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ABSTRACT

KEYWORDS

Forecasting or predicting errors can dramatically reduce the downtime of machines in industrial settings and even allow to take
counteractions long before the error affects the production system.
A forecast system to predict upcoming critical values for identical
production lines under different environmental circumstances is
proposed. We focus on errors that result in multiple erroneous
work pieces. These error patterns need manual corrections by a
machine controller. An analysis of the system observed gathered
the information about the types of errors that are observable. 30% of
errors are measurement errors or single faulty work-pieces which
are not influenced by previous work-pieces and do not show any
indication to preceding work-pieces. These errors do not need any
type of action by the machine controller. 70% of the observed errors
are continuous system deviations which lead to multiple erroneous
work-pieces in order or a high percentage of erroneous work-pieces
in an observed time frame.
We observe multiple production lines which consist of identical
machines and produce the same product type. For the forecast of
errors, we use the ARIMA, Holt and Holt-Winter method. Each
production line and product type combination showed different results for the different forecast methods. We implemented a dynamic
system that automatically detects the seasonality and trend of the
specific combination to assign a correct forecast method and model.
For 40 combinations of production line and product type the holtwinter algorithm performed best for 14, the holt-winter without
seasonal or trend component performed best for 13 combinations
and the holt-winter with only a trend component performed best
for 10 setups. 3 combinations did not have a distinct best method
for all observed results. By selecting the correct forecast methods,
we were able to boost the forecast accuracy for the overall system
over each single forecast method.

data mining, real-time system, maintenance prediction, time series
forecast, seasonality analysis

CCS CONCEPTS
• Mathematics of computing → Distribution functions; • Theory
of computation → Online learning algorithms; • Computing
methodologies → Ranking; Uncertainty quantification.
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1

INTRODUCTION

In a previous study [21] we investigate identical lines of machines
which are used for mass production. The setups are composed of
identical machines by the same supplier but can show differences
depending on location and product type produced. We observe
the real-time sensor data of multiple production machines with
unknown dependencies to either the previous production steps
or environmental influences such as daytime or physical location.
In this work we extend an outlier and trend detection system by
adding a seasonality analysis to categorize the time series and make
a prediction for the error probability.
We propose a system, that gathers data and adapts in an opportunistic [8, 10] approach to use different techniques of data analysis.
The approach allows the system to adapt without the necessity of
manual actions by a controller. We implement a live system that
is capable to distinguish between a continuous erroneous change
inside the data stream and single outliers which are caused by measurement errors for single work-pieces. We focus on continuous
erroneous changes which allow the production worker to make
corrections.
We observe a production system where we get measurement
values for every sample that is produced on multiple machines
of the same type. Every sample is evaluated by a comparison to
a positive and negative threshold. All produced parts need to be
within these thresholds to be considered okay and not get sorted
out. These tolerance intervals are manually set and can be shifted
to a small degree to adapt to small shifts of the measurements. If a
sample exceeds the limits it is removed from the production process.
It then gets manually checked for a measurement error and sorted
out if the second test proofs the automatically detected error was
correct. If multiple confirmed errors appear over a short distance
the process parameters are evaluated by experts. We aim to start
this evaluation process before an accumulation of errors appears.
With this forecast production time and more importantly faulty
work pieces can be reduced.
The amount of not okay parts can be reduced if a trend inside
the data can be detected and preemptive measures can be taken. We
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implement a system to dynamically select the best forecast method
out of different forecast models such as different ARIMA [9] configurations, exponential smoothing [6] and the holt-winter method [3].
The forecast can be compared to the positive and negative tolerance thresholds. To account for the data variance, we do not aim
to predict the next sample of the time series. We make a forecast
of the probability of a certain number of upcoming samples being
outside the tolerance threshold.
We observe the differences between machines of identical construction type to select the forecast method. Depending on machine and production type behavior different forecast methods
can perform differently. The selection is done by analyzing the
seasonality [11] for each individual work-piece type and machine
combination. For each machine, the optimal forecast method can result in a higher prediction accuracy when combined in comparison
to a single forecast method applied to all machines. Using this setup,
a live adaptable solution for multiple production lines is created.
We conduct a pilot study to give experts insights into the machine
behavior and warnings of upcoming deviation. We implemented a
system to detect trends and use a probability model to support the
decision for the experts. The design was to keep the system simple
and comprehensible in every step, which is why we do not use
neural networks approach the problem. The decision is whether to
intervene and for multiple erroneous trends on multiple machines
a priority which machines need to be maintained first. For the
pilot study we will not intervene on those errors but monitor if the
predicted errors will occur.

2

need to be exchanged. This knowledge would make production
decisions easier. Even if the machine parameters for the predictive
maintenance did not show a deviation for the machine parameters
the system can track the work-piece outcome and if there are more
erroneous parts than usual can be used for decisions. Sensor and
quality control data are combined to achieve a sustainable and intelligent system. We aim to supply the information of erroneous
system tendencies early for easier planning of maintenance.
We aim to monitor the condition of the produced samples. Previous work has shown the necessity and implementations to give
an alarm before reaching a critical threshold. A one-step-ahead
prediction of the time series created by a regression tree showed
the potential for the machine condition prognosis [22]. The observation of a machine resulted in a low prediction error which
was measured with the root mean square error (RMSE). We aim
to extend the approach and make it suitable for a multi machine
setup and compare the result of different prediction methods. We
aim to predict multiple steps ahead and apply an adaption beyond
a single observed system.
Classification for trends was used in previous work [2]. They
used a trend classification algorithm on stochastic time series data.
They showed that the proposed methods can detect local and global
trends inside the data and therefore can improve the prediction
methods for the time series. The historical trends are used to forecast the trend using different classification techniques such as Naive
Bayes, Decision Tree or SVM to predict a given day. We aim to use
classification of trend and additionally seasonality to create a probability prediction of an error.
We aim to apply a model which considers the uncertainty of the
prediction [5]. We will use a probability distribution to account for
the variability of the data and the prediction results.
The system needs to be capable to divide between an anomaly
in the data that can cause an error and anomalies caused by a
seasonality. Previous work used an algorithm to flag data influenced
by seasonality to exclude anomalies [16]. A cumulative sum control
chart algorithm is used to detect anomalies inside the data set. A
uniform frequency of two minutes is assumed for the data. Their
algorithm uses the additional information of an optimized threshold
and seasonality to boost the accuracy on their data set with seasonal
changes. For our proposed system we do not detect anomalies by
using detection methods. We aim to implement a method to find
that seasonality influenced data sets to change the behavior of the
forecast.
In previous work the best forecast models were selected and
compared to use the single most effective model for an underlying
problem. We aim to extend these system setups by dynamically
selecting the best forecast model for each underlying machine.

RELATED WORK

To predict upcoming system deviations, we used a dynamic recognition system [21]. We collected time series data and analyzed the
behavior to detect a deviation from normal behavior. The setup
was used to detect critical errors which need to stop the process
immediately to avoid damage to the production machines. These
errors are sparse, but maintenance is done permanently on all production lines. In this work we aim to extend the system by adding
a forecast for a threshold-based system. Instead of monitoring the
time series for strong changes, this approach analyses the behavior
over a given time span. This analysis is used to estimate a probability of faulty parts for the next n samples. By combining both
approaches we aim to alert the experts and workers on upcoming
critical errors and support maintenance decisions on non-critical
machines by ranking the faulty products probability.
The system we implemented fulfills the demands of a low cost,
scalable, self-configuring architecture [7]. No additional manual
input is needed to extend the system to additional production lines.
The system as designed is also capable of adapting to similar production system where single variable values are monitored by threshold systems. For the prediction of maintenance previous work uses
machine parameters and product quality [15]. A study about the
technical issues was conducted. The main issues for people inside
the industry were gathered and the most valuable aspects were
rated. The highest priority was the ability to continuously monitor
the process parameters and if those range in between pre-defined
thresholds. The goal is the ability to create a model to predict necessary maintenance (-intervals) and which parts of the equipment

3

SYSTEM STATE AND GOAL

We evaluate the error probability for multiple instances of an identical setup. We applied the different forecast methods on all production line and product type combinations. Each combination is
analyzed as a separate time series as visualised in Figure 1. The
different production lines do not influence each other. A product
type change also results in a new time series that is observed. A
product type change resets any continuous changes or stable values
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Figure 1: We observe a total amount of 40 production lines. Each production line is producing a single product type for between
two and seven days. We observe each production line product type combination as a time series. We analyze each combination
separate from each other and select the forecast method for each combination. If the product type changes the new time series
gets added to previous instances of the same configuration. We use the previous instances and new workpieces to determine
the correct forecast algorithm.

Figure 2: For each time series a new incoming value is checked. 1.) Each detected outlier is removed by the median value of
surrounding values. 2.) The seasonality of the time series is evaluated. Each time series is sorted into one of the three categories
for seasonality, which are daily, yearly (long time), or neither. Depending on the seasonality a forecast method is used to predict
the upcoming values of the time series. 3.) The probability of system failures in the upcoming samples is calculated. 4.) If a
high probability for a continuous error is detected and a warning is sent to a technician or foreman depending on the gravity
of the error or the repeated occurrence.
of a production line. The accuracy of the forecast method differed
depending on the machine and work piece type produced. Therefore, it is necessary to implement a method that classifies the signal
type and selects the correct forecast method depending on the time
series provided. The system design is projected in Figure 2.
We have two error types like (I) continuous errors and (II) outlier
errors as can be seen in Figure 3. We aim to observe these trends
with a proposed automatic detection system and dynamically adapt
the forecast model. This cannot be done by a machine controller
due to the high amount of identical production machines. Due to
surrounding conditions each production line can show individual
behavior.
We get 𝑚𝑎𝑐ℎ𝑖𝑛𝑒 ∗ 𝑡𝑦𝑝𝑒 possible combinations for the time series we
observe, where the machine m can be used to produce any work
piece type. A combination of machine and work piece type produces work pieces with the same procedure for average 5 days. For
our study we use data of 3 years production which gives us 8000
segments each representing the production period of a work piece
type on a machine.

The system is capable to distinguish between continuous errors
and outliers. We defined the continuous errors and outliers. A continuous error is a continuous change in the time series, which leads
to a certain amount of erroneous work pieces. It is either a change
in average, slope or variance, which leads to exceeding pre-defined
thresholds. An outlier is a single observation or measurement which
differs from the median by an absolute deviation [14]. These outliers
can be removed by a median filter. It is important for the system to
be able to differ between a continuous error and an outlier error.
This is important for the observers workflow. A continuous error
needs to be resolved manually or adjusted by the system if only a
small change appears. For the observed production setup an average of 30% of faulty outliers do not trigger any kind of process in
the short where a manual correction needs to be done by a machine
controller. Meanwhile 70% of faults, caused by a continuous error,
need to be corrected by several steps on the production site.
We forecast the continuous errors for linear trends towards the
tolerance values. The continuous errors can appear after a maintenance or through a trend towards the tolerance limits during
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the production process due to wear. Trends inside the data need
to be observed and the probability of a continuous error triggers
an alarm for the machine controller. We implemented a decision
support system to decide which errors need to be reacted on a high
priority. For each detected continuous error, we rate the probability
of failure and rank it for the machine controller.

A value is defined as a strong outlier if it differs 3 MAD from the
median. The outlier is replaced by the median of the time series.
For the resulting time series with removed outliers we calculate the
autocorrelation coefficient. The value with lag k is calculated by
the autocovariance function divided by the variance function for
the sample 𝑌𝑖 [1]:
Í𝑁 −𝑘
𝑟𝑘 =

Figure 3: The different error types that can occur in the system. On the top we can observe a continuous error. For a
continuous error not, every sample needs to be outside the
threshold, but a certain amount of work pieces. For the forecast the probability of a given number of work pieces in the
forecast being outside the threshold is used. The continuous
error needs to be dealt with by making corrections. On the
bottom we can see several errors caused by outliers. These
outliers can either be caused by measurement or process errors, as for example human influences.

𝑖=1

(𝑌𝑖 − 𝑌 )(𝑌𝑖+𝑘 − 𝑌 )
Í𝑁
2
𝑖=1 (𝑌𝑖 − 𝑌 )

(2)

We perform an autocorrelation on each data stream. The local maxima of each autocorrelation are calculated. We compare the local
maxima to the number of daily samples to determine to seasonality
of the underlying time series. The data we observe does not provide
a uniform sampling frequency. The time each work piece needs for
productions differs for every type and is influenced by necessary
stops for refilling and reparation.
The expected seasonality is calculated. We determine the number
of average daily and yearly measurement points and where the
peaks in the autocorrelation function should be when a seasonality
exists. We can visualize the results by comparing the actual numbers
of samples for a day and the n-th peaks of the autocorrelation
function 4. For the exemplary autocorrelation coefficient in Figure 4
we had an expected seasonality of 62. The daily seasonality was
obtained by calculating the average of the daily work-piece count.
The autocorrelation for the function had its local maxima at 0, 61,
123, 186 and 244. The value at the position 0 can be ignored, since
it is the correlation of the time series to itself without a shift and is
a maximum in any autocorrelation. For each further value we can
divide the peak by its number. For the exemplary time series, we
get 61, 61.5, 62 and 61. We can compare the expected seasonality
and the position of the peaks and use the values as features for a
classification. The seasonality classes are:

4 METHOD
4.1 Adaptive Model
For the model adaptability we use a classification for the underlying
machine and its behavior. The classification is used to sort the data
streams for each machine to the correct prediction method. The
classes are created using the rate of the seasonality for each machine,
stemming from wear of long time usage and surroundings as shown
in Figure 2.
Before detecting the seasonality of the time series, we pre-process
the data. For each value of the time series we calculate the mean
absolute deviation (MAD)[4] and the median 𝑥 of the data for 𝑛
values.
Õ
𝑀𝐴𝐷 = 1/𝑛
|𝑥𝑖 − 𝑥 |
(1)
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• No seasonality: No seasonality or seasonality not matching
the defined classes, such as weekly or bi-weekly is detected.
These changes can mostly attribute to a trend instead of
a seasonality over the production time of a single product
type.
• Daily seasonality: The data fluctuation is detected daily. The
peaks for the maxima and minima are at the same time for
every day. Daily influences, such as temperature, humidity
or the workers shift can influence the production process.
• Yearly seasonality: The data is influenced by long time changes
over a year. Long time wear between yearly maintenance can
influence the production quality and longtime temperature
changes over a year.
Using the results, we can use the features of the measured seasonality and the expected seasonality to classify the seasonality type
of the time series. In this work we focus on the detection of the
daily seasonality for the forecast. For a yearly seasonality detection
long time data over multiple production intervals for an identical
product type are observed. The average values for the weekly production intervals over multiple months and years are used with an
identical method as is shown for the daily seasonality in this work.
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For multiple time series we get the following matrix for a classification of the daily seasonality for 5 randomly selected time series:
1𝑠𝑡
61
© 77

 75

 38
«138

2𝑛𝑑
123
153
174
91
243

3𝑟𝑑
186
236
216
192
368

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
62
79 ª®
72 ®®
74 ®
122 ¬

(3)

Each row represents the 1st maximum ,2nd maximum, 3rd maximum and expected seasonality for a single time series. The expected
seasonality is the average number of daily produced workpieces.
The first 3 maxima were selected as most product types get produces
for a minimum of 3 days. For comparability of each time series and
classification we divide the maxima by the expected seasonality to
get the matrix:
1𝑠𝑡/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
0.98
©
0.97


1.04


0.51
«
1.13

2𝑛𝑑/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
1.98
1.94
2.42
1.23
1.99

3𝑟𝑑/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
3
ª
2.99
®
®
3
®
®
2.59
¬
3.02

Figure 4: The autocorrelation of a four day segment of a single data stream. The expected seasonality was 62 samples,
which is calculated by the number of work pieces, which
are produced in average per day for the product type. For
each day and the peaks of the autocorrelation are close to
62 and multiples. The times series from which the autocorrelation was generated can be classified as a daily seasonality. For each day, the pattern was repeated, which results in
these peaks.

(4)

For the prototype study labels are applied for a train data set to
train a selected classification method. For the train data set we can
manually label the matrix as seasonal or non-seasonal by optical
inspection. For the presented matrix, the labels can be assigned as
follows:
1𝑠𝑡/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
0.98
©
0.97


1.04


0.51
«
1.13

2𝑛𝑑/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
1.98
1.94
2.42
1.23
1.99

3𝑟𝑑/𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑
3
2.99
3
2.59
3.02

with the slope coefficient 𝜙 [17]. The ARIMA (0, 1, 0) is used for a
non-stationary series. The prediction is given by a random walk
calculated from previous measured values of the time series given
as:
𝑌𝑡 = 𝑌𝑡 −1 + 𝜖
(7)

𝑆𝑒𝑎𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦
𝑑𝑎𝑖𝑙𝑦
𝑑𝑎𝑖𝑙𝑦 ª®
𝑑𝑎𝑖𝑙𝑦 ®®
®
𝑛𝑜
𝑑𝑎𝑖𝑙𝑦 ¬

(5)
If the time series is classified as a daily seasonality a model with
a seasonal component will be selected. A partial auto-correlation
function (PACF) and an auto-correlation function (ACF) are used
to determine the order of the components of the prediction model
with a seasonal component.

4.2

Prediction Model

We need to select a correct Arima model for each observed machine
separately. The Box-Jenkins methodology does not assume any
pattern inside the data but uses an iterative approach to find the
correct model parameters [1]. For the ARIMA model we need to
determine the parameters p, d and q, donated as ARIMA (p, d, q)
with p, d, q having non negative values. The parameter p represents the order of the AR (autoregressive) part of the model. The
order of the MA (moving average) is presented by the parameter
q and the degree if differencing is the parameter d. The first order
autoregressive model ARIMA (1, 0, 0) is used for a stationary series
and the formula is given:
𝑋𝑡 = 𝜇 + 𝜙 ∗ 𝑋𝑡 −1

(6)
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The stationarity conditions need to be satisfied as defined by [13].
The first order stationary is given when the expected value of X(t)
remains the same for all t. A time series is second order stationary if
there is a covariance between X(t) and X(s) is function of length (t-s)
only. The ARIMA (0, d, q) for 𝑑, 𝑞 >= 1 represent different exponential smoothing models. The ARIMA (0,1,1) can be used with and
without a constant which relates to simple exponential smoothing
and exponential smoothing with growth. The simple exponential
smoothing or single exponential smoothing assumes data that fluctuates around a stable mean. Each forecast is computed with the
current observation and the previous smoothed observation. The
formula applied recursively to calculate the forecast is given by
adding the level equation 𝑙𝑡 with the smoothing factor 𝛼:
𝑙𝑡 = 𝛼 ∗ 𝑌𝑡 + (1 − 𝛼) ∗ 𝑙𝑡 −1

(8)

The basic model assumes no trend or consistent pattern of growth
[13]. When the data shows a trend on top of the previous conditions
for the simple exponential smoothing, we can apply double exponential smoothing where the level and trend need to be updated
each period. The level is the smoothed estimate of the value of the
data and the trend is the smoothed estimate of the average growth
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of previous periods by adding the trend 𝑏𝑡 and the trend smoothing
factor 𝛽:
𝑙𝑡 = 𝛼 ∗ 𝑌𝑡 + (1 − 𝛼) ∗ (𝑙𝑡 −1 + 𝑏𝑡 −1 ) 0 < 𝛼 < 1
(9)
𝑏𝑡 = 𝛽 ∗ (𝑙𝑡 − 𝑙𝑡 −1 ) + (1 − 𝛽) ∗ 𝑏𝑡 −1 0 < 𝛽 < 1
(10)
which is used for the forecast equation to forecast the value h steps
ahead:
𝑌𝑡 +ℎ = 𝑙𝑡 + ℎ𝑏𝑡
(11)
When the data also inherits a seasonal component, we need to
apply triple exponential smoothing. The triple exponential smoothing called the Holt-Winter seasonal method can be used for the
forecast. The Holt-Winter method uses three smoothing equations.
On top of the previously used level 𝑡𝑙 and the trend 𝑏𝑡 we also use
the seasonal component 𝑠𝑡 and the smoothing parameters 𝛼, 𝛽 and
𝛾 which results in the component for the additive method [12]:
𝑌𝑡 +ℎ = 𝑙𝑡 + ℎ𝑏𝑡 + 𝑠𝑡 +ℎ−𝑚∗(𝑘+1)

(12)

𝑙𝑡 = 𝛼 ∗ (𝑌𝑡 − 𝑠𝑡 −𝑚 ) + (1 − 𝛼) ∗ (𝑙𝑡 −1 + 𝑏𝑡 −1 )
𝑏𝑡 = 𝛽 ∗ (𝑙𝑡 − 𝑙𝑡 −1 ) + (1 − 𝛽) ∗ 𝑏𝑡 −1

(13)
(14)

𝑠𝑡 = 𝛾 ∗ (𝑌𝑡 − 𝑙𝑡 −1 − 𝑏𝑡 −1 ) + (1 − 𝛾) ∗ 𝑠𝑡 −𝑚

(15)

with m as an approximation of the sum of the seasonal component and k as the integer part of (ℎ − 1)/𝑚 which gives the final
year of the sample. The different models of the forecast need to be
applied on the correct data stream.
We evaluate the configurations of the ARIMA forecast model. If
we aim include seasonal trends when found, we can use the HoltWinter method. The model allows observing seasonal trends inside
the data for the forecast. For data without a seasonality we will
use double exponential smoothing and for data only defined by a
level we can apply simple exponential smoothing. The best forecast
method for the underlying data stream is used as a result in values
for the next upcoming pieces. We use the ARIMA (0, 1, 1) on the
exemplary data in Figure 6. We need to apply the uncertainty on
the forecast values. The variance of the data is considered for our
forecast. We calculate the standard deviation of the train data as
a benchmark. For comparison to this benchmark we calculate the
distance between the positive and negative thresholds of the system
and the forecast obtained by the ARIMA model. We calculate an array that include the distance for each sample of the forecast to each
desired threshold. The array for distance to the negative threshold is calculated by subtracting the prediction from the negative
threshold value. For the positive distance we subtract the positive
threshold value by the prediction. We visualise the calculation for
the difference exemplary in Figure 5. The equation to calculate the
probable number of erroneous work pieces is given at the time i
for the number n of work pieces as:
𝑓 𝑜𝑟𝑒𝑐𝑎𝑠𝑡 (𝑖, 𝑛) = 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑖) + ... + ∗𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑖 + 𝑛)

(16)

For each value of the distance we can calculate the amount of n
standard deviations the value is below the critical threshold. We
calculate the standard deviation of the n preceding values of the
forecast. Before calculating the standard deviation, we make the
data stationary by differentiation. For the exemplary data of Figure 5
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Figure 5: A generated time series and its linear forecast. For
each sample the value of the positive tolerance limit is subtracted from the linear forecast. For this example we would
obtain an array containing the values -0.4,-0,3,...0.3,0.4. For
the distance to the negative threshold we get the values -2,2.1,...,-2.7,-2.8. For every value we can use the distance to the
tolerance line to calculate the probability of lying inside the
tolerance lines. The calculation for the probability of being
outside the positive tolerance is shown in table 1. We did not
include the negative tolerance in the presented table, as the
probability of the forecast being below the negative tolerance value within a normal distribution is zero for all points
within the forecast.

we get a standard deviation of 0.27. We divide the calculated distance
of the positive and negative array by the standard deviation. We
can derive the probability of each sample lying inside or outside
the threshold by using the normal distribution 6.
For each sample of the prediction we can get the probability of
error by using the normal distribution as shown in Figure 6 of the
series and the position of the sample within the distribution. We get
the table of probability of each point in the prediction of Figure 5
by dividing by the standard deviation and looking up in a normal
distribution table as can be seen in table 1. We can define the amount
of values that the system needs to consider in the forecast. We can
select the forecast window manually for the prediction of a single
value or extend to multiple values. For the decision of the time frame
a fixed value of work pieces or the number of work pieces matching
a fixed time frame can be used. The probabilities for all values of
the probability row of the table 1 are summed up. For the exemplary
probabilities the expected number of faulty work pieces is calculated
by adding the probabilities 0.07 + 0.14 + 0.34 + 0.66 + 0.86 + 0.93.
For this segment of 6 upcoming work pieces 3 are expected to be
faulty. We can rank each production line by its number of upcoming
faulty work pieces. This ranking supports short time maintenance
decisions, as the more critical lines get attention first.
For the evaluation of the system, we will make a comparison
between the predicted amount of errors and the actual detected
errors in the system. We need to exclude single errors since the
system is designed to detect continuous errors and there is no
way to reliably predict the measurement or process errors. The
measurement and process errors can be caused by already slightly
broken parts being processed by the machine.
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Table 1: We can get the distance for the next n samples of the
forecast in Figure 5. This distance is divided by the standard
deviation of 2.7 to get the distance in standard deviations
of for each point from the threshold. For the exemplary we
show the distance to the positive threshold, as the probability calculation for crossing the negative threshold was 0 for
all values.
-0.4
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-0.1

0.1

0.3

0.4

Distance/
Standard Deviation

-1.5

-1.1

-0.4

0.4

1.1

1.5

Probability

7%

14%

34%

66%

86%

93%

model we get 40 times 5 mean squared error measurements to
compare to each other for the best possible method.
To select workpieces which show a daily seasonality, where the
method using the season and no trend produced best results, we
use the expected seasonality and the 3 first maxima of the median
filtered autocorrelation. These values are used for a classification.
To test the setup, we used a support vector machine [20] and a
decision tree [18]. We separated the work-pieces fragments into a
test data set and a train data set. The train data set consists of 50
random fragments and the test data set consists of the other 150
fragments. The 50 segments of the train set were labelled according
to their best performing method and a classifier was trained with the
features expected seasonality, maxima one, maxima two, maxima
three and the label method.
For the live production forecast we use the forecast and apply
a distribution to every sample measured as shown in Figure 5. If
the probability for errors surpasses a certain threshold, such as
in example 25% errors in the upcoming 20 workpieces an alarm
is sent out. The system implemented is live as today and used by
production to counteract erroneous machine behavior and give a
better understanding of difficult product types.

Figure 6: The first point of the forecast is 1.5 times standard
deviations below the positive tolerance and the last point is
1.5 times the standard deviation above. For the first point we
can use the negative value -1.5 to get a probability of 7% for
the value lying outside the tolerance area. For the last value
we get a probability of 93%. These are the probabilities for
each sample of the forecast to be outside of the tolerance
threshold. On a z-score table we can continuously get the
probability value for the standard deviation value.

5

Distance

6

PILOT STUDY

To test the setup proposed we implemented a data selection and
prediction setup to compare the different forecast methods to each
other. The data selected are the 40 most common product types.
For each product type 5 segments were selected each inheriting 3
to 7 days of continuous production. For the implementation of the
ARIMA, Holt and Holt Winter exponential smoothing approach
we use the python library statsmodels [19]. We iterate over each
segment to forecast the next segment of 20 work pieces depending
on all earlier values of the segment. For each segment we calculate
the mean squared error to evaluate the forecast. For each forecast
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RESULTS

To evaluate the results of the prediction we use the RMSE, as we
filter out outliers earlier which would strongly influence RMSE
results. For all 40 work-piece types 37 showed the lowest RMSE for
all segments for a single selected method. The holt winter algorithm
using a seasonal component without damping performed the best
for 14 work piece types, the holt winter without seasonal or trend
component performed best for 13 of the workpiece types. The holt
winter with a trend component performed best for 10 work piece
types. The 3 remaining workpieces showed a mixture of models
as the best performing model for different segments. The overall
performance for each work piece can be maximized by selecting
the correct model before the forecast. For each single method the
average error for all workpieces can be compared in table 2. We
can use the seasonality gained by the autocorrelation to select the
correct method for every work-piece type and machine combination
to achieve the best possible RMSE as can be seen in table 2. By
always selecting the best method during the online process we get
the best possible performance for the overall system.
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Table 2: RMSE comparison of each method.

RMSE

7

Season:No
Trend:No
0.058

Season:Yes
Trend:No
0.051

Season:No
Trend:Yes
0.051
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Mixture
Model
0.049

CONCLUSION

Identical setups of production lines behave differently depending on
the surroundings of every line. A forecast was used to estimate the
amount of upcoming erroneous workpieces. The adaptive selection
of the correct components and models for the forecast method has
boosted the overall accuracy of the prediction and outperforms each
single selected best model. The models only applying the trend,
or the season also outperformed the setup using both at the same
time in our production setup. The model selection provides the
ideal model for the observed online system and can be introduced
to new types or production lines and attentively select the correct
forecast model. Using the detected seasonality each production
cycle for a workpiece can be classified to a fitting forecast model.
The information about the seasonality can be used by experts to
analyze why the different production lines behave as they do. First
inspections lead to influence factors, such as a location close to
gateways or exposure to sunlight. We aim to test the possibilities
of the approach for methods such as classification of correct and
incorrect workpieces. The accuracy of the model classification can
be tested for differing machine learning methods and changed
features, such as the usage of more maxima or including the minima
of the autocorrelation. The adaptive selection of prediction methods
can also be implemented on different applications and use cases
with or without a threshold-based system. We see our system as
a step forward towards an autonomic intelligent system that uses
dynamically configured recognition processes based on trend and
seasonality analysis to raise the overall recognition performance.
Future applications can combine our previous approach [21] to
detect impending errors which need to be fixed immediately and the
approach of this work to support maintenance decisions depending
on the necessity for each machine.
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