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Abstract 

In this work, the concept of an Artificial Intelligence-based (AI) Digital Twin (DT) of an aircraft system is introduced, with the 
goal to improve the corresponding MRO Operations. More specifically, the current study aims to obtaining knowledge on the 
optimal placement of sensors in an ideal Power Electronics Cooling System (PECS) of a modern airliner, aiming to improve input 
data as a basis for an AI-based DT. The three main fluid parameters to be measured directly or indirectly at various physical 
locations at the PECS are mass flow rate, temperature and static pressure. The physics-based model can then be combined with a 
Machine Learning (ML) model, such as a Random Forest (RF), with a multitude of decision trees. Following, the AI system 
determines whether the PECS operations is considered normal, aiming to optimize the performance of the system and to maximize 
the Useful Remaining Life (URL). The suggested AI-DT approach is based both on data-driven and physics-based models, an 
approach which results in increased reliability and availability, reducing possible Aircraft on Ground (AOG) events. Subsequently, 
the enhanced prediction capability results in the optimization of the maintenance processes and in reduced operational costs. 
 
Keywords: Digital Twin; Machine Learning; Artificial Intelligence; Aviation MRO; Predictive Maintenance. 

1. Introduction 

Digital Twins (DT) are currently considered as a promising and novel approach to address the problem of failure 
unpredictability in aircraft operations and MRO organizations, which often results in operational disruptions and 
unforeseen costs (Pelt et al., 2019; Apostolidis et al., 2020). A DT is the combination of multiple state-of-the-art 
technologies embedded in three distinctive components, which are the physical entities in the physical world, the 
virtual models in the virtual world, and the connected data that tie the two worlds together (Grieves, 2014). However, 
it is not a fundamentally new concept, as it is rooted in a wide range of conventional system simulation and control 
methods (Glaessgen et al., 2012). Furthermore, there is no unique definition of a DT in literature. In the present study, 
the employed DT model is considered as a detailed digital representation of the physical components of an aircraft 
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system with the use of relevant data from various sources, such as real-time sensor data and historical maintenance 
data, a combination that can describe, optimize and predict the performance behavior and the Remaining Useful Life 
(URL) of an on-wing system. 

 
There are numerous constraints that currently prevent aircraft operators from developing effective DT systems. 

Historically, physical sensors in aeronautics are designed and used to enable the automatic control of on-board systems. 
Indeed, units such as the Environmental Control System (ECS), the Power Electronics Cooling System (PECS) or 
even the aircraft engines are usually equipped with the necessary types of sensors to be able to maintain a stable 
function across their operational range. The concept of prognostics and predictive maintenance are relatively new, 
even for last generation aircraft, such as the Boeing 787 Dreamliner or the Airbus A350 XWB. As a result, there are 
usually fewer sensors installed than needed for comprehensive data analytics. Moreover, the complex landscape of 
data ownership imposes numerous limitations in data sharing among the interested parties, such as the aircraft operator, 
the Original Equipment Manufacturer (OEM) and the MRO provider. There are numerous cases where fragmented 
data ownership makes engineering teams to have partial access to important data. As illustrated in Fig. 1, Artificial 
Intelligence (AI) can be classified into different algorithmic subgroups. In this work, the AI methods considered are 
categorized as Machine Learning (ML), for a number of different reasons. First, experience has shown that algorithms 
such as the Random Forest (RF) (Breiman, 2001), which derive from conventional Decision and Fault Trees, have a 
high relevance with the standard practices and engineering logic used in fault detection. This fact makes them more 
attractive to engineering organizations with a long history in aviation MRO. Second, as AI needs to be explainable 
(Adadi et al., 2018), other methods such as Deep Learning (DL) are not transparent and can create reduced confidence 
as well as certification issues for MRO organizations, looking to introduce such an approach in their operations. 

 
In the present study, the PECS of a modern airliner was selected as a use case. There are various reasons for this 

selection: Predominantly, PECS systems are critical for the operation of the aircraft. Failures in PECS have a high 
possibility of causing an Aircraft on Ground (AOG) situation, which implies operational disruptions and unforeseen 
costs. On the other hand, the installation of additional sensors in PECS would highly increase the health monitoring 
capabilities of the system, while AI methods can analyze the data and perform diagnostics and prognostics, preventing 
possible system failures. This paper will not discuss the fundamentals of PECS, which can be found in OEM manuals 
and training material. The idea was to place sensors in specific parts of the system, which can subsequently feed with 
input parameters the AI-based DT. In addition, it was chosen not to consider failure rates of components when 

developing the concept, but equally distribute 
the capabilities of the method. The main 
objective of this study is to develop a framework 
that determines the optimal physical location and 
type of sensors in an ideal PECS of a modern 
airliner, aiming to improve the nature and quality 
of input data, as a starting point for an AI-based 
DT. It is important to mention that the 
development of the model itself will be 
addressed in future work. 

 
The parameters can be measured at different locations with the use of relevant sensors. The AI data-driven model 

is suggested to be a Random Forest with a multitude of decision trees. Overall, three concepts have been designed: 
Two component-based concepts and one system-based concept. Eventually, these concepts are combined into one 
final design. According to this design, the AI-based system determines whether the PECS works properly, aiming at 
the same time to optimize system performance and maximize the URL. The suggested AI-DT approach is based both 
on data-driven and physics-based models, a combination which can result in increased reliability. Subsequently, the 
enhanced predictive capabilities of our method result in the optimization of the maintenance processes and therefore 
in reduced operational costs. 

 
 

Figure 1: Artificial Intelligence, Machine Learning and Deep Learning 
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Nomenclature 

CV check valve  
F flow sensor 
HVDC  high voltage DC 
HX heat exchanger 
IS isolation valve 
MC motor controller 
MV modulating valve 
P pressure sensor 
RFMC ram fan motor controller 
T temperature sensor 

2. Background 

The concept of a Digital Twin is not new since the term is relatively broad in scope. A DT can well be based on a 
high-fidelity physics-based model, on an AI-based explainable model or different hybrid combinations. Recent 
developments in technology made possible the combination of different technical building blocks, eventually 
broadening the possibilities for Digital Twins. However, there is no global definition of a DT. (Ponsard et al., 2018) 
(General Electric, 2019) (Li et al., 2017) A recent DT concept (Tao et al., 2018) consists of five distinctive entities 
defined as the Physical Entity (PE), the Virtual Entity (VE), data connection (CN), which ties the PE and VE together, 
the Digital Twin data (DD) and last, services (Ss). These five building parts make use of five key technologies, 
essential for the development of contemporary Digital Twins. They are the Internet of Things (IoT), Cloud Computing 
(CC), Artificial Intelligence (AI), Application Programming Interfaces (API) and extended reality technologies, such 
as Virtual and Augmented Reality (VR and AR) (Gesing, 2018). As illustrated in Fig. 2, in the present study, the DT 
concept considered as a digital representation of an aircraft system with the use of relevant data from various sources, 
such as real-time sensor data and historical maintenance data. 

 
A Decision Tree is a Machine Learning algorithm, which can 

serve as prediction tool. An input is checked through a series of 
consecutive decision nodes, until a specific output is achieved. 
In the case of prognostics and health monitoring for aviation, the 
Decision Tree is built in a way that the input is related to system 
sensor data and the method provides clarity regarding the system 
operational status. A Random Forest is a more complex 
algorithm, which consists of a collection of Decision Trees. The 
Random Forest randomly selects observations and specific 
features to build multiple decision trees from and then averages 
the results, giving the most likely scenario (Fig. 3). 
 

In the present study, the employed AI-based DT model is a detailed digital representation of the physical 
components of the PECS of a modern airliner. With the utilization of relevant data from various sources, such as real-
time sensor data and historical maintenance data, the DT can describe, optimize and predict the performance of the 
system. At the same time, a physics-based model can be employed with the use of sensor data, in order to describe the 
physical processes that take place in the system and validate the data-driven model. The ultimate objective of the 
method is to provide accurate predictions regarding the PECS operation, by capturing a wide range of different 
degradation and failure mechanisms. The idea here is that the individual components of the PECS have a normal 
operating range, which is captured by both the AI-based and physics-based methods. The Random Forest is capable 
of detecting outliers, associating them with known or unknown issues and failure modes, prompting the maintenance 
organization to check specific parts of the system. The physics-based model, on the other hand has a twofold use. 
First, it can be used to simulate the complete operational spectrum of the system, providing additional training data 
points for the data-driven method. Second, it can act in a supplementary way, verifying whether a certain operating 
condition is normal and within the system limits or not. 

Figure 2: Digital Twin dimensions 
(Modified image: GE Aviation) 
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3. Modeling 

Three different concepts were 
considered: General Design, Detailed 
Design and Combined Design. The first 
refers to the overall system sensor layout, 
while the second to the detailed sensor 
layout of the components. The third one 
combines the two, creating a detailed 
design for the whole PECS system. For 
the sake of brevity, the Detailed Design 
will be omitted, as it is part of the 
Combined Design description. 

 
3.1 General System Design 
The first concept was developed from a 

macroscopic perspective. It is an ideal 
physics-based approach, where all 
systems parameters are measured. With 
the equation of state for ideal gases as a 

starting point, three different parameters need to be known in each station: mass flow rate, static temperature, and 
static pressure. The latter is selected for practical reasons, as a total pressure measuring would disturb the flow with 
the use of pitot-static tubes. It is evidently over-engineered as a configuration, but at a conceptual level provides all 
the necessary information. 

 
The PECS consists of two halves, which can be considered as mirrored. Five main components can be found in the 

overall system-based concept. These are the liquid heat exchanger, the pump package, the High Voltage DC (HVDC) 
rack, and the Integrated Cooling System (ICS)/Heat Exchanger (HX) assembly. The ICS and HX are considered as an 
external loop, which can operate independently (Fig. 4). In this system description the starting point of the loop is 
downstream the pump package. This is the location where all three types of sensors can be found, namely T1, F1 and 
P1, which are the measurements of static temperature/pressure and mass flow. To determine a delta Q and delta T the 
flow and temperature are also measured upstream the pump package, namely F4 and T6. This sensor configuration 
can localise a failure in the Pump Package, which is a critical component for an AOG event.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: (Top) A typical Decision Tree (Bottom) A typical Random Forest 

Figure 4: General System Design 
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Modulating Valve 3 (MV3) follows downstream the pump package. The next temperature sensor T2 can be found 
directly after the liquid heat exchanger. This sensor can capture fluctuations in temperature because of potential defects 
in the liquid heat exchanger. Following, temperature sensor T3 is placed downstream the MV3 branch. This sensor 
will capture any anomalies in the valve. A flow sensor is placed right downstream the split between the Right HVDC 
Rack and the Isolation Valve 2 (IS2). As stated in the training manual, a leak can be caused by the ICS and HX loop, 

so the IS2 can isolate it. Another flow sensor is placed before the exit 
of the loop, indicating any leakages between points F2 and F3. 
Temperature sensors T4 and T5, acting as a checkpoint to verify 
whether the heat is dissipated correctly in the working fluid. 

 
3.2 Detailed Component Design 

The detailed design concept deep dives into the specifics of each 
component of the system. According to the concept, additional sensors 
are placed in each of the Pump package, Cabin Air-Conditioning, and 
Temperature Control System (CACTCS) Pack, HVDC Rack and ICS 
& Heat Exchanger components. The details of this study are illustrated 
in Fig. 5 and they are discussed in the next paragraph (3.3), where the 
Combined System Design is discussed. 
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3.3 Combined Design 
The final concept makes use of the design details developed for the general system design (3.1) and the detailed 
component design (3.2). Fig. 6 illustrates the design, where each branch is given a sequential number (Lx.x). In 
addition, every textbox gives further details for either a component or piping. Last, where design details are marked 
with a (Z), this indicates a pre-existing sensor. 
 
 

 

Figure 6: Combined System Design 
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Starting, Pumps 1 and 2 make use of vibration and rotational speed sensors. This way, performance fluctuations 
will have a footprint in the obtained data. The liquid level sensor in the tank verifies the system fluid level. To be 
noted that a PGW ratio measurement sensor is removed, as the fluid for this system is provided as a ready mix. 

 
In stations L1.3 and L1.4 pump efficiencies can be checked against station L1.1. A filter system is also been placed 

downstream Control Valves 3 and 4. A contamination sensor in this location fitted with a chip detector can identify 
possible wear before visible efficiency drop. A local pressure measurement can also indicate the level of filter 
constipation by indication the temperature drop. In station L1.8, flow and temperature sensors are placed. This point 
in the system can serve as main delta point, comparing other station values with the local ones. The position of 
Modulation Valve 1 can be used as a redundancy for the fluid cooling process. Modulation valve 1 has its own valve 
position as redundancy for checking the cooling of the liquid. Station L4 contains a temperature sensor to verify the 
exit conditions of the heat exchanger. Moreover, it is also possible to check if the operation of Modulating Valve 1 is 
normal. In station L5, a temperature sensor is installed for verification of the delta with L1.8, with the input of the 
value in L4. Isolation Valve 1 can isolate the downstream branch of the system, used for the aft cargo part of the 
aircraft. Station L6 measures he flow, to identify the separation between the two branches. This input verifies the 
normal amount of liquid flow to the subsystems downstream.  Station L8 contains temperature and flow sensors, in 
order to verify the local conditions and detect a possible leakage. Furthermore, the temperature of the liquid exiting 
the aft cargo cooling is measured in station L10, to verify the efficiency of the Heat Exchanger. The flow is measured 
against station L8 and it can isolate the branch in case of leakage. Last, temperature sensors are placed in stations 
L11.1 to L11.8, to measure the heat transfer between by the fluid and the avionics. Flow sensors are installed locally 
as well, to identify possible fluid leakages. 

 
3.4 Digital Twin concepts 
As discussed in chapter 2, historical data from the additional sensors can be used to train an AI-based Digital Twin 

model, which can replicate the operation of the PECS. In reality, all the necessary information can be captured and 
train the Random Forest algorithm in a way that it captures the full operational range of the system. Following, the 
real-time data from the PECS can be transmitted to the ground and compared against the model, indicating a normal 
operation, or detect anomalies and localize them in the corresponding system component or branch. 

 
At the same time, a physics-based model can be developed, based on the physical processes that take place in the 

PECS. This model can be run in parallel with the data-driven algorithm, verifying the outputs, making predictions and 
future projections, an area known as Prognostics, while also being used for additional training of the algorithm in 
areas where there is scarcity of data or recording issues (Fig. 7). 

 
 

 

Figure 7: Digital Twin: AI-based and Physics-based models 
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4. Conclusions and Discussion 

This work presented how the instrumentation in the PECS of a modern airliner can be redesigned in an ideal way, 
in order to be relevant for the development of a Digital Twin, which employs both AI data-driven and physics-based 
methods for the analysis of the measured data. Up until now, sensors in aircraft components mainly serve the scope 
of system control. However, Digital Twins are extremely useful in Diagnostics, Prognostics and the calculation of the 
Remaining Useful Life of those systems. We demonstrated what an ideal instrumentation layout could be, by 
presenting the sensor types and locations in the system. In addition, we discussed how the data captured by the sensors 
can be used to produce value for the operator, MRO provider or OEM, as all three are stakeholders in the aircraft 
operation and improved reliability is of interest for all three of them. 

 
The output data can be processed in two different ways: First, in training an AI, data-driven model, such as a 

Random Forest. Such a model has the capability to map the normal operational range of the system and identify 
outliers, in case there is some kind of fault. Moreover, the deterioration of the individual system components can be 
identified and compared against a healthy operation, eventually predicting the remaining useful life of the part. 
Second, the fact that there is a comprehensive number of sensors installed can help identify the type and the location 
of a fault. 

 
In parallel with the AI model, a physics-based model can be developed. The different physical processes that take 

place in PECS can be described with the laws of physics, providing a verification for the data-driven model. In addition 
to this function, any detected anomaly can be signalled and compared against a normal operation. Lastly, results 
produced by the physics-based model can be used to train the AI model, in cases of data point scarcity or any kind of 
reduced availability for technical or even legal reasons. 
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