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Abstract. In a more and more service oriented manufacturing industry new data
driven challenges like predictive maintenance arise. For example, machine
learning models can use sensor data to predict anomalies during machine
operation. Such models usually base on experiences from past data to train these
algorithms. However, since components are often used in different machines with
different and partly unique or new domains, experiences about mutual
interferences are missing. In this study we try to address this issue by introducing
a visualization technique for an intuitive anomaly detection which allows domain
experts and engineers to monitor the condition of a machine over time. The heat
map based visualization highlights unusual operation measurements dependent
on different sensor data combinations. With domain and engineering knowledge,
the insights can be used to identify case based reasons for a changing behavior.
The application is tested with a demonstration machine.
Keywords: anomaly detection, condition monitoring, sensor data,
manufacturing machines, visualization

1

Introduction and Motivation

In manufacturing industries services play an important role. Machine builders as well
as component suppliers are offering physical products along with services, so called
product-service systems, more and more [1], [2], [3]. Services lead to further revenue
channels and long-term customer satisfaction [1], [4].
Examples for these services are condition monitoring and predictive maintenance.
Potential downtimes of machines in manufacturing industries usually result in high
breakdown costs. To counteract this, maintenance helps to keep machine availability at
a high level. With the help of predictive maintenance, anomalies can be detected early,
and the necessary measures can be taken. This results in high cost savings as well as
high machine output. The combination of actual sensor values with prediction models
in order to forecast a degradation of components is a challenging task [5]. Machine
builders integrate components from different component suppliers in their machines.
Individual requirements and preferences of machine owners are considered and
increases the variety of machines. The interplay between components in machines is
essential when anomaly detection is performed, and breakdown possibilities of
machines are calculated. Component suppliers have detailed knowledge of their own
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products but combining this company specific knowledge and different sensor data for
a whole machine can lead to a better understanding of observed phenomena.
In this study, we introduce a heat map based visualization technique to better identify
the reasons for anomalies, depending on different sensor data combinations. The idea
is to use machine learning models trained with time series operation data (e.g. motor
speed, or torque) in order to learn how the normal operation of a unique and individual
machine looks like. In a subsequent step the models are applied to constantly predict
future operations states such that actual and predicted values can be compared. The
resulting residuals are then visualized on a heat map color scale depending on different
sensor values of different machine components. The visualization allows to intuitively
identify clusters of unusual operation states in the context of sensor data like the
temperature or the vibration of certain components. The technique also allows
continuous updates to assess mutual interferences between components over time. By
using this visual analytics approach in combination with machine learning models,
application domain experts and engineers can discuss possible reasons or improvements
regarding unusual observations more easily. We illustrate the functionality by using a
unique demonstration machine which is built to test the interplay of different
components during operation.
The remainder of this paper is structured as follows. The research background with
focus on predictive maintenance and condition-based monitoring as well as
visualizations for data analytics applications is stated out in Section 2. The constructed
demonstration machine along with a description of relevant sensor data are presented
in Section 3. The anomaly detection approach based on Artificial Neural Networks
(ANN) is presented in Section 4. In Section 5 the heat map based visualization applied
to the sensor data of the demonstration machine is focused. The results and limitations
are discussed in Section 6. Conclusions and an outlook are presented in Section 7.

2

Research Background

Maintenance of machines is a widely discussed topic in the literature. Predictive
maintenance is not based on fixed time schedules but aims to predict failures before
they occur which reduces machine downtimes and costs of maintenance. Condition
monitoring and predictive maintenance received increasing attention recently due to the
availability of massive amounts of machine data. The goal is to identify possible
anomalies in the operation of machines in an early stage of the impending problem to
prevent major failures and corresponding downtime cost or more expensive repair
measures [6]. [7] define predictive maintenance as a condition-based preventive
maintenance approach. The actual condition derives from sensors or models or
combination of both. [8] divides prognostic models in physical models, knowledgebase
models and data-driven models. There exists for example applications of assessing the
condition of wind turbines by analyzing sensor data [6], [9]. In the literature, several
methodologies like statistical analysis or artificial intelligence are discussed. Various
models and algorithms are used for condition-based maintenance [8], [10], [11], [12].
Also for machinery diagnostics and prognostics several research projects are already
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conducted [10], [13]. Predictive maintenance is seen as IT-based service in the context
of the Internet of Things [14]. A service platform is required to offer such services in
value networks [15]. Visualization techniques which goes further than simple line or
bar charts or the display of key performance indicators are rarely discussed in literature.
Today, more and more individualized machines offer a great opportunity for the
production of smaller lot sizes and thus also more individual products but also increases
the complexity of tasks like predictive maintenance since no reference values and
experiences with certain combinations of machine components are available.
Therefore, individual application domain and engineering knowledge is required to be
still able to identify possible anomalies or unusual behavior. Visualization is a suitable
vehicle to trigger human inference from massive amounts of data [16]. Using
visualization to support data analyst can be summarized under the term visual analytics
which is first defined by [17]. For comprehensive surveys we refer to [18], [19]. Studies
like [20], [21] even show that with help of visualizations human can outperform pure
machine learning models in certain analytics task. This shows that human reasoning
and domain knowledge is especially important in a sparse data space and with noise
and uncertainty in the data. In addition, visualization can improve the communications
which is essential for the overall team performance [22]. This is necessary to discuss
possible reasons and solutions for identified problems with machines. Promoting a
visual literacy can establish a common language on the same level of complexity [23]
between different expert groups with different proficiencies which also helps to
facilitate efficient problem identification. Therefore, visualization in general can help
to tackle the challenges which arise in today’s service based manufacturing.
Since nowadays the condition of a machine can be measured by a huge amount of
different sensor data, for example to capture the temperature or the vibration, a
visualization technique must be able to handle large and diverse datasets. Heat maps
are often applied to large amounts of data to provide an intuitive and easy
understandable overview in a two-dimensional data space. They are mainly used to
show particularly distinctive patterns in certain regions and are therefore suitable for
detecting unusual patterns during the operation of a machine. Researchers have shown
the applicability of heat maps for several different problem domains. For example [24]
use heat maps to illustrate results of a risk management model, [25] visualizes the
density of forecasting ensembles over certain time steps and [26] use 2D and 3D heat
maps to visualizes performance measures of regression models.
Standard approaches for processing sensor data in condition monitoring and
predictive maintenance applications use simple threshold values as problem indicators
or more advanced machine learning algorithms to classify machine-related anomalies
[27]. Both require experience and, in particular, previous data about a certain machine
type. This is often not the case with custom designs, so there is no experience about the
interaction of the components. The visualization approach in this study should
addresses the question of how to better understand and assess normal or unusual
behavior of machines where no or only little experience and past data are available.
Therefore, we use the afore mentioned ideas to propose a comprehensible and intuitive
heat map visualization which supports application domain experts and engineers in
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assessing machine conditions to identify the reasons for a problem based on large
amount of sensor data.

3

Demonstration Machine and Sensor Data

A demonstration machine within a project with an automation and engineering
company is used to provide data in a flexible way. The demonstration machine
represents a practical example of a manufacturing machine. The machine is equipped
with hoist and conveyor applications to move goods. These exemplary applications are
typically for the involved company. Each of these applications has different technical
requirements and specifications based on positioning, movement and dynamic. The
interplay of sensor data from different applications and motion axes is not known in
advance and therefore the anomaly detection, presented in the following sections, is
used. Especially when goods with different sizes, weights and position need to be
processed, the physical strain cannot be estimated simple by the mean or intervals. In
total seven axes provide a circular material flow of goods in the demonstration machine.
Two hoist axes are equipped each with a conveyor and are on the left and right side of
the machine. In the center of the machine three conveyors are arranged one above each
other. All axes are powered by electrically-geared motors. These geared motors are
powered by inverters.
A programmable logic controller (PLC) send commands to the inverters and from there
they are passed on to the geared motors. Actual status information and sensor data is
transferred in reverse order to the PLC. In the PLC a logic controls the process based
on defined states and actions. The inverters provide data within cycle times of less than
10 milliseconds (ms). These is identified as a stable cycle time for recording data as the
necessary fieldbus communication is not interfered. From the PLC the data is provided
to an industrial PC where the data is stored. There exist several protocols to provide
data over the network e.g. MQTT and OPC Unified Architecture. Voltage, current,
torque and rotational speed of the engines are recorded and used for anomaly detection.
These are also the main process variables for the movement control of the seven axes.
Other data from inverters and geared-motors are not considered at the moment. The
built-in components are able to retrieve this process parameters without the usage of
additional sensors. A visualization terminal displays relevant parameters to the machine
operator.

4

Time Series Anomaly Detection with Artificial Neural
Networks

In this section we describe our analysis approach to detect anomalies of the
demonstration machine. In order to evaluate the current operation status, we investigate
a time series of torque measured in newton metre (Nm) which reflects the different
positions of a weight on a conveyor belt. Figure 1 shows a plot of the torque values in

283

Nm for six cycles. This time series captures the occurring movement patterns during
the ongoing operation and thus serves as a measure for the condition of the machine.

Figure 1. Time series of torque in Nm

To identify an unusual behavior during the operation we use the following anomaly
detection approach: Firstly, we sample 60 cycles of sensor data which defines the
expected behavior of the demonstration machine in normal conditions. Secondly,
ANNs are used to learn and afterwards predict the sensor values for the next time step.
Thirdly, the measured value at the next time step is compared to the predicted value
and the resulting residuals are evaluated based on a confidence level of how likely an
occurrence of this magnitude actually is under the assumption of normal operation
conditions. In our example we use simple feed-forward ANNs trained with lags of the
20 past steps of the time series. 30 ANNs with different random weight initializations
are trained to build an ensemble based on averaged predictions. To prevent the problem
of overfitting we use an early stopping approach. We therefore split the available
training data into 80% actual training data and 20% validation data. The 80% portion
is used for the iterative learning process, while the 20% portion simulates the out-ofsample results. The actual out-of-sample performance is then observed on a completely
independent holdout test dataset. The training process is terminated as soon as the error
on the validation data no longer decreases. The ANNs consist of two hidden layers with
50 and 25 hidden neurons using the hyperbolic tangent as activation function. ANNs in
general serve as a machine learning method for classification and regression problems
and are applied to a variety of forecasting problems [28]. They are able to learn
complex, non-linear patterns from data and are reasonably robust against noisy data
[29]. To implement the described approach, we use the H2O framework for deep
learning (version 3.10.5.3) and perform all necessary data pre-processing and result
analysis in R (version 3.4.1) and the H2O R interface. Since ANNs and their learning
process is not the focus of this work we refer to [30]. But there is much leeway to
improving the models further for example by an extensive hyper parameter
optimization (number of hidden layers and neurons), different ensemble methods and
more sophisticated regularization techniques like dropout. In this study however, we
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explicitly focus on a simple approach which performs reasonably well on our data set
to demonstrate the applicability of the approach and the subsequent anomaly
visualization. Figure 2 compares the actual measurement with the predicted values on
an out-of-sample test set, while Figure 3 shows the residual distribution (root-meansquare error: 0.05156, mean absolute error: 0.03864).

Figure 2. Actual time series vs. prediction

Figure 3. Residual distribution and normal distribution fit

The presented procedure is a standard approach in time series anomaly detection
[31] and serves as an early warning system to trigger a subsequent investigation of the
reasons for the deviations by means of the analysis method presented in the following
section.
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5

Heat Map based Visualization

In this section we use the residuals of the previously described time series forecast
approach as an anomaly indicator during the operation of the demonstration machine
to find the reasons for possible problems. In real world industry scenarios, the interplay
of different components in different areas of application of machines can lead to
unexpected wear or malfunctions, which should be detected as early as possible,
corrected before major failures occur and avoided in the future. This is a challenging
task especially with individually-engineered machines due to the lack of experience and
missing data. Therefore, the goal is to better understand possible reasons for an unusual
behavior of machines based on engineering and application domain knowledge. For
this purpose, we propose to use a heat map based residual visualization technique, first
introduced by [32] which was previously applied as an evaluation method for machine
learning regression models. The idea is to visualize model errors in the context of two
different possible features (independent variables) which may have an influence on the
distribution of the errors and therefore contain valuable information for explaining or
mitigating the problem. To illustrate the functionality, we first artificially simulate two
sensor measure time series from two components C-A and C-B of the demonstration
machine in addition to the already available torque time series. The first sensor
measures the vibration of C-A and the second sensor the vibration of C-B over time.
Figure 4 shows the time series during an out of sample period which was not part of the
ANN training process.

Figure 4. Time series of simulated vibration data for two different components

The idea is to intuitively link the residuals of the time series forecast with measured
data of any sensor from any component of the machine to highlight possible
dependencies and reasons for observed unusual behavior. In this example we use the
two simulated sensors to construct a two-dimensional data space which results in a
simple scatter plot as shown in the left plot of Figure 5. We incorporate the density
information of the distribution as suggested by [33] to ensure a meaningful
representation of the data even for large sample sizes. Darker regions represent a higher
density. To incorporate the information about possible anomalies, each data point is
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now assigned its corresponding residual from the forecasting application. The values
of the residuals should be the basis for the color scale of a heat map which incorporates
the forecasting error as a further dimension into the graphic. It is assumed that each
residual represents the local model results depending on the values of the sensor data.
To show the dependencies between two different sensor data sets and the residuals by
means of a smoothed color scale in a heat map approach, a regular grid with the
respective color codes needs to be calculated. Since the data points are usually not on a
regular grid, a method for weighting the influence of each residual on each point on the
regular grind in the data space is necessary. Therefore, we use a two-dimensional
Gaussian kernel which ensures a strong influence of a residual near the position of the
corresponding data point and a decreasing influence with increasing distance. A
detailed mathematical description of the procedure can be found in [32]. The results of
this simulation can be seen in the right plot of Figure 5.

Figure 5. Scatter plot (left) and heat map (right) of residuals depending on sensor data

The color represents the local model errors when predicting the measured Nm of the
machine for the next time step which therefore highlights possible unusual behavior of
the machine depending on the vibration of component C-A and C-B. In this example,
we chose a diverging color palette with 64 divisions. Blue regions represent high
positive deviations from the prediction model (actual value in this state is higher than
expected by the model) and red regions represent high negative deviations from the
prediction model (actual value in this state is lower than expected by the model). In this
example, one can observe an overestimation of torque in regions of the data space with
higher vibration of both sensors. Underestimations can be observed in conjunction with
less vibrations. If the sensor data and therefore the respective component of the machine
would have no influence on the torque the expected heat map would have no visible
patterns which represents a normal distribution of the residuals. Here, however, various
reasons can be responsible for the observed patterns. For example, wear on the motor,
incorrectly placed loads or frictions of various components should be taken into
account. In applications with many more and different kinds of available sensor data,
the visualization can be extended by using a scatter plot matrix to get a quick and
comprehensible overview of sensor values/pairwise sensor combinations and the
corresponding possible anomalies during the machine operation. The presented
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technique also allows the user to monitor unusual behavior over time by comparing the
heat maps/scatter plot matrix from different time periods which can reveal changes in
the condition of special components in the context of the overall machine behavior.
Therefore, the approach links unusual machine behavior with sensor data in an intuitive
graphical view which can be better interpreted by human experts.

6

Discussion and Limitations

In this first application example, we have shown how heat map based visualizations can
be used to monitor the condition of individual machines in the context of measured
sensor data from different machine components. The idea follows a two-step approach:
Firstly, a machine learning model is used to identify deviations between an expected
operation state and the actual observed state of a machine. The resulting residuals of
the model are used to construct the heat map which visualizes these deviations on a
defined color scale, depending on two different sensor datasets which construct the twodimensional data space. This enables the user to identify possible clusters of unusual
machine behavior in specific regions of sensor measurements. The connection between
the anomalies (color scale) and sensor data (axes) can help to identify possible reasons
and solutions for identified problems. Such a combination of a machine learning and
visual analytics approach can be beneficial especially in situation where only little
experience and past data about the machines are available. In addition, the visualization
is easy to interpret which can facilitate discussion about the results between people with
different background like engineers, data scientist or application domain experts. The
technique also enables a monitoring over time by comparing the visualizations from
different periods. This allows an assessment about structural changes in the condition
of certain components or the combinations of certain components which can be used to
perform predictive maintenance measures.
However, both steps of the proposed approach face some difficulties and drawbacks.
First the machine learning model currently uses one simple time series of torque for the
training process which represents the operation status of the machine. It is assumed that
the data for the training represent a normal operation of the machine. The anomaly
detection is therefore only able to identify deviations from an assumed ideal situation
but there is no possibility to optimize the initial operation behavior. A further limitation
is the method to learn the normal operation behavior. Currently a simple feed-forward
ANN is used, with some basic optimization and regularization procedures. In further
research this will be benchmarked or replaced by more sophisticated algorithms like
recurrent neural networks, especially Long Short-Term Memory (LSTM), which are
more suitable for time series prediction. The modeling process in general needs
therefore further optimization and benchmarks to find the best solution for learning
normal operation behaviors of machines.
Regarding the visualization approach, there also exist several limitations and
drawbacks. Visualizations in general always require human judgements which includes
errors and wrong conclusions. Heat maps in particular are restricted to two dimensions
and an additional color scale. The increasing number of sensors, however, make the
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visualization of all possible sensor combinations more difficult. A scatter plot matrix
can help to mitigate the problem. Another problem of heat maps is that they are hardly
comparable to each other since the color scale is relative to the measured values and
residuals. Quantitative comparisons between different points in time for example can
lead to wrong conclusions. Currently also no information about the density is available
in the representation, so the heat maps must be shown in conjunction with scatter plots
which contain density information.
Another important part of this study is the demonstration machine which provides
sensor data from key process parameters. This is advantageous because this data is
already used for the control of the motion axes and no additional sensors needed. Cycle
times of less than 10 ms are currently used to process sensor data from the PLC to the
industrial PC. A tradeoff between low cycle times and high field bus occupancy rate
need to be considered. The cycle time must be defined for each parameter to provide
the required data quality. In general, additional sensors provides more insights in the
condition of machines. The costs of additional sensors must be considered. Common
practice is to equip key components for the functions of machines with appropriate
sensors. Frequency and volume of sensor data can lead to high amount of data. Policies
how long which data is store need to be defined. Interdependencies of components in
machines are often complex to model. In some cases, they can solely be found out
experimentally. The presented heat map based visualization techniques enables first
insights on dependencies of different components. Domain experts or engineers can
analysis the affected components in detail. This knowledge can be stored in a
knowledge management system to get insights for future applications in advance.
Overall it can be argued that the presented approach can help to trigger human
creativity and judgement despite the mentioned difficulties and drawbacks. Especially
a visualization approach can only be a support for human analysts who must draw their
conclusions based on the provided systems. But to measure the actual benefit of the
proposed technique is a challenging task, which is why the evaluation is currently a
major limitation of our study.

7

Conclusions and Outlook

Condition monitoring and predictive maintenance aim to reduce maintenance efforts
while keeping machine availability high. This is achieved by the use of sensor data from
various components and machines. To detect anomalies, the interplay of components
in machines is essential. In this article, a heat map based visualization technique is
applied to sensor data from manufacturing machines. By combining information of
different sensors in a visualization, domain experts or engineers are facilitated to find
possible reasons for anomalies during machine operation.
In further research, more components from different component suppliers should be
included in the demonstration machine. Long-time test runs enable an evaluation of the
presented application of heat map based visualizations in detail. In this article we
limited our analysis on different components in machines. An analysis of machines in
interchained production lines is also planned to predict machine park availability.
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We will also test different machine learning models to better understand the current
state of a machine. Especially time series models like LSTM networks might be suitable
for this purpose. For live updates of the heat map visualization, the performance of the
calculations need to be improved. The current approach is implemented in the
programming language R. To increase the performance, other lower level languages
like C or languages for high performance computing like Julia might be better choices.
Different cloud solutions are also taken in consideration since service-based solutions
should be provided.
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