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Create artificial
demo data:

This fictitious data
simulates the
price and the

most sold color of

a fictitious
product. Both
attributes are
recorded at
random times on
different days.

Transformation
Equalize and Replace Missings

Equalize Time Stamps

Use the Equalize Time Stamps Operator
to equalize the input data.

Here we want to have weekly data. The price
{numerical attribute) shall be interpolated, while the
most sold color (nominal attribute) is set to the
previous known value.

As we are not interested in the exact time anymore,
we round start and stop date to the previous/next
exact day. Hence the new equidistant time stamps

will have 12:00:00 AM as the time.

Some postprocessing to
compare new equidistant
values and the old
non-equidistant values

Retrieve Lake Huron Generate Attributes  Replace Missing Val... Replace Missing Val...

c out |}

Replace missings Replace missings
by previous value by linear
interpolation

Demonstration of replace missing value by different methods




Date

Jul 1, 1875 2:00:00 AM CET
Jul 1, 1876 2:00:00 AM CET
Jul 1, 1877 2:00:00 AM CET
Jul 1, 1878 2:00:00 AM CET

Jul 1, 1878 2:00:00 AM CET

7/ Days

7/ Days

Lake surface level | feet
580.380
581.860
580.970
580.800

579.780

Transformation
Equalize and Replace Missings

Date

Aug 2, 2019 12:00:00 AM CEST
Aug 2, 2019 2:46:56 PM CEST
Aug 7, 2019 8:45:56 PM CEST
Aug 9, 2019 12:00:00 AM CEST
Aug 12, 2019 5:34:56 AM CEST
Aug 14, 2019 12:22:56 PM CEST

Aug 16, 2019 12:00:00 AM CEST

data with missing values

Price {equalized)
108

?

?

141.079

?

?

182.909

580.380 580.380
581.860 581.860
5280.970 580.970
? 580.970
579.790 579.790

Most sold color (equalized)

blue

green

data with missing values replaced by previous value

Price (original)
?
108

139

147

185

Most sold color (original)
?
blue

green

red

green

data with missing values replaced by linear interpolation

5280.380

581.860

580.970

580.380

579.790




Transformation
Differentiate, Integrate and Smooth

Retrieve Monthly Mil... Exponential Smoothi... Moving Average Filter Differentiate Integrate
I 'I 'I .I .. -
res
o
Retrieve raw data Smooth raw data Smooth raw data Differentiate raw Integrate raw data.
with exponential with moving data.
smoothing. average filter. Add as new
Add as new attribute.
Add as new Add as new attribute.

attribute. attribute.



Data_integrated
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-30k

rage_filter, Data_differentiated

Data, Data_exp_smoothing, Data_moving_ave

1200
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Transformation
Differentiate, Integrate and Smooth

1962

1563

1964

— Data

1565 1966

Data_exp_smoothing

1967 1968 1969 1570 1971 1972

Date

Data_moving_average_filter

— Data_differentiated

— Data_integrated

O

# Data_differentiated: 7

ctober 1973

1973

1974

1875

1976
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Transformation - Auto Correlation, Fourier Transformation
& Peak Detection

Retrieve Monthly Mil... Auto Correlation / C...

c out | (] exa ! eva | res
" o [ Fast Fourier Transfo... e
J . axm ft . res
Retrieve the ! .
Monthly Milk Evaluate the ' Highest Peak Transf...
Production data Autocorrelation g d o —h
set from the Function (ACF) on !
Samples folder the milk Compute the |
production data. Fourier v

Transformation of

Perfom the the input data.

evlauation to the
maximum lag of
36.

There are clear
peaks at lags
which are a
multiple of 12,

There are clear
frequency
patterns visible in
the resulting
frequency
spectrum

Detect the highest
peaks in the raw
data



Transformation - Auto Correlation, Fourier Transformation

Frequency
Spectrum

& Peak Detection

1000
Peaks
00
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Monthly milk production / poun...: 770 \/\/ \’f
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Retrieve Monthly Mil...

v
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Decomposition
Classic and STL

Classic Decompositi...

The Classic Decomposition operator is used to split the
monthly milk production data into trend, seasonal and
remainder compontent.

The seasonal and remainder component does not depend
on the trend level so the 'additive’ decomposition mode is
used.

The seasonal pattern occurs every year and we have
monthly data, so the seasonality is set to 12,

res

res

STL Decomposition

res

The STL Decomposition operator is used to split the monthly milk
production data into trend, seasonal and remainder compontent.

The seasonal pattern occurs every year and we have monthly data, so
the seasonality is set to 12.

The seasonal width is set to 35 to allow for a only slowly changing
seasonal components.

All other settings are set to the default values of the operator, which
results in a appropiate decomposition of the time series




Data_classic, Data_Trend_classic, Data_Seasonal_classic, Data_Remainder_clai...)

1000
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-100

-200

1962

15963

—— Data_classic

1964 15965

Data_Trend_classic

Decomposition
Classic and STL

—

1966 1967

— Data_5Seasonal_classic

1968 1969
Date

— Data_Remainder_classic

1970 1571

— Data_Trend_stl

1972

— Data_Seasonal_stl

1573

A

1974

Data_Remainder_stl

1975

1976




Retrieve Daily Mean ...
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Retrieve the Daily
Mean Temperatur
time series data
set

Extract Aggregates

Extract Mean,
Median, Min, Max
and std Deviation

Extract Peaks

Feature Extraction

Extract Features
of the highest peak

Fit a linear
function and
axtract the Extract the most
coefficients as frequent
features temperaturs of

the data set

mean

median

min

max

std deviation
peak_1_extremum_position
peak_1_high_low_amplitude
peak_1_type

peak_1_value
peak_1_width
polynomial_fit_coeff_0
polynomial_fit_coeff_1
polynomial_fit_discr
mode_order_1
mode_order_2
mode_order_3
mode_order_4_k_0
mode_order_4_k_1

mode_order_4_k_2

7))

Daily Mean Temperature / C
12.956433949349758
135

0.0

350
7.8945899856608115
3980

300

maximum

325

5.0

13.754624243088173
-0.0010934113612855022
62.06923204629619

135

16.5

14.0

18.0

5.0

16.0



Windowing

Subprocess
in E= ot
out

Create fictive Log
Message Data Set

Process Windows

Process windows with a duration of 1
minute.

In this demo analysis there are a few
messages before 09:00 am, but we use the
custom start to start the windowing at
exactly 09:00 am.

Mo overlapping windows is selected.

For each window, the mode (most
frequent) log message is computed.

Append (2)

@ mer |

res

Append the 1 min windows together and investigate the results.

When the mode (most frequent) of the log messages in the 1 min
windows is plotted against the time (using a scatter plot), the following
results can be retrieved:

- there is a phase where the "Overflow in A266 detected" message is
occuring more often between 09:10 and 09:30

- After that a phase is following when the "B7 exceeds Heat Limit" message
is the most frequent one

- After that the system seems to go back into a "normal” (message "A226
normal flow") state.

- At 10:30 a short period with "Owverflow in A266 detected" messages occur
- Followed with the period of "Critical Pressure" messages




Log Message.mode_order_1

Windowing

Critical Pressure *e

B7 exceeds Heat Limit L] 0000 © 290 200 0 @

Owerflow in A266 detected e & 000088 400 40 200 0 B [ ] ] ] L] sssseee # ]

# Log Message.mode_order_1
X: 1602142135000, Y- O

e
A226 nomal flow SS888 88 89 ] L L e o [ ] L] S8 & 200000 SO0 S50 SRRSO EN B0 800008 000000 000
05:00 09:10 09:20 09:30 09:40 09:50 10:00 10:10 10:20 10:30 10:40 10:50 11:00

Last Time in window



Data, forecast Holt-Winters, forecast Function and Seasonal, forecast ARIMA

s82

5815

581

580.5

580

5795

579

578.5

578

577.5

577

576.5

576

575.5

1880

1890

1500

— Data

Forecasting

1810 1520

forecast Holt-Winters

1930 1940
Date

— forecast Function and Seasonal

1950

— forecast ARIMA

1960

1970

1980




Retrieve Lake Huron

c 7

Retrieve the Lake
Huron Data Set
from the
Samples/Time
Series folder

Train an ARIMA

model with p=1,

d=0q=10onthe
data.

The indices
attribute is also
specified. Hence

the Apply Forecast

operator can add
also the indices
values for the
forecasted time
series points.

Forecasting

Holt-Winters

(| exa . far | ]

ori |

Train an
Haolt-Winters

Model on the data.

The indices
attribute is also
specified. Hence

the Apply Forecast
operator can add
also the indices
values for the
forecasted time
series points.

Function and Seaso...

Fam Y

q

A

Apply Forecast

pply Forecast (3)

exa . for

an

q

for . exa

on

Train a Function
and Seasonal
Component

Forecast on the

data.

The indices
attribute is also
specified. Hence

the Apply Forecast

operator can add
also the indices
values for the
forecasted time
series points.

15 Years of the Lake Huron Surface Level are
forecasted with the trained Forecasting
models.

The resulting forecasted values, as well as the
original values are delivered to the result port.

es

res

es

res




Validation

Retrieve Lake Huron Forecast Validation

c out |
v

Retrieve the Lake Huron data set
from the Samples/Time Series folder

Perform a Forecast Validation to train an ARIMA model
and validate its forecast performance on the
consecutive values in the series (called the horizon).

The window size is set to 20, so the training window on
which the ARIMA model is trained has 20 values in each

Performance validation StEp.
tra rmod tes tes
- thr ([ )thr per The horizon size is set to 5, so the next 5 values are

The ExampleSet at the training set output The ExampleSet at the test set output .

port contains the values of the training port already contains the values of the pEr predicted by the ARIMA model and compared to the

window. test window as well as the values true values in the Testing phase of each validation step.
predicted by the forecast model for the

In thenelefoIdlofthe Forecast Validation, test window. For maore details about the use of the operator, please

the training window, as well as the test .

window is shifted by 5 (parameter step have a look at the comments inside the Forecast

size) values. Validation operator.

The role of the truth values attribute is set
to Label, while the role of the forecasted
values attribute is set to Prediction, thus

the Performance operator can directly
used to calulate the performance of the
forecast model.



Lake surface level / feet, forecast of Lake surface level [ feet

581

380.3

380

5795

579

578.5

578

5775

377

5765

576

18495

1900

1905

Validation

\//\/\

1910

Yy

1915 1920 1925 1930 1535 1940

Last Date in window

— Lake surface level [ feet forecast of Lake surface level...

1945

1950

1955

1560




