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Abstract
The functions within the aircraft cabin are provided by various intercommunicating systems.
Enhancing the operational reliability of cabin functions therefore depends on improving the
availability of the underlying systems. As a prerequisite to improve the availability of a
system a deep understanding of its behaviour while interacting with its environment is
needed. A typical approach to gain this knowledge is the application of data analytics: this
requires the collection of data describing the past behaviour of the system (i.e. data at rest) as
well as an online evaluation of data streams (i.e. data in motion) to enable, for example,
predictive maintenance, which traces the remaining useful life (RUL) of the system. If the
RUL is known, a system or its components can be replaced before the system is no longer
able to provide its intended functionality. Moreover, if a system is replaced on a regular basis
but the RUL indicates that the system can be safely used until the next aircraft check, the
maintenance interval of this specific system can be extended whilst still assuring its
availability.
In order to efficiently access and process system data
the data analytics must be an integral part of
the cabin network. This introduces additional
requirements for the network functions which might
have an impact on the resulting network architecture.
Thus, the requirements need to be translated into
network design criteria in order to select an
appropriate architecture for the network as depicted
in Figure 1.

Figure 1. Network Design Process
for introducing Data Analytics.

This paper provides a set of possible design criteria and discusses the derivation process of a
suitable network architecture. The criteria serve as a starting point for the design of a future
cabin network with native data analytics support.
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1

INTRODUCTION

Today’s passenger air travel is characterized by two main streams: the low fare
airlines and the full service carriers. The operation of the aircraft of low fare airlines
is driven by minimal turnaround times and a maximized load factor of the available
seats whereas the main characteristic of full service carrier is the maximized
passenger comfort. Both properties are highly correlated with the reliability and
therefore also the availability of the cabin functions, which are provided by multiple
interconnected systems. A failure of a system on the Minimum Equipment
List (MEL) might, for example, imply that some seats cannot be occupied anymore or
might even delay the departure. This type of failure influences both types of airlines,
low fare and full service. In addition, full service carriers are even more prone to
service restrictions as the corresponding aircraft cabins are equipped with more
fragile components and systems. For this, the seat actuators of business and first class
seats can be mentioned, as they can fail more often than pure mechanic seat
adjustment based functions. In order to increase the availability of a function, an often
discussed approach is predictive maintenance [1], which allows getting an indication
before one of the underlying systems runs into a faulty condition. Thus, the system
can be replaced before the provided functionality is restricted or even not available
anymore. The indication is typically based on sensors monitoring the corresponding
system as well as additional context data, e.g. the bank angle of aircraft. The data is
then evaluated using analytical models, data-driven models or a combination of both
in order to get an indication of the remaining useful life (RUL) of the system. As
data-driven models have the advantage that no in-depth understanding of the internal
structure of the monitored system is needed and due to today’s affordable data
processing technologies, data-driven models experience an increasing recognition.
The evaluation of such models requires the existence of the data-driven model itself
as well as the availability of the data, which are both handled by the data analytics
process that will be introduced in Section 2 of this paper. Furthermore, this example
also illustrates the intention of this paper that is depicted in Figure 2: The use case of
providing an indication on the RUL of a system imposes a communication need, i.e.
the data-driven model requires sensor data and context data in order to be evaluated.
Furthermore, it has to be decided, which system will take the responsibility of
evaluating the model or if new systems, e.g. a central server in the avionics bay, will
be introduced, i.e. for a given set of physical architectures, the suitable one has to be
selected. As part of this paper, the generation of the set of possible physical
architectures incorporating data analytics functions will be described. Then, criteria
will be proposed that allow a profound decision for a physical architecture (resulting
physical architecture) based on the inputs (blue arrows in Figure 2) described before
by performing the selection process.
Although the descriptions given above might indicate that data analytics is
specifically tailored for predictive maintenance, data analytics can be generally
applied to a large variety of use cases in the aircraft cabin. It can, for example,
increase the passenger’s comfort, e.g. a meal served according to the passenger’s
preferences, as well the cabin operation, e.g. a meaningful indication on the boarding
process [2].

364
2

AST 2019, February 19–20, Hamburg, Germany

The descriptions above show that the aircraft is not an independent entity, but is
integrated in a wider scope of processes, e.g. the catering process as well as the
maintenance process. A report that a seat actuator will fail soon, for example, will be
forwarded and processed by a large number of other entities that are participating in
the overall maintenance process in order to ensure that actuator will be repaired or
replaced on time. Still, within this paper, the aircraft is considered as an isolated
entity and its internal network architecture is investigated. This assumption does not
preclude a data exchange with the outside, however, the corresponding air-to-ground
interfaces are not considered in detail in this paper.
Multiple Physical Architetcures

Selection
Process
Use Cases

Communication Need

Resulting Physical Architecture
Figure 2. Overview of the Overall Network Architecture Derivation Process.

2

THE DATA ANALYTICS PROCESS AND THE
CORRESPONDING NETWORK FUNCTIONS

Data analytics, as broached in the introduction, does not depict a single activity, but is
composed of several activities, as shown in Figure 3 [3-5], referred to as the data
analytics process. It allows gaining knowledge from pure data.
Data-at-Rest
Data-in-Motion

Recording
- structured
- semi-structured
- un-structured

Preparation

Analysis

- cleaning
- integration
- transformation
- reduction

- descriptive
- diagnostic
- predictive
- prescriptive

Visualization

DecisionMaking

Figure 3. The Data Analytics Process.

The input for the data analytics process is data which can be available in different
shapes, at-rest or in-motion. Data-at-rest describes datasets with a defined beginning
and end, stored in files or databases. The underlying activity from which the data has
been gathered, has already been taken place, thus, it represents historical data. In
contrast, data-in-motion describes continuous data streams gathered from currently
ongoing activities. This type of data is usually available via a network, e.g. as a TCP
stream. The recording step is responsible for gathering both types of data and
therefore has to tackle the challenges introduced by the respective data shapes.
Examples for these challenges are, high data rates especially for data-in-motion and
large datasets for data-at-rest. In both cases, it has to be considered that in real-world
scenarios, the data is often unstructured, e.g. texts in natural language. In contrast,
structured data refers to data which follows a pre-defined structure, e.g.
measurements of a temperature sensor with a timestamp in a JSON format. After the
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data is available it has to be prepared before it can be analysed, this includes, for
example, the standardization of data formats and rules for missing values. The third
step describes the actual analysis of the data and can be categorized according to the
following questions:
-

Descriptive: What happened?
Diagnostic: Why did it happen?
Prognostic: What will happen?
Prescriptive: How can we make it (not) happen?

The first two questions deal with history of the underlying activities whereas the latter
questions predict the future progress of the activities, e.g. the RUL evaluation of a
system. The predictions are nowadays often based on the data-driven models of the
system which can be, for example, designed with machine learning methods, e.g.
artificial neural networks. As these methods require historical data available as dataat-rest, the data analytics process can be further detailed as shown in Figure 4 [6].
Recording

Preparation

Visualization

Data-at-Rest

Analysis

Data-in-Motion

Data Product

Decision-Making

Figure 4. Evolved Data Analytics Process for Predictions.

The historical data is analysed with the goal of generating a data product (e.g. a
trained artificial neural network) which encodes the gained knowledge from the
analysis step and is used to evaluate data-in-motion, e.g. sensor values. The output of
such a data product can, for example, be the RUL of a system. Within the
visualization step, the analysis results are processed in order to allow a well-founded
decision-making. If the decision is made by a human, the visualization step actually
refers to the process of generating histograms, scatterplots or reports. However, it can
be interpreted in a more general way if the embedding into a machine-tomachine (M2M) network is considered. In this case the analysis results can be
translated into a command for a connected actuator, i.e. a decision is defined based on
the analysis results.
As shown in Figure 5, the data analytics process can be translated into a generic
functional flow a network has to implement if it incorporates data analytics. Data is
generated by one or more sources, which is then processed (F1). A compute (F2)
function, which can for example depict the evaluation of a data product, collects the
processed data of several sources and generates an analysis result which in turn is
processed for data sinks (F3) that are interested in this result. The specializations of,
for example, the generic function F2, i.e. the concrete functions that are realized by a
data analytics network, are correspondingly denoted as F2(1) to F2(n).
Source

Process from Source
(F1)
F1(1)

Compute
(F2)
F2(1)

F2(2)

Process for Sink
(F3)
F3(1)

Figure 5. Generic Functional Flow for Data Analytics.
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3

IDENTIFICATION OF COMMUNICATION NEED

The generic functional flow derived in the previous section introduces the notion of
data sources and sinks, which will be described in more detail within the first part of
this section. Furthermore, in the second part of this section, the logical linking of the
sources and sinks, which results in a communication need, will be discussed. The goal
of this section thus is the description of the input communication need to the
architecture selection process.
3.1

Source and Sinks Layout

The output of the architecture selection process is a physical architecture, i.e. the
architecture describes actual physical devices with a location within the aircraft.
Therefore, in order to optimize the physical architecture, the spatial distribution of the
data sources, e.g. sensors, and the data sinks, e.g. actuators or displaying devices, in
the aircraft needs to be known. Depending on the location of the data sources
requested by sink, the location of the device which implements, for example, the
compute function of the functional flow (Figure 5) can be different as discussed later
in Section 4 on the selection process. In order to encode the knowledge on the sources
and sinks, the sources and sinks layout as exemplarily shown in Figure 6 is proposed.
For this, the sources and sinks are placed in the Layout of Passenger
Accommodation (LoPA) which allows depicting the spatial distribution of the sources
and sinks including their multiplicities. The layout is not limited to the design phase
of the network, but can also be used to properly define the sink interests in data that is
generated by the sources. A temperature sensor, for example, placed in the aircraft
cabin will likely be installed multiple times at different locations. Thus, the layout can
help to specifically select the intended temperature sensor. Furthermore, the
identification of all sources and sinks reveals the variety of interfaces that need to be
implemented (process from source, process for sink) that need to be implemented in
order to communicate with the respective devise.
The example layout in Figure 6 shows the sources and sinks for a predictive
maintenance scenario in the aircraft cabin, namely for the prediction of the RUL of
seat actuators inside business and first class seats. There exist multiple sensors inside
the seat observing the actuators (power consumption and speed) as well as the
passenger sitting on the seat (weight). In addition, a source, providing information
about the flight attitude, is located in the avionics bay. The entirety of the available
data should be used to calculate the RUL of each seat actuator and to display
appropriate information on the overall seat status to the crew on a mobile HMI (sink),
possibly enriched with operational instructions. In order to decide on a physical
architecture implementing this functionality, further details need to be added to the
sources and sinks, e.g. information on the data generation process, i.e. how often the
data is generated, together with respective data size. Finally, collecting existing
sources and sinks is not only an input for design criteria for the network design, but
can also be used for the communication inside the project. It allows every stakeholder
of the system to get an overview of the already available data and might trigger new
interests in sources. Furthermore, such a collection of sources and sinks is not limited
to the current network design, but can be reused for further network designs.
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Crew Mobile HMI
Flight Attitude
Power [W]
Rotational Speed [rpm]

Passenger Weight [kg]

Rotary Actuator

Figure 6. Example Source and Sink Layout for the Prediction of the RUL of a Seat Actuator.

3.2

Use Case driven Links of the Sources and Sinks

A network does not exist for an end to itself, but allows transmitting data and possibly
implements additional networks functions. Thus, a list of source and sinks as
introduced in the previous section is not sufficient to design a network, but the
communication needs to be gathered. Sinks do not directly request data generated by
a specific source, but sinks are interested in specific information independent of the
source that provides this information, e.g. a temperature within a specific area of the
aircraft cabin. Based on this requirement, a logical link between this sink and a
possible source providing this information, e.g. a temperature sensor installed in this
area, is established. This linking also shows if the available sources already cover all
sink interests or if additional source need to be deployed. Furthermore, in order to be
able to design an intelligent network being capable of dynamically adjusting the data
streams, it has to be known how often a sink actually needs an update of the source.
Depending on the use case, a sink might request data from a source with adjusted
properties. An example for this property is the data generation process, i.e. a sink can
request the data at a lower rate as it is generated at. In this case, network bandwidth
could be saved by reducing the rate at which the source is transmitting the data, e.g.
by dropping samples or taking their mean.

4

NETWORK ARCHITECTURE DERIVATION

In the previous sections two of the three inputs of the architecture selection process
have been described, namely the use case and the communication need. However, in
order to be able to select an architecture, a set of physical architectures needs to be
supplied before. A guideline on how to generate this set is introduced in Section 4.1.
Thereafter, in Section 4.2 the architecture selection process being based on multiple
proposed network design criteria is discussed.
4.1

Generate the Set of possible Physical Architectures

The generation of the set of physical architectures is based on a three step approach
[7], namely:
1. A functional architecture describes the interconnection of functions that the
network has to fulfil. As described above, data analytics networks are based
on a functional flow (F1-F3) that represents the data analytics process.
Therefore, the functional architecture is composed of the specialized
functions (F1(i)-F3(i)) of the generic functional flow discussed in Section 2.
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2. Based on the functional architecture, multiple logical architectures can be
derived describing which functions are grouped in order to be realized on
the same physical device.
3. In the last step, multiple physical architectures can be derived for each
logical architecture describing interconnected physical devices. By this, a
physical architecture defines where the devices are located and which
functions they implement. Furthermore, it describes the lower layer
characteristic of the communication, i.e. the lower layers of the OSI
communication model and based on which topology the communication is
realized, e.g. a ring, star or meshed topology. The application layer
protocols, however, are not part of the physical architecture and a decision
for a specific protocol is therefore out-of-scope of this paper.
In order to elaborate on the 1-to-n relation between the functional and the logical
architecture as well as the logical and physical architecture, the former is used for an
example. For this, in Figure 7 a subset of two possible logical architectures for the
seat actuator RUL scenario is shown, namely for the instantiation of the computing
function (F2) that returns the RUL prediction based on the inputs of the sources. The
architectures depict the two extrema that exist for the grouping and instantiation of
functions namely, that all functions are realized in one central logical block, often
denoted as (private) cloud computing (Figure 7, left) or that the functions are
instantiated at or near the source and sink devices, often denoted as edge computing
(Figure 7, right). This example can be extended to several functions allowing to
realize not only the two extrema for the logical architecture, but an arbitrary
combination of the cloud and edge computing approach.
F2

F2

F2

F2

F2

F2

F2

Figure 7. Extreme Cases for the Grouping of the Functional Blocks. Left: Cloud Computing
Approach. Right: Edge Computing Approach.

The variety of physical architectures for one logical architecture can be discussed in a
similar way. There exist, for example, multiple ways to realize the communication
between the logical blocks using a wired or wireless link. This also includes the
dimensioning of the communication link.
4.2

Selection Process for a suitable Choice of a Physical Architectures

In the previous section two possible logical architectures for the example of the RUL
prediction of the seat actuators have already been shown. Within this section, a
process of selecting an appropriate and optimal architecture for the given use cases
and communication needs is proposed based on a set of selection criteria.
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In order to properly prepare the selection process, the communication need has
to be further elaborated. It has been introduced as pairs of sources and sinks, i.e.
logical links. However, the data is not transmitted directly from the source to the sink,
but multiple steps of processing can take place in between, i.e. as described by the
functional flow. Therefore, the paths through the functional architecture have to be
evaluated as depicted in Figure 8. The sources and sinks are fixed in their position as
they represent existing providers and consumers of data in the aircraft cabin. The
remaining blocks represent the specialisations of the functions of the generic
functional flow which need to be placed in the aircraft cabin with a possible grouping
into the same device. For the optimization of such placement and grouping it has to
be considered that the computing functions (F2) might require the data from multiple
sources and that sinks might request the same computation results.
So
urc
e

F1(1)

F1(2)

Source

2)
F3(

F3(3
)

F2(1)

F3(1)

Sink

F1(2)

F2(1)

F3(1)
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2)
F2(

Mobile HMI
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F1(1)

k
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Figure 8. Visualization of the Data Analytics Functions that need to be allocated onto
Physical Devices. Left:Generic Example. Right: Seat Actuator RUL Example.

In the seat actuator RUL prediction scenario, the generic functional architecture
shown in Figure 8 (left) can be further elaborated as shown in Figure 8 (right) being a
subset of the generic functional architecture as indicated by the colouring. One
proposed selection criterion addresses the location of the sources and sinks together
with the paths through the functional architecture as depicted in Figure 8. The
prediction of the RUL of the seat actuator (F2(1)) requires the local sensor data of the
actuator as well as the flight attitude. In this case, the sensors located inside the seat
form a cluster in the aircraft layout. Thus, it is sensible to perform the computation
for the RUL prediction within the seat (edge computing) instead of transmitting the
data of each seat actuator to some other place, e.g. a central server in the avionics bay.
In this case only the computation result, i.e. the RUL prediction, is shared within the
network. This decision is strengthened by the fact that the sensors inside the actuators
often sample at a far higher frequency than flight attitude data is generated. Thus, a
logical architecture for the functional architecture shown in Figure 8 (right) satisfying
the results of the discussion is shown in Figure 9.

F1(2)

F2(1)

F1(1)

F2(1)

F1(1)

F2(1)

F1(1)

F2(1)

F1(1)

F2(1)

F1(1)

F3

F2(1)

F1(1)

Figure 9. Selected Logical Architecture for the Seat Actuator RUL Scenario.
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If, in contrast, only the seat occupation state of each seat is needed, e.g. for the
prediction of the remaining boarding time, the data sources required for computation
of the prediction are scattered over the layout. Therefore, no specific location can be
assigned for the computation and the introduction of a centralized device (cloud
computing) is sensible. However, this is not the only possibility: Instead of
introducing a central instance, the computing function (F2) can also be instantiated in
the sink, the mobile HMI in the example. For this decision, it has to be checked, if the
computation result is required by several sinks or by just one (compare to Figure 8
(left) showing three sinks all requesting the computation result of F2(1)). In case of
multiple sinks requesting the same data, a central solution is preferred as it allows
reusing computation results instead of performing the same computation several
times, i.e. in each sink.
In general, both approaches have their advantages and drawbacks: In the pure
cloud computing approach, i.e. all functions (F1-F3) are instantiated in a central
block, the interfaces of the sources are not harmonized near the respective devices.
Thus, if a device has only a wired interface, a specialised wire needs to be installed
from each device to the avionics bay, which is not necessary in edge computing
approach. In this case, the process from source function (F1) can harmonize the
interface which allows deploying a network being shared by all devices. However, the
edge computing approach also increases the complexity of the edge devices.
The overall network design process can be summarized as depicted in
Figure 10. The upper triangle describes how the set of all possible physical
architectures is generated based on the functional flow for data analytics networks
(Section 4.1). The lower triangle in turn describes how the optimal physical
architecture is selected from the set of all physical architectures (blue circles) based
on multiple design criteria (green arrows) as discussed in this section. The two
proposed criteria, the location of the data sources and sinks and their path through the
functional architecture as well as the data rate only represent example criteria as there
exist far more. However, the completeness of the deduced criteria has to be evaluated
and is therefore kept for future work.

generate

Functional
Architecture

Source

F1(1)

Logical
Architectures

Compute
(F2)

Process from Source (F1)

F2(1)

Process for Sink
(F3)

F2(2)

Sink

F3(1)

F2
F2

F2

F2

F2

F2

F2

Physical
Architectures
Use Cases (UC)

UC

UC

UC

UC

select by

Data Locality

...

Data Rate

Figure 10. Overview of the Network Design Process.
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5

CONCLUSION AND FUTURE WORK

Within this paper a network design process for data analytics networks being based
on design criteria has been proposed. Prior to the elaboration of this approach no endto-end process existed that allows tracing data analytics specific requirement through
the complete design of the network. In order to establish this process, the data
analytics process has been analysed and translated into a functional flow on which the
functional architecture of each data analytics network is based on. In order to prepare
a standardization of the development process, descriptions for inputs needed for the
network design, namely the sources and sinks as well as the communication need
between them, have been introduced. Based on these results, first a process has been
described on how to generate a set of physical architectures that fulfil the
requirements for the network. For this set of architecture, a criteria-based selection
process has been proposed. In order to show the behaviour of the process, it has been
evaluated using a predictive maintenance example in the aircraft cabin based on two
criteria. The development of a complete set of criteria is left open for future work as
well as the formalization of the design process allowing an integration into
established systems engineering processes and, at the end, to automate the process.
Furthermore, it has been mentioned in the introduction that the aircraft is integrated
into a wider scope of processes, especially, when considering data analytics. Thus, in
future work, criteria based on the requirements imposed by the embedding of the
aircraft into a wider scope will be studied.
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