods for detecting the errors. 
• Find/develop algorithms to correct the errors. 
• Test the algorithms on existing data for evaluation of performance.  



ROADIDEA 215455  

2 

2 Data and information 
Data is information stored according 
to specific rules. The rules enable an 
interpreter to extract information 
from the data.  
Information could be stored in many 
ways. For example the information 
stored this document. The printed 
letters is the data, the reader with 
his/her knowledge in English is the 
interpreter and the message in the 
text is the information. 
The same general pattern applies for 
the data, which is going to be stud-
ied: 
-Instead of letters there are numbers 
representing physical quantities. 
-Instead of a human reading there is 
an interpreting computer program. 
-Instead of English the data is inter-
preted according to rules1 specified 
by a designer. 
As illustrated in figure 1, information 
may come from an instrument or 
from a computer program. Once a 
computer program is able to interpret 
the information it can also alter it or 
combine it with another source of 
information (not illustrated in the fig-
ure). A program sets the rules for 
how the information is stored and 
delivered, and thereby has to be in-
terpreted by the next user. 
Sooner or later you will have the 
need to make the information acces-
sible for a human. The computer program can then be used to visualize the raw (recently 
sampled) information, or information that has been worked upon, in tables or some 
graphic form. That is, translate the information to data according to rules understandable 
by the human eye and brain. 
 
 

2.1 Notation 
If an observed physical quantity where to be reflected entirely by a dataset, we would 
most likely have to store an infinite amount of data. For example temperature at one 
point fluctuates even when looked upon with microsecond scale. Since we can not store 
(or make use of) an infinite amount of data, we have to use samples to represent na-
ture. Typically samples are taken with a certain resolution in time and space. 

                                            
1 These rules are sometimes called “format”. 
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The example below will illustrate the structure for a typical dataset. The notation used 
throughout deliverable 3.1 and 3.2 will also be presented. 
This dataset contains information from weather stations, where temperature and wind 
speed are examples of physical quantities that could be measured per time for each sta-
tion.  
 
 Station ID Time Temperature[°C] Wind speed [m/s] ... 

(X1 , Y1)=Z1 → 32 2008-11-28 
22:00:00 12.3 11.4 ... 

(X2 , Y2)=Z2 → 32 2008-11-28 
22:30:00 11.1 8.2 ... 

(X3 , Y3)=Z3 → 33 2008-11-28 
23:30:00 8.4 4.6 ... 

(X... , Y...)=Z… → ... ... ... ... ... 

 ↑ ↑ ↑ ↑ ↑ 

 Attribute #1 Attribute #2 Attribute #3 Attribute #4 Attribute #... 

 
Table 1. Dataset from weather stations. 

Each row is called sample or record and will be referred to by the letter Zindex. The da-
ta within each row is internally associated. 
Every sample has a set attributes. Each attribute reflects an entity or physical quan-
tity from the system that the data is used to reflect, for example temperature or wind 
speed. An attribute could also reflect the circumstance where and when the sample was 
taken, for example the station ID, sensor type or time of sampling. 
The attributes can be divided into independent and dependent ones. If for example 
temperature and wind speed is measured at a number of weather stations over a period 
of time; time and the station ID are independent arguments since they are independent 
of temperature and wind speed. The independent attributes of a sample will be denoted 
Xindex. 
Temperature and wind speed are the dependent attributes since they depend of the se-
lection of time and station ID parameters. The dependent component of a sample will be 
referred to by the letter Yindex. 
A set of attributes that are unique for each record in the dataset is called label; in this 
example Station ID and time together. The label is used to find and keep track of the 
records. If ordinal operators can be applied to it (see wp3.2 section 2.1.1), it gives us the 
possibility to sort the records and search among them. [1] 
Often, but not always, the independent attributes are associated to cause and end up on 
the x-axis in diagram form, while the dependent attributes are associated to effect and 
end up on the y-axis. 
Figure 2 shows a visualization of a small dataset consisting of a series of temperature 
measurements. The x-values (sample number) are the independent and the y-values 
(temperature) are the dependent values of each attribute. 

X=Independent attributes Y=Dependent attributes 
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3 Filtering of data 
As mentioned in section 1.1 the quality of the data is affected by many factors. Errors 
and distortions could be accumulated along the way and the end user of the stored data 
is only able to see this accumulated result. This section will deal with different sources of 
errors and how to deal with each one of them. It will exemplify different categories of 
errors on small imaginary datasets and also include examples from the filtering that has 
been done on Semcon’s (partner company of ROADIDEA) datasets2.  
 
 
 

3.1 Measurement error 
This sub section discusses the errors occulting when picking information from reality by 
the use of an instrument or a sensor, also how to minimize them. 
 
In the chain of data acquisition the measurement error is the first kind of error that ap-
pears. When something is measured, there will almost always be a deviation between 
the true value and the one obtained, due to imperfections of the measuring device.  

 
Figure 2. Example of deviation between real and measured value. 

In figure 2, 20 samples are taken; 1 2 20 1 1 2 2 20 20ˆ ˆ ˆ ˆ, .... ( , ) ( , ), ( , ).....( , ),z z z z x y x y x y x y= = =  

where x stores the known sample number (or time) and ŷ stores the measured tempera-
ture. Let 1 2 20, .....y y y y=  denote the real temperature when each sample is taken. 

                                            
2 These consists of floating car data, road weather data and traffic intensity data. The datasets 
will be explained in more detail on appearance. 
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As can be seen in figure 2 there is a deviation between the measured temperature ŷ  
and the real temperature y . In order to study the error, we subtract the real tempera-
ture from the measured temperature and obtain the following: 
 
 

 
Figure 3. The difference between real and measured temperature from sam-
ples in figure 2 is shown to the left. These variables are projected to right 
where they form a distribution for the deviation in temperature. 

In the left diagram same 20 samples z, as in figure 2 are represented, but the real tem-
perature have been subtracted from them so we obtain the ˆerror y y= − ;  only the de-
viation caused the sensor remains. The samples are projected to the right part of figure 
3, where they end up on one axis (the time/order attribute is removed). In this example 
for clarity only 20 samples have been used. In reality we might have hundreds or thou-
sands. If we conducted a large amount of samples it would be possible to calculate a 
probability density function like the one shown in blue in figure 3. This curve is a re-
presentation of the sensors accuracy and tells us how likely the sensor is to give a spe-
cific deviation between real and measured temperature. 
 
To quantify the error the sensor adds to the measurement, we introduce the mean 
square error MSE: 
 

( ) 2 2
1

1ˆ ˆ ˆ, ( ) ( )N
n nn

MSE y y E y y y y
N =

⎡ ⎤= − = −⎣ ⎦ ∑  

Equation 1 

Average temperature 
deviation = offset = 
= bias =  - 0.2 

Standard deviation
from average 
temperature devia-
tion = precision =
0.4 
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The MSE is a sum of two components; the offset and the standard deviation. MSE  
has the following relation to the standard deviation and the offset: 
 
 

( ) [ ]( )

2

22

(mean square error)  =  (offset)  + (standard deviation)

ˆ ˆ ˆ ˆ, ( ) ( )MSE y y E y y E y y Var y y⎡ ⎤= − = − + −⎣ ⎦

c  

Equation 2 -Steiner’s theorem 

where… 
 

ˆ[( )]E y y−  is the mean value of the error, also called average, bias, expected value 
or offset of the error. It is calculated: 

[ ]ˆ 1

1ˆ ˆ( )N
y y n nn

E y y y y
N

μ − =
= − = −∑  

Equation 3 

The bias or offset is shown as the difference between the green line (0 deviation) and 
the red line (mean deviation) in figure 3. When we know the magnitude of this kind of 
error we can compensate for it “manually”. In the example above this corresponds to the 
action of adding 0.2 to every sample that is conducted. This is called calibration. A ca-
librated system of the same kind that gives the temperatures above would have 0 differ-
ence between the red and green lines in figure 3, which means 0 bias/offset. The peak 
of the blue distribution curve would then be at 0 deviation in temperature. 
 

ˆ( )Var y y−  is the variance of the error ˆ( )n ny y−  often denoted 2σ , where σ  is the 

standard deviation from the mean value. The variance is calculated: 

( )2
2

ˆ1

1ˆ ˆ( ) ( ) ( )N
n n y y n nn

Var y y y y
N

σ μ −=
− = = − −∑  

Equation 4 

The standard deviation is related to the precision of the instrument and is shown as the 
width of the (blue) probability density function. The smaller the value, the smaller the 
width of the peak and the more precise instrument. The precision tells the concentration 
of sample values, when repeated sampling is performed on physical quantity that do not 
change in magnitude. To increase the precision (decrease the standard deviation), either 
increase the quality of the sensor or sample many times to calculate an average of the 
samples. For an estimation of the distribution of the average value of a number of sam-
ples, use the so called central limit theorem.[3] 
 
Note that the “real temperature” here is entirely theoretical and only for pedagogical 
purposes. If this experiment is carried out in reality, a sensor system that is known to be 
much more accurate than the one that is tested, has to be used to measure the real 
temperature.  
If you are interested in estimating the precision and the bias of a sensor/instrument, a 
good way is to conduct many samples in a physical quantity you (someway) know is very 
stable.  
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You will need an exact sensor/instrument for calibration as well as the one you are test-
ing. The result will be a series like the one in the left part of figure 3. You are now able 
to use the mean value of your (precise) reference sensor to estimate the bias. The bias 
value can then be subtracted from all of the collected samples from the tested sensor to 
estimate the precision of it. 

3.2 Inconsistent data 
This chapter will discuss apparent errors in received or stored data, and how to deal with 
them.  
 
Inconsistent data can be of many kinds. All kinds have in common that the data is objec-
tively erroneous. That is, we know enough about the system that the measurement is a 
part of. For example the instrument, might deliver an error code where the sampled val-
ue should have been. If we sample positions of cars we know that an error has occurred 
if one car is reported to be at two places at one time. 
 
The methods described below will be performed in order to be able to use historical da-
ta. If we where to collect new data, of course this is not the recommended way to go. 
When an error is detected in the chain of data acquisition one has to localize the source 
of it and make sure it will never appear in future data collection sessions. Though when 
you plan to collect data, you can never guarantee that the output will become flawless. 
Therefore you should have a set of tools to detect and maybe also reconstruct inconsis-
tent data. 
 

3.2.1 Duplicate data 
When data is transmitted and stored, duplicates of records sometimes appear, for differ-
ent reasons. The data will appear as clones, that is: copies of identical data. The solu-
tion is simple; just remove all but one of the cloned records in the dataset. It is impor-
tant to distinguish between clones and representative samples. 
Consider the example below, where we add an error to the temperature series intro-
duced in figure 2. 
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Figure 4. Temperature series with cloned records. 

In figure 4 above, record number 8 is cloned; we have two records with the same sam-
ple number and the same temperature.3 Since we here have the attribute sample num-
ber, we are able to detect the clones. And remove one of them to correct the dataset. 
Note that the clones where detected by the use of an added attribute. Somewhere in the 
process of data collection ‘Sample number’ was added to the temperature samples. The 
most obvious use of ‘sample number’ is to tell when a sample was taken, but it could, as 
above, be used to detect clones of records. 
 
Now consider the process in figure 3. In the left diagram we have a series of samples 
similar to the one in figure 4 (something that is measured and tagged with consecutive 
numbers). To the right in the same figure the time/sample number component is re-
moved to form representative samples to generate a distribution. If we look at these 
representative samples and discover samples with the same values (for temperature), 
these may not necessarily be clones. They could have been taken at different points in 
time and be a valuable contribution to form the distribution or they could be clones. 
If you, for example, are collecting samples to calibrate a sensor (like in section 3.1) you 
may not need the sample number/time component for the calibration itself. Never the 
less it could be a good idea to add a consecutive number to the samples as early as pos-
sible in the chain of data collection, to be able to detect errors of the clone-kind (or miss-
ing values for that matter).  
 

                                            
3 The two red dots should be placed on top on each other and not be visible, but have been sepa-
rated a bit for visibility 
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3.2.1.1 Example from implemented filter 
A real example of duplicate records is taken form floating car data: 
This data is sampled form 102 cars over a time of 150 days. Each 30 seconds a car is 
driven, it delivers a report describing where it is located in geography, what time it is and 
some states measured by the car (for example outside air temperature). The report is 
put together by an onboard computer, packed4 and then transmitted wirelessly to a cen-
tral computer. Here the report is unpacked and stored. The distribution of the complete 
dataset is shown in figure 5. 
 

 
Figure 5. Distribution of number of reports (from floating vehicle data) over 
time and individual car. (Red bars are Saab and blue are Volvo)  

The kind of diagram shown in figure 5 is a good start to get a feeling for the data. From 
left to right the time is shown in days. From front to back the each car number is repre-
sented. The heights of the bars correspond to the numbers of reports delivered for each 
combination of car and day. As can be seen some cars deliver a significantly more re-
ports at some days. Can these values be correct?  
A quick calculation shows that with one report every 30 seconds, there could be  

maximum… 

hours minutes sechonds
day hour minute 24 60 60 reports2880

30 daysechonds
report

⎡ ⎤ ⎡ ⎤ ⎡ ⎤× ×⎢ ⎥ ⎢ ⎥ ⎢ ⎥ ⎡ ⎤× ×⎣ ⎦ ⎣ ⎦⎣ ⎦ = = ⎢ ⎥⎡ ⎤ ⎣ ⎦
⎢ ⎥
⎣ ⎦

  

Everything beyond this limit can not have natural causes, but must be caused by dupli-
cates in the database. 
As figure 5 shows, some values are far beyond this limit, so we take a look the database: 

                                            
4 ‘Packed’ refers to the action of compressing data to save memory and transmission time. 
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2523464 16:03:57 6,2500 16000,0000 467190001004975 17,0000 91,7500 57,5403 12,5322 12:14:12

2523513 16:03:57 6,2500 16000,0000 467190001004975 17,0000 91,7500 57,5403 12,5322 12:14:13

2523873 16:03:57 6,2500 16000,0000 467190001004975 17,0000 91,7500 57,5403 12,5322 12:14:19

2523399 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:08

2523425 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:08

2523427 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:10

2523507 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:13

2523572 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:14

2523870 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:19

2523378 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:07

2523416 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:09

2523456 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:12

2523470 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:12

2523478 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:13

2523580 16:04:27 6,2500 49600,0000 467190001004975 353,0000 66,7500 57,5456 12,5344 12:14:14

2523376 16:04:57 6,2500 10000,0000 467190001004975 329,0000 74,2500 57,5504 12,5304 12:14:07

2523400 16:04:57 6,2500 10000,0000 467190001004975 329,0000 74,2500 57,5504 12,5304 12:14:08

2523421 16:04:57 6,2500 10000,0000 467190001004975 329,0000 74,2500 57,5504 12,5304 12:14:08

Table 2. Cutout from the floating car database. 

The cutout in table 2 shows the reason for the peaks in figure 5. Do not get confused 
with all the names of columns. The important properties of the table will be explained 
below.  
The Id Number column shows that this data is taken from one car only. The yellow 
marked rows have all identical Report Time. Report Time gives the time when the con-
tents of the report where sampled and put together by the onboard computer. Clearly 
something is wrong; in a correct part of the database the time increase with 30 seconds 
for each row, but here they do not increase.  
As you can see the leftmost column Report Number is unique for each report. Report 
number is a distinctive number that was added to each report (discussed in 3.2.1 
above). This gives us a clue that the corruption was made before the report numbers 
where added. The report numbers should otherwise have been used to detect the dupli-
cate reports. 
In this case this does not matter, since we are able to use the Report Time to detect the 
duplicate reports instead. The solution is simply to delete all but one of the reports with 
identical Report Time. We keep the one with earliest Create Time. 
 
The algorithm for accomplish what is described above will be described in the remainder 
of this section.  
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Figure 6. Data and variables. Zs is the source dataset, while Zd is the destina-
tion dataset which is being constructed. Notice that each of the squares in Zs 
and Zd represents the records (each with many attributes) shown in table 2. 

Figure 6 shows the data and variables that have been used by the algorithm.  
We start with the “polluted” source data Zs, and we will not attempt to filer in place, but 
make a filtered copy. The destination data is named Zd. The variables k and m are, so 
called, pointers. These are used to keep track of which records in respective vector we 
are referring to. 
 
In figure 7 the algorithm is illustrated for removing multiples of identical records. First 
the records are sorted like shown in table 2. Then the k pointer will pass trough Zs. Each 
time a change in Report time is detected the record is stored at the last position of Zd. 
Such a change can be seen in table 2, at the start and end of the yellow marked records. 
The program stops when there are no more records to read in the Zs vector. 
 

Zs  
Zd

k 
m 

Zsk 

Zsk+1··· 

··· 

Zdm 
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Sort Zs increasingly by: 
prio1:  ID. Number 
prio2: Report Time 
prio3: Create Time 

START 

 
is 

Report Time for  

Zs k 
= 

Report Time for  

Zsk+1 
? 

k ←1 
m←1 

Copy whole record: 
Zsk 

to 
Zdm 

 

Increase m by 1 

Increase k by 1 

 
is k 

more than the number of 
records in 

Zs 
?  

FINISHED

YES

YES 

NO 

NO 

Figure 7. Algorithm to filter “polluted” dataset from multiples. 
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Figure 8. Data from figure 5 after treatment of anti-multiple filter. 

The amount of remaining reports per car and day can be seen in Figure 8 above. Notice 
how the tall blue bars have disappeared. All the dataset now contains less than 2880 re-
ports per day, which is the theoretical limit that was calculated above.  

3.2.2 Contradictive data 
An error similar to the one above (section 3.2.1) is data that contradicts itself. 
Consider the following example, where we add following error to the temperature series 
introduced in figure 2. 
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Figure 9. Temperature series with contradictive records. 

  

In figure 9 above we have two contradictive samples, both with order attribute 8. We 
know the sample number is directly correlated to time and we know that the tempera-
ture was measured by one sensor. Since we also know that one sensor can not have two 
different temperatures at one point in time, we can say that the values are contradictive.  
If  we want to clean the dataset, we have to remove one of those samples, the hard 
question to answer is; which one of the samples is the correct one  which one should be 
removed? 
To solve the problem, again we could use knowledge about the system. We know that 
the temperature is a continuous variable and should not vary with high frequencies5. 
Therefore we linearly interpolate the two neighboring values and take the one that devi-
ate least in temperature form the interpolated estimate, like so: 

                                            
5 Depending on what we are measuring of course, but phenomena like air temperature should 
wary with ’low’ frequencies. 
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Figure 10. Choosing among contradictive values. This figure shows the same 
temperature series as Figure 9 above, but zoomed. 

In figure 10 above the higher temperature for sample number 8 is slightly closer to the 
red interpolated line than the lower temperature. Therefore it will be chosen as the cor-
rect one, the other one is removed. More information about interpolation can be found in 
section 3.4.  
There are many ways contradictive data can be corrected and all methods rely on addi-
tional redundant data.[1] Alternatively the record could be emptied and left as missing 
data, to be taken care of by one of the algorithms for missing data in section 3.4 below.  

3.2.3 Error codes 
As discussed in section 1.1 a legend/specification is often accessible together with a da-
taset. This legend could sometimes include so called error codes. 
Error codes are data of another kind than the data collected. The codes are generated by 
the software involved in the data collection process and indicate when some part of the 
collection system is malfunctioning. The error codes could have an own channel (like an 
own attribute) or they could come as a part of the ordinary data. 
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Figure 11. Example of error code. 

Figure 11 above shows a series of air temperatures recoded by a weather station at the 
side of a road. This is an example where the data representing the measured physical 
quantity (in this case temperature) and the error code use the same channel. In this 
case a legend, explicitly telling the error code may be redundant, since a temperature at 
constantly -99ºC for several samples, is unlikely enough to speak for itself. There could 
be other cases where the codes are less obvious. 
The temperature values during the malfunction must be considered missing. Depending 
on the time span of the malfunction and the availability of redundant data, the chances 
to make a correction, by filling in the gap, may wary. See section 3.4. 

3.2.4 Values out of bound 
In section 3.2.2 data that contradict other data was discussed, here is data that contra-
dict reality will be treated. 
This is last kind of erroneous data that will be mentioned. It is simply a matter of data 
that do not match the physical quantity that is supposed to be measured. For example a 
negative magnitude might be valid if a temperature is measured, but not precipitation. It 
must be considered as “missing” and what could be done to correct it will be discussed in 
section 3.4. 
 

3.3 Outliers 
When you collect data, you will often be able to, by intuition, sort out extraordinary re-
cords (or series of records), just by having a swift look at the data. The reason for hu-
mans’ ability to recognize extraordinary information is probably the fact that this kind of 
information often is of extraordinary importance.[1] The information is extraordinary in 
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the sense that, it seem not to follow the background pattern and seem to be very rare or 
improbable.  
The statistician Douglas Hawkins stated the definition “An outlier is an observation that 
differs so much from other observations as to arouse suspicion that it was generated by 
a different mechanism”.6 

 
Figure 12. Example of an outlier, in a temperature data series,  
taken from a weather station in Sweden. 

These outliers (also sometimes called anomalies) can be sorted into two different sub 
groups; those natural and interesting and those caused by malfunctioning instruments 
(where no error code is delivered).[1] The first group will contribute with data that im-
proves the succeeding analysis or model building.7 The later will contribute with errors 
that make the succeeding results less accurate. 
Figure 12 shows an air temperature that varies by time, where one sample could be 
classified as an outlier (guess which one). In this case it intuitively appears to be an out-
lier that is caused of a malfunctioning instrument. It should most likely a good decision 
remove it from the dataset.  
If a collected value is very unlikely, it can by itself cause the mean or the standard devia-
tion to drift significantly. Therefore it is an important part of the data filtering process to 
remove those values. 
 

                                            
6 Hawkins’ Definition of an Outlier 
7 The natural outliers could be studied by themselves and will often contribute with vital informa-
tion when building models.[1] In this work package we will only deal with the kind of anomalies 
that are likely to have been caused by a faulty data collection system. 
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Figure 13. Example of a distribution, where values may fall into  
different regions depending on their relative occurrence.  

If the value is caused by an error, though it can not be detected as an outlier, the analy-
sis will not suffer (as long we do not have too many of them of course). Figure 13 is try-
ing to illustrate the fact that a malfunctioning instrument, may produce values anywhere 
in the probability spectrum, but it is only important (and possible) to detect and remove 
those that deviate much from the expected values. The scientist who is constructing the 
filter has no objective rule to decide where to put the limits for the categories in figure 
13. It will always be a matter of knowing the physical quantity, reflected by the value 
and also a matter of tuning the filter with respect to the intended succeeding application. 
 
In the example above the probability distribution of the data is a ‘normal distribution’, 
but it could of course be any kind of distribution. There are cases when the average of a 
set of samples is not at all very probable.8 For clarity it is also just one dimensional, but 
the same general rules apply for many dimensions. That is, combinations of many vari-
ables.9  
 
When trying to detect outliers it is important to consider the scale on which you build 
your distribution. In figure 12 the suspected outlier at 18ºC may not be very improbable 
if you look at all the temperatures over the year, but if you only use the samples re-
corded on the surrounding days it is definitely an outlier.10 

                                            
8 For example the wind speed on a blusterous day is will have the property, that the average 
speed is not the most common, since most recorded speeds are either very low or very high. 
 
9 A two dimensional example could be length and mass of a person. A person with a mass of 20 
kg might not be an outlier neither a person with a length of 170 cm, but a person with the mass 
20 kg and the length 170 cm could be considered an outlier.  
 
10 One important thing to remember is that, if the filter is intended to work in real time you can 
not use values from the future to form the distribution. This seams obvious, but can be easy to 
forget when you work only with historical data. 

Expected values Valid outliersValid outliers

Values that could originate from malfunctioning instrument 
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3.3.1 Example from implemented filter 
Below in figure 14 a filter working on the data in figure 12 is illustrated. The filter uses 
the last 20 samples of temperature to make a mean value and a value for standard de-
viation using equation 4. Samples that supersede the threshold of mean value +/- 5 
times the standard deviation will be considered outliers. They will be taken out of the 
dataset and will not contribute to the 20 succeeding calculations of average and mean 
value. 

 
Figure 14. Real time filter for detection of anomalies 

Note that this filter will only be able to detect low dense errors like the one above. If the 
errors come 20 samples in a row there are no correct samples to make an average of. 
The filter above will work in real time since all information is taken from the present and 
the past.  
You could improve the filter quality by averaging over say the 20 past and the 20 coming 
samples for each point in time, but this will only work on historical data (at least 20 
samples old). The result when this filter is applied is shown in figure 15 below. Notice in 
particular how the mean value tends to lag behind in the real time filter, while it is much 
better adapted to the samples in the filter which averages over both past and coming 
data. Also observe the standard deviation contra the sampled data. In both cases the 
threshold is at 5 times the standard deviation, but in the second filter, the margin is 
much larger, which means that we have a potential to shrink the threshold and thereby 
detect smaller anomalies. 
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Figure 15. Filter for detection of anomalies on historical data. 

 
So far we have discussed a so called density based approach for detecting outliers. 
Another approach is the model based one, where a theoretical model is constructed that 
reflects the behavior of your dataset. This is explained in detail in work package 3.2 sec-
tion 4.4. Here a regression model learns from previous examples, how the traffic flow 
varies over the day, for a location along a road. It is important that the learning is done 
from data that we some how know is correct. Later incoming data will be compared with 
what the model predicts. If the data deviate more than a set threshold it will be consid-
ered faulty. 

3.4 Missing data 
The reader is recommended to read (and understand) section 2 before proceeding. 
 
As described in section 2, data in the datasets will often be organized as records with 
pairs of dependent and independent data. The dependent data could be temperature or 
traffic flow, while the independent is most likely time or position (see figure 2). The pairs 
form a look up table, like a dictionary. 
 
In a dataset, data could be missing for two reasons; either it has never been present or 
it has been removed because it was considered faulty for some reason (see 3.2).  

• If data was never present, there are two sub cases:  
-Either the data was collected as a series, where the missing data is easily de-
tected as a gap in the series of independent attributes (often time) see figure 11. 
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-Or the data has sporadic nature like precipitation. In this case the gaps cold be 
harder to detect. One way to make the gaps visible is, to also report “no-
sporadic-event-occurred” (in this case zero precipitation).11 

• If data was removed because it was considered faulty, there are always possibili-
ties to keep track of where (for which independent attributes) data has been re-
moved. 

 
So data can be missing, but the possibility often exists to determine where this has hap-
pened. This can sometimes be enough. The algorithms succeeding the filter for data 
treatment are sometimes able to deal with incomplete data, at the expense of quality of 
the result. 
Sometimes the intended use of the filtered data requires a complete dataset. There are 
different degrees of completeness; sometimes an uninterrupted series of data is suffi-
cient, but sometimes data is needed “between” the uninterrupted records. This means 
that methods will be needed not only to fill in data where records are missing, but also 
to fill in data between the records that are present. The remainder of this chapter will 
describe methods for filling in the missing data. 

3.4.1 Linear interpolation 
As mentioned in 3.4, there is sometimes a need for knowing what happens in between 
known data. This could be formulated as estimation of the value of the dependent at-
tribute where there is no corresponding value for the independent attribute stored in the 
records.  
Interpolation is a group of methods dealing with this problem, where linear interpolation 
is the simplest form. Linear interpolation will add information by “binding the know data 
points together” with straight lines, like the example in figure 16 shows.  

                                            
11 If the collection of data is associated to a cost, the method with reports of no-event-present-
records is an unsuitable solution. An example of this is the floating car data mentioned in 3.2.1.1. 
This data is intended to use for detection of slipperiness, therefore both the positions of the cars 
per time, and sliding of the cars, per position and time is collected. The sliding of cars is a spo-
radic event. In an event of a car sliding, there should be a report sent by wireless transmission to 
the database. This wireless transmission is associated to cost (in this case money per megabyte), 
so it will be expensive to send “car-is-not-sliding-at-the-moment-report”.  
If this report somehow never reaches the database, it might be impossible do detect that it is 
missing. The solution for this dilemma is mentioned in the later part of 3.2.1; tag each report with 
consecutive numbers. Where there are gaps in the number series reports have been lost. The 
method will not likely give the possibility to recreate the data, though its major purpose is to 
make future improvements of the data acquisition system possible. 
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Figure 16. Example of linear interpolation. 

 
Below is the algorithm for estimation of a value 
between two points of data, via linear interpola-
tion:  
  
Given data: 

• Independent variable for which the de-
pendent variable is to be estimated: X 

Wanted data: 
• Estimated dependent value for inde-

pendent given value X: Ye 
 
1) Find the independent data in the records, 
with the highest value that is less than X (to the 
left of X). This will be X1. X1 will give Y1 (since 
they are associated in the dataset). An analogy is 
when a particular word is looked up in a dictionary. 
 
2) Find the independent data in the records, with the lowest value that is more than X 
(to the right of X). This will be X2. X1 will give Y2 (since they are associated in the data-
set).  
 
3) The four values and X will give Ye. Via the formula: 

( ) ( )
( )

X-X1 Y2-Y1
Ye = Y1 + 

X2-X1
×

 

Equation 5 

Figure 17. Linear interpola-
tion. 
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This can be done for every value in between the known data points (and also works di-
rectly at the data points). 
 

 
Figure 16  illustrates data being interpolated for two reasons; between the records and 
to estimate a record. 
In the figure sample number 8 is missing. The proper action for the filter would here 
probably be to create a new record in the dataset, similar to the others, where the rep-
resentation of the interpolated sample number 8 is stored. That is to create a record with 
the label (independent value) 8 and the dependent value Ye given by equation 5. 
 

3.4.2 Polynomial interpolation 
It can be proven mathematically that, if we have n data points, there is exactly one 
polynomial of degree at most n−1 going through all the data points. 
Polynomial refers to mathematical functions that have the following pattern:  

1 2
1 2 1 0( ) ...n n n

n n ny x a x a x a x a x a− −
− −= + + + + +   

Equation 6 

Where all a are constants. The degree is n. 
Given data points are defined by the pairs of x and y: 

0 0

1 1

,
,

,n n

x y
x y

x y
M

 

As usual x is the independent variable/attribute and y is the dependent one. 
We have the structure of the polynomial given in  
equation 6. To make the curve cross all points we make the following statements: 
  

1 2
0 0 1 0 2 0 1 0 0

1 2
1 1 1 1 2 1 1 1 0

1 2
1 2 1 0

n n n
n n n

n n n
n n n

n n n
n n n n n n n n

y a x a x a x a x a
y a x a x a x a x a

y a x a x a x a x a

− −
− −

− −
− −

− −
− −

= + + + + +
= + + + + +

= + + + + +

K

K

M

K

  

Equation 7 

The statements constraints one set of constants ( 0a to na ) to make all x produce the re-

quired y. That is 1x must generate 1y , 2x must generate 2y  and so on.  
Notice that the degree of the polynomial is the same as the number of records in the da-
taset minus one. The equations above can also be written in matrix form like. 



ROADIDEA 215455  

24 

1
0 0 0 0

1
1 11 1 1

1
0

1
1

1

n n
n

n n
n

n n
n n n n

y ax x x
y ax x x

y ax x x

−

−
−

−

⎡ ⎤⎡ ⎤ ⎡ ⎤
⎢ ⎥⎢ ⎥ ⎢ ⎥
⎢ ⎥⎢ ⎥ ⎢ ⎥=
⎢ ⎥⎢ ⎥ ⎢ ⎥
⎢ ⎥⎢ ⎥ ⎢ ⎥
⎢ ⎥⎣ ⎦ ⎣ ⎦⎣ ⎦

L

L

M MM M M M

L

 

The statement above can be written like… 
y = x a   

The unknown vector is a, so we multiply both sides with the inverted x -matrix ( 1−x ). 
1−x y = a  

The vector a  will give all that is needed to construct the polynomial in  
equation 6. 
 
 
Consider the following example: 
 
We want to make a polynomial interpolation in the following small dataset: 
 

Time 1.1 2.3 3.1 4 
Temperature -1 2 1.9 2.4 

Table 3. Example of dataset. 

This dataset contains 4 points, so it is possible to interpolate it by a polynomial, of de-
gree 3. The values for time for x and temperature for y are inserted in  
Equation 7 and generates: 
 

3 2
3 2 1 0

3 2
3 2 1 0

3 2
3 2 1 0

3 2
3 2 1 0

1 1.1 1.1 1.1
2 2.3 2.3 2.3

1.9 3.1 3.1 3.1
3 4 4 4

a a a a
a a a a
a a a a
a a a a

− = + + +
= + + +
= + + +
= + + +

 

 
This is equivalent to: 
 

3 2
3

3 2
2

3 2
1

3 2
0

1 1.1 1.1 1.1 1
2 2.3 2.3 2.3 1

1.9 3.1 3.1 3.1 1
2.4 4 4 4 1

a
a
a
a

− ⎡ ⎤ ⎡ ⎤⎡ ⎤
⎢ ⎥ ⎢ ⎥⎢ ⎥
⎢ ⎥ ⎢ ⎥⎢ ⎥ =
⎢ ⎥ ⎢ ⎥⎢ ⎥
⎢ ⎥ ⎢ ⎥⎢ ⎥

⎣ ⎦ ⎣ ⎦⎣ ⎦

 

 
We multiply both sides by the inverted x -matrix ( 1−x ) which produces12: 
 

                                            
12 Inverting a matrix can be done by so called Gaussian elimination 
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3

2

1

0

0.144 0.613 0.694 0.225 1 1 0 0 0
1.351 5.025 5.139 1.465 2 0 1 0 0
4.128 12.384 11.021 2.946 1.9 0 0 1 0

4.098 8.358 7.028 1.768 2.4 0 0 0 1

a
a
a
a

− − − ⎡ ⎤⎡ ⎤ ⎡ ⎤ ⎡ ⎤
⎢ ⎥⎢ ⎥ ⎢ ⎥ ⎢ ⎥− − ⎢ ⎥⎢ ⎥ ⎢ ⎥ ⎢ ⎥=
⎢ ⎥⎢ ⎥ ⎢ ⎥ ⎢ ⎥− −
⎢ ⎥⎢ ⎥ ⎢ ⎥ ⎢ ⎥− −⎣ ⎦ ⎣ ⎦ ⎣ ⎦ ⎣ ⎦

 

 
If we evaluate this expression it turns into: 

 

 
Figure 18. Polynomial interpolation of third degree. 

Inserted in  
equation 6 these finally generate the equation for the polynomial interpolation which can 
be seen above in figure 18. 

3 2( ) 0.591 5.152 14.682 11.703y x x x x= − + −  
 
Notice how the edges of the span are not really reliable. Remember; the formula is only 
used for interpolation, not extrapolation. 
One problem with polynomial interpolation is that the time needed for inverting a matrix 
grows with a potential of 3 or ” ordo 3n  ”. [4] 
 

3.4.3 Statistical model curve fitting 
As mentioned in 3.4, there is sometimes a need for knowing what happens in between 
known data. This could be formulated as estimation of the dependent variable where 
there is no corresponding independent variable. The two sections above discussed inter-
polation, where a continuous function is adapted to fit the data points by intersecting 
them. When you do curve fitting the constraint is somewhat looser; the curve have to be 
as close as possible to the points (in some sense), but not necessarily intersect them.   
 

3

2

1

0

0.591
5.152

14.682
11.703

a
a
a
a

=
− =

=
− =
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Below we will discuss one method of statistical curve fitting called general regression. 
Statistical modeling like general regression uses historical data, for both filling in missing 
data, but also modeling, there is actually no difference. Filtering data is just one sector of 
application for the model. Deliverable 3.2 will discuss model building via general regres-
sion in detail: 

• Section 3.1 in deliverable 3.2 will deal with general regression for model building. 
• Section 4.1 in deliverable 3.2 will exemplify general regression on traffic data. 
• Section 4.4 in deliverable 3.2 will explain how to use the models to recover lost 

data. 
 
Here we will give an introduction to the field of general regression. 

3.4.3.1 Use of hidden and given variables 
 
The formula for calculating the regression (red curve in figure 21) will be explained in 
section 3.4.3.2, first we take a look at the data that is used as input to create and to use 
the model. Notice in that the horizontal axis in figure 21 is named ‘Given variable -V’ (not 
independent variable -X) and the vertical axis is named ‘Hidden variable -Q’ (not de-
pendent variable -Y). The reason for the introduction of V and Q is that in the general 
case the given data could be of both the dependent and independent kind. 
The example below will hopefully make this clearer: 
 
Suppose we have a series of records of road surface temperature ( )surftemp nr  and air 

temperature ( )airtemp nr at a point along a road. The time is recorded while samples are 

taken, so we have also access to time of the day ( )daytime nr  and the time of the year 

( )yeartime nr . 

Also suppose there are gaps in the dataset in the ( )surftemp nr  and ( )airtemp nr  series. 

The dataset is illustrated schematically below: 
 

 
Figure 19. Example of dataset with gaps present. 

Notice in figure 19 the arrangement of dependent and independent data according to 
section 2.1 is still present. 
If we want to fill in the gap of surftemp , we have the possibility to use the dependent va-

riable airtemp together with the two independent time variables to build the function G, 
and use it like this: 

nr

independent variables

surftemp

airtemp  

daytime

yeartime

dependent variables  
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( )

( )

_

_

( ) ( ), ( ), ( )

( ) ( )

( )
( ) ( )
( )

( ) ( )

surf estimated air day year

air

day surf estimated

year

temp nr G temp nr time nr time nr

Q nr G nr

temp nr
time nr G temp nr
time nr

nr G Q nr

=

=

⎫
⎪ → →⎬
⎪⎭

→ →

V

V

c

c

c

 

 
…where V is hidden data and consist of the data we want to estimate; surftemp . Q is giv-

en data and consist of ( )airtemp nr , ( )daytime nr  and ( )yeartime nr . G is a regressive func-

tion, like the one illustrated in figure 21 but with (3 axis of given data instead of 1). The 
regressive function/model is constructed from historical data at all times when both giv-
en and hidden data is present. 

 
Figure 20. A model G is built when complete data is present to fill in the gapes 
when data is not complete. 

 
The corresponding could be done to estimate airtemp , where it is missing. In that case 

airtemp , is considered hidden, while the 3 others are given. 

3.4.3.2 General regression 
If we have a dataset with hidden and given data we can use general regression to fit a 
curve (surface in many dimensions) for the points. Below in figure 2 is an example where 
general regression is used to fit a curve to data from table 3. 

nr~time

given data, V

surftemp

airtemp  

daytime

yeartime

hidden data, Q

build/train regressive 
model G, 
from V and Q

use regressive 
model G, 
to estimate 
Q from V
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Figure 21. Example of fitting a curve to dataset in table 3, by general regres-
sion. 

The aim is to be able to estimate the hidden value eQ  denoting temperature, for a given 
value of V  denoting time, with the use of stored records: 

1 2 3

1 1 2 2 3 3

, , ,

( , ), ( , ), ( , ) ( , ) ( , )

n N

n n N N

Z Z Z Z Z

V Q V Q V Q V Q V Q

K K

c

K K

 

 
General regression assumes that the closer V  is to the given attributes of a stored re-
cord in the dataset nV , the more similar the estimated hidden value eQ , will be to the 

hidden attribute of the same record in the dataset nQ . In other words; the closer V  is to 

nV  the more nQ  will contribute to eQ .[2] The formula is given below. 

1

1

( , )
( )

( , )

N
n nn

e N
nk

Q g
Q G

g

σ

σ
=

=

−
= =

−
∑
∑

V V
V

V V
     

Equation 8 

This calls for some explanation. First we look at ( , )ng σ−V V  which is a tool to measure 
similarity for the given variables; for this purpose the Gaussian window function will be 
used13: 

                                            
13 Other distribution functions could be used as well. 
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( )

2

221( , )
2

n

n Dg e σσ
πσ

⎛ ⎞− −⎜ ⎟
⎜ ⎟
⎝ ⎠− =

V V

V V    

Equation 9 

…where… 
σ  is the standard deviation of the distribution.  
D  is the number dimensions of the given variable. In figure 21 above D is one. 
If the dimension of the given variable is more than one, V becomes a vector (with D  
number of elements) which is written: 

1

2

D

V
V

V

⎡ ⎤
⎢ ⎥
⎢ ⎥=
⎢ ⎥
⎢ ⎥
⎣ ⎦

V
M

 …so… 

1 1

2 2

n

n
n

D Dn

V V
V V

V V

−⎡ ⎤
⎢ ⎥−⎢ ⎥− =
⎢ ⎥
⎢ ⎥−⎣ ⎦

V V
M

 

 

n−V V  is used in the exponent of equation 9 like… 
 

( ) ( ) ( )2 2 2 2
1 1 2 2n n n D DnV V V V V V− = − + − + + −V V K  

 
 

 
Figure 22. Gaussian window functions 

Figure 22 shows Gaussian windows with different σ, which are used for mapping dis-
tance in the given variable to a measurement of truthfulness. 
The result of the Gaussian window function can also be seen in figure 21 as the four bell 
shaped distribution functions, each of them with its center at the given value V  for the 
respective record, standard deviation 0.5σ =  was used. The window functions enable us 
to measure the truthfulness of all stored records of given data at any point along the axis 
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of given values. As can be seen the closer V  is to nV  the higher truthfulness of that val-
ue.  
In figure 21 the hidden values of temperature 1 2 3 4, , ,Q Q Q Q  will contribute to the esti-
mated temperature Qe  according to their relative fraction of the sum of truthfulness at 
the point V where eQ  is to be estimated, this is described by equation 8. This process is 
known as weighted, or conditional, average. 
 

42 2

2

4

4

3 3

3

1 1

1

( , ) ( , ) ( , ) ( , )
( , ) ( , ) ( , ) ( , )e

g V g V g V g V
g V g V g V g

Q V Q V
V

Q Q
V

V
V V

V
V

Q σ σ σ σ
σ σ σ σ

− + − + − + −
=

− + − + − + −
 

 
…or for 2,  0.5V σ= = , with data from table 3 inserted… 
 

1.9 3.1
3

2 2.3
2.3

2 0.666
0.66

(2 , ) (2 , ) (2 , ) (2 , )
(2 , ) (2 , ) (2 , )

2.4 4
4

0.000 4
0.

(2 , )

0

1 1.1
1.1

1 0.160
0.1

.1

1.9 0.071
0.

1.4
00

6
0710

3
6 6

e
g g g g

g g g
Q

g
σ σ σ σ

σ σ σ σ
− + − + − + −

= ⇒
− + − + −

×

+ −

+ + +

−

− ×
⇒ =

+ +
×
+

×
 

The numbers in the example is color coded according to figure 21. 
The resulting estimated value of temperature can be confirmed in figure 21. 
 
Let us now look at how the standard deviation σ of the Gaussian function affects the 
curve fitting. The lower the value of σ, more narrow curve and the more local the fitting. 
The higher the value of σ, the flatter curve and the smoother curve fitting.  

 
Figure 23. The impact of standard deviation on curve fitting. 

σ =0.25

σ =1 

σ =0.5
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As can be seen in figure 23 above, neither very large, nor very small σ give a good fit-
ting. The optimal one can be fund by using cross validation, which is described in 3.5. A 
proper value for σ is approximately the average distance between data points of the hid-
den value.[2] This is true for any number of dimensions. 
For other ways of looking at the concept of similarity, see also deliverable 3.2 section 
2.1.2.  
One can not extrapolate general regression, since it follows from equation 8 that every 
estimated point has to lie between the minimum and maximum values of the hidden va-
riable. 
 

3.4.3.3 Example from implemented filter. 
Following will be a presentation of general regression applied on weather data. We have 
access temperature data from weather stations, which are distributed in the landscape. 
We know temperature at discrete moments at 127 points in 2 dimensions. The general 
regression will be used to estimate temperature for positions in between the weather 
stations. The longitude and latitude are given values while the temperature is the hidden 
value. Time is static in this example; 12:00 the 14:th of December 2007. 
 
Equation 8 is used.  

Weather stations positions forms n
n

n

Long
Lat

⎡ ⎤
= ⎢ ⎥

⎣ ⎦
V ,  

where n is the number of the station (1 to 127).  
 
The temperature for each station is nQ .  
 
Notice that when equation 9 is fed with n−V V , this indicates the distance from the 
point where the temperature is to be estimated relative to the stations along each axis. 
Compare to the case in one dimension in figure 21 and figure 22. 
If we lived at the equator every degree east-west would have the same actual length in 
kilometers as a degree north-south. For the position where the stations are located, this 
is not true. At 56 to 59 degrees north the length of one degree north-south is still equal 
to length of one degree north-south at the equator, but the length of one degree east-
west is approximately half as long as one degree east-west at the equator. This can eas-
ily be realized if you look at the terrestrial globe or Figure 24. Therefore equation 9  is 

fed with 
( ) / 2n

n

Long Long
Lat Lat

−⎡ ⎤
⎢ ⎥−⎣ ⎦

 instead. We say that the east-west distance 

( )nLong Long−  is normalized to equator-degrees14. The process of normalization has to 
be considered or performed no matter what given variables are used. 

                                            
14 Actually a more correct normalization is achieved by: 
 ( , ) ( ) ( )n nnormalize Long Long Long Long Cosα α− = −  

Where α  is degrees north of the place where the normalization is done. This is also an approxi-
mation which only holds for ‘short’ distances since the normalization is done at a point and not 
along the stretch, which is measured. It assumes that the earth is locally flat and will give a work-
ing result for distances at several degrees.  
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Figure 24. Statistical curve fitting in of temperature along longitude and lati-
tude. The 127 red dots ‘●’ are weather stations. Each one of the give a tem-
perature value which contributes to the temperature estimation that covers all 
the geography. The lines indicate isotherms. And the color scale is in °C. 

The σ  in this example was set to 0.072 (north-south) degrees, which corresponds to 8 
kilometers (in any direction). 
Equation 8 is used for every pair of long and lat, each with discrete steps. The result is 
presented in Figure 24. The diagram is only intended to give a picture of the pattern the 
regression creates; there is no possibility to grasp the correctness of the curve fitting. 
This will be discussed in section 3.5.3 below. Notice what happens outside the area of 
given variables (outside the cluster of stations) and compare with the one dimensional 

Station no. 70 
Referred to from 
section 3.5.3 
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case in figure 21. In the one dimensional case you get a flat constant curve, which in the 
two dimensional case corresponds to a flat constant surface. The method is of no or little 
use for extrapolation purposes. 

 

3.5  Evaluation of the quality of estimation 
Whenever an algorithm/method for estimation of data is developed, a new need emerge 
for estimation of the quality of that estimation. This kind of evaluation is intended to give 
a picture of the errors you add to the analysis. Evaluation is also used to compare differ-
ent methods of interpolation, curve fitting or modeling to each other. It is important to 
notice that these algorithms are not for treatment of the actual data, but of the algo-
rithms treating the actual data.  
 

3.5.1 Cross validation 
Following is a straightforward approach on the theme will be presented; cross valida-
tion.[1] 

 
Figure 25. Cross validation. 

Compare figure 25 to figure 20 above. In figure 20 a model G was made to estimate da-
ta for times where there gaps where present. In cross validation (figure 25), we consider 
a dataset which is complete from the beginning. We make a gap in the hidden data in-
tentionally, by lifting a section out. We use an algorithm of choice to develop a model G, 
exactly as described in figure 20 and in section 3.4.3. Then we use G to estimate the 
hidden section we lifted out. The difference from before is that this time the answer for 
the data, which is estimated by G(V), is known since it was taken away deliberately. This 
gives us the opportunity to compare the estimated hidden data with the actual observed 
hidden data. 
 
The records for the untouched part of the dataset, is called the training dataset 
( ),Qt t Zt=V  

 
The records for the times where the hidden data was deliberately obscured, is called va-
lidation dataset ( , )Qv v Zv=V  
 
The process of cross validation, illustrated in figure 25, can be described as follows: 

nr~time

given data, V

Validation
dataset 

Training  
dataset 

hidden data, Q

build/train regressive 
model G, 
from V and Q

use regressive 
model G, 
to estimate 
Q from V

compare 

Training
dataset 
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1) Build model on training dataset: 

( ), model builderQt t G→ →V  

 
2) Use model on validation dataset on dataset to receive the hidden data estimated by 
G: 

 

 
 
3) Compare estimated hidden data with actually observed hidden data: 

( ), comparing algorithm magnitude of similarityQe Qv → →  

 
 
modelbuilder  is a method/algorithm for making/adapting models G to map incoming 

data V to outgoing data Q. Examples included above is linear interpolation, polynomial 
interpolation and general regression, but this process could also involve analytical ap-
proaches. 
 
The comparing algorithm  is a method/algorithm which in some sense measures similar-

ity between the input data series. 
 
The 3 steps above can be run on the same dataset over and over again, but with differ-
ent selection of the validation data set. With the “k-fold cross validation” the dataset is 
divided into k number of equally sized partitions. For each run of the 3 steps, 1 of the k 
segments is forming Zv  while the others together form Zt . The steps are executed for 
every selection of k. Depending on the complexity of the model builder, the size of the 
dataset and the available computer power, the choice of k could vary. A special case of 
k-fold method is where k is set to the number of records in the original dataset Z.[1] This 
is the maximal possible value for k and the use of the method is referred to as “leave-
one-out approach”. 
   
 

3.5.2 Comparison of estimated and observed data 
One example of comparison between true and measured data was given in section 3.1. 
The same could be performed to observed and estimated data, and yields the mean 
square error, the standard deviation of the error and the mean value of the error. 
The real value of the physical quantity (section 3.1) is analogous with the real observed 
data (validation data), and the measured value is analogous with the estimated values. 
So in equation 1 to equation 4 real temperature y is substituted with validation data Qv  
and measured temperature ŷ  is substituted with estimated data eQ . 
 
In the framework of linear modeling of scalar variables the agreement between the esti-
mated value eQ  and actually observed value Qv  can also be described by the correla-
tion coefficient r of both variables. 
 
The correlation coefficient between components of these vectors can be then determined 
by using a standard formula from statistics; Pearson’s coefficient of correlation:[3] 

v G Qe→ →V
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Cov( , )

Var( ) Var( )
Qv Qer

Qv Qe
=  

Equation 10 
 
where… 

( )Var X  denote the statistical variance of a series of data 1 2 2, , ... Nx x x x . 
2

2
1

1( ) ( )N
X n Xn

Var X x
N

σ μ
=

= = −∑ , Xσ = is called the standard deviation.      

 
( , )Cov X Y  is the statistical covariance between the pairs of variables 

1 1 2 2( , ), ( , )...( , ).N Nx y x y x y      
1

1( , ) ( )( )N
n x n yn

Cov X Y x y
N

μ μ
=

= − −∑  

 
 
When Q has many components, many hidden values are estimated from the given val-
ues. For example in figure 19, this would correspond to that both tempair and tempsurf  
are considered hidden and where to be predicted from the given timeday and timeyear. In 
this case the same algorithm for regression is used; once for each of the hidden vari-
ables in parallel. The result is also evaluated for each attribute of Q in parallel using 
equation 10.  
 

3.5.3 Example from implemented filter 
Here an example will be given describing how cross validation is applied to the tempera-
ture distributing filter in section 3.4.3.3. In section 3.5.1 the process of cross validation is 
performed along the time axis. In other words the validation dataset Qv  is taken out of 
the hidden part of the dataset, to leave a gap along the time axis.  
The validation could just as well be executed in space. To illustrate this we will follow the 
leave-one-out approach, by letting the filter in section 3.4.3.3. have access to all weather 
stations, but one (nr 70). This station will be used to estimate the filters ability to esti-
mate temperature like shown in figure 26. 
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Figure 26. Result of cross validation, presented along time axis, approx. 350 
samples. 

The temperature is estimated once every half hour for 5 winter months. Figure 5 shows 
a week span of this period. Notice how the estimated temperature (blue) is not affected 
by the gaps in the validation dataset (red), since the validation dataset is not a part of 
the training dataset. 
 
For each moment in time we will have a pair of real and estimated temperature, as illus-
trated above. If these pairs are plotted in a diagram with estimated temperature along 
one axis and real temperature along the other, we end up with a plot which gives a pic-
ture of the estimation quality independent of the time attribute like shown in figure 27. 
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Figure 27. Result of cross validation, presented as estimated temperature ver-
sus real temperature, approx 7000 samples. 

The ideal estimator would have all its points on the red “one to one” line. 
From the diagram we can conclude things that would have been hard in figure 26, like: 

• The estimated temperature seems to on average be too high. 
• The estimation seems to be more correct at high temperatures than at low. 
• The estimated value at temperatures below -10°C seems to be approximately 2°C 

to high. 
 
The final graphical presentation of the result will be a histogram of the difference be-
tween real temperature and estimated temperature, ( )Qe Qv− shown in. The mental pic-
ture of what is done can be: 
1) Arrange a number of bins with markings (-4°C to -3.8°C) , (-3.8°C to -3.6°C) … 

(+3.8°C to +4°C)      
2) For every dot in figure 26: 

Note its height from the red line which correspond to estimated temperature – 
real temperature ( )Qe Qv−  and throw it in the bin that corresponds to that tem-
perature difference. 

3) Sum up the number of dots in each bin and build the histogram. 
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Figure 28. Histogram over deviation of temperature estimation. 

The estimator we aim for would have all samples as close to the -0.2°C to 0 and 0 to 
+0.2°C -bins as possible. 
Note that this diagram is of exactly the same kind and produced by exactly the same al-
gorithm that the diagram in figure 3. 
The bars in the diagram sums up to 100% and you can tell that for example: 

• 23% of the estimated values are between 0 to 0.2°C to high. 
• The mean value of the difference seem to be approximately half a degree plus. 
• The standard deviation from the mean value is quite small. 

 
If we went some measurable results the following equations could be used: 
 
Equation 1: 
Mean square error= ( ), 0.447MSE Qe Qv = (°C)2 

 
Equation 3: 
Mean value of the error Qe Qvμ −= = +0.32°C 

This is also called average, bias, expected value or offset of the error. 
 
Equation 4: 
Standard deviation of the error= Qe Qvσ − =0.59°C 

 
 
Equation 10: 
Pearson’s coefficient of correlation=r=0.987 
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3.6 Structure for filtering the data  
The data treated at Semcon included weather data from road weather stations, floating 
vehicle data, traffic flow/velocity data from road radars and also manual records of 
weather from airports. 
All datasets contained errors and all used algorithms for filtering them are listed above, 
though just a few of the algorithms had to be applied to each particular dataset. Accord-
ing to figure 1 the data is treated in series, so the filters are distributed and have inter-
mediate steps where information is passed from one filter to another. At Semcon MAT-
LAB language was chosen for the implementation of the algorithms. As illustrated in 
figure 29 we start with raw data. The format of the raw data can differ; in our case the 
data came in ASCII format (.txt) and excel format (.xls). In order to be able to filter the 
data, the raw data files where red by an extractor program and converted to MATLAB-
matrix format. The information content is the same; it is just the format that is changed. 
Both the meta-data and the actual data pass this process. No filters are applied to the 
meta-data; the datasets are often small and can be checked manually15. The product of 
the large actual datasets we call extracted data. 
The extracted data contains the same information and the same errors as the raw data. 
To wash the data from errors there are two filters in series. The first filter has the poten-
tial to shrink the dataset in size; this is why it is called subtractive filter. This filter scans 
the dataset for multiples/clones/duplicates of records and contradictive data according to 
sections 3.2.1 and 3.2.2. Whenever excessive data is encountered one representative 
record is chosen or constructed. The rest are deleted and the dataset is reduced in size 
as a result. The output is called subtracted data. 
So, the subtracted data will have the size of the final dataset (refined data), but will still 
potentially contain errors.  
Therefore it will be the subject for a program we call error mapper. This is a filter that 
scans the subtracted dataset for known error codes, values out of bound or outliers ac-
cording to sections 3.2.3, 3.2.4 and 3.3. The detected data is considered “missing”. A 
matrix identical in size as the subtracted data called error map is constructed as an out-
put. This stores true false values and all the missing data is marked in it. 
Now we have the subtracted data with missing data present and the error map which 
tells where data is missing. These two datasets are used by the reconstructing filter to 
recreate/estimate values for the subtracted data where missing data is present according 
to the algorithms presented in section 3.4. The result will be stored in refined data. 
Whenever data has to be estimated between records, the program that needs this data 
has to implement the program for estimation, like the ones in 3.4. This program will use 
the error map and the subtracted or refined data as input from the pre filtering set of 
programs. From the succeeding programs, value(s) for the given/independent attrib-
ute(s) which the hidden/dependent attributes value is to be estimated for, is input and 
the estimated value(s) will be output. 
The module approach enables us to use combinations of subtracting filter (for removing 
data), error mapper (for detecting missing/erroneous data) and reconstructing filter (for 
estimating complementary data). The error map will be stored as a part of the output 
data, so that it will be possible to know which records where original and which where 
constructed, in the refined output data. 

                                            
15 The positions of the weather stations in figure 24 are one example of meta-data. The data can 
be checked by plotting the stations on a map and manually validate the positions with the use of 
a map where we know the locations are correct. 
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Figure 29. Structure for filtering of data. 

RAW DATA 
Raw dataset in non-MATLAB format, describ-
ing a number of physical quantities or meta-
data for dataset. 

EXTRACTED DATA 
Raw dataset in MATLAB format, containing
same information as RAW DATA

EXTRACTOR 
Program for converting the dataset to MAT-
LAB-format.

SUBTRACTING FILTER 
Program to detect and remove errors, caused 
by excessive data. This filter is the only one
with the potential to shrink the datasets size. 

SUBTRACTED DATA 
Raw data set in MATLAB format, containing
same information as ‘EXTRACTED DATA’, but
with excessive data removed. 

ERROR MAPPER 
Program to detect and map
erroneous or missing data. 

ERROR MAP 
MATLAB matrix, with infor-
mation of where erroneous 
or missing data in ‘SUB-
TRACTED DATA’ is present.

RECONSTRUCTING FILTER 
Program to correct erroneous data or fill in
gaps where data is missing. The errors could
be corrected in many ways, so this filter can be
changed. 

REFINED DATA 
Corrected data set in MATLAB format. 

MATLAB program

Dataset 

META-DATA 
Data explaining data of 
other categories. Often 
look up tables. 

ESTIMATOR OF DATA BETWEEN RECORDS 
Extern program that implements the algorithm 
for estimation of hidden/dependent data between 
the points for the given/independent data. 

Value for given/independent 
attribute.

Estimated value for hid-
den/dependent attribute.
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4 Results 
The objectives of this report where to: 

• Find a structured method to filter data from errors and noise. 
• Present the methods of filtering, so that they can be implemented in an arbitrary 

language and applied to filter general data. 
• Find and present a universal method for evaluation of the performance of one fil-

ter or for comparing the performance of one filter to another.   
Hence the algorithms themselves are the result of the report. The resulting filtered data 
is sometimes included to show the results of the filters, but are not to be considered as a 
result of the report. 
 
A structure for to organizing filters to process data, from raw to refined, was developed 
and presented in 3.6 above. This structure proposes way to organize the filtering algo-
rithms that also are described in the report. This structure was used at Semcon and re-
sulted in an output where the errors could not be detected after treatment. One example 
of such a result can be seen in section 3.2.1.1. 
 
The algorithms used as building blocks in the structure are presented throughout section 
3. First the different types of errors and ways to detect each type are listed in sections 
3.2 and 3.3. Examples where the filters are applied to Semcon data, is also presented 
with corresponding resulting output data. The filters for reconstructing faulty/missing 
data are presented in section 3.4, with corresponding examples and output data results, 
using both real and imaginary datasets.    
 
To evaluate and compare the result of a filter, a method called cross validation was cho-
sen. This method is described in section 3.5. Also an example of cross validation on an 
implemented method, using real data, is included.   
 
 

5 Discussion 
The resulting algorithms/filters and concepts are just a subset of the collection that could 
be applied to filter raw data. The ones that where presented, where chosen since they 
are general and flexible. They can easily be adapted to fit a specific filtering case. The 
number of output and input dimensions are allowed vary, and the filters do not require 
very specific properties of the input data. Many conceivable types of errors are not men-
tioned, since covering them all would be impossible or at least out of the scope of the 
report.  
The algorithms have been presented in a mathematical or pseudo code fashion, so that 
they easily can be implemented in a language of choice. MATLAB was chosen because of 
its flexibility, ability to handle large matrices and produce graphical presentations with 
ready made/easy to use functions. The suggestion is to write code in MATLAB during the 
development phase. When a real time system is to be realized, where little develop-
ment/tweaking is needed and flow rate from input to output data is prioritized, a better 
alternative might be to write the algorithms as functions of a real time language as c or 
c++. 
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6 Summary and Conclusions 
In this report a number of algorithms, methods and concepts where presented for filter-
ing of raw data. Filtering refers to the process of defining, detecting and correcting er-
rors in raw data, in order to minimize the impact on succeeding analyses.  
If the errors are of the kinds that where presented in the report, the algorithms have the 
ability to remove them so that they can not be detected, by manual inspection, after the 
respective dataset has been processed. The evaluation method called cross validation is 
probably the most important and wide-ranging method described, since it is able to 
compare the performance of any models or filters to each other and also optimize the 
performance of any model or filter in a straight forward fashion. 
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