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Abstract 
Artificial neural networks, currently a backbone behind many data driven artificial intelligence applications, 

have been growing in popularity in different domains, from speech recognition over image processing to 

control tasks with complex sensory inputs and multiple outputs. Mechatronic systems have in the meantime 

been growing in complexity requiring a dedicated model based systems development process to assure the 

functional and performance design attributes. A complex mixture of 1D and 3D multi-physics models and 

test based characterization is used to design the hardware as well as the controls. In this paper the aid of 

artificial neural networks in mechatronics system development is demonstrated based on examples from the 

different phases of the development cycle of vehicle systems. The applicability of various types of neural 

networks (DNN, CNN, RNN) is explored for the different engineering tasks. The work fits into a broader 

context of merging data driven and model based approaches, a topic attracting major interest today [1]. 

1 Introduction 

Different terms are used in the addressed field. Artificial Intelligence (AI) covers a very broad domain and 

range of technologies, which in general try to enable the growing intelligence of machines, which means to 

have them execute tasks that are typically done by humans. It started in the 60’s with the game computers 

like chess. This involves complex programming of rules and sequences. Machine learning is a subdomain 

of AI (or a way to realize AI) where during the process of usage of the algorithm, the algorithm itself 

becomes smarter. The algorithm “learns”. One of the first examples is the sorting of the spam mails which 

came up in the 90’s. 

Neural Networks are one way to achieve machine learning next to other methods such as for example 

inductive logic programming, support vector machines, clustering, reinforcement learning, and Bayesian 

networks. Although neural networks have been around for a long time, only recently from 2010 onwards 

their usage has come into an acceleration phase mainly due to 3 reasons: 

 The availability of training data based on the Internet of Things (IoT) boom but also based on the 

abundance of simulation data. 

 The constant improvement of computer speed and the usage of GPUs instead of CPUs as 

calculation servers. 

 The improvement of the neural network training algorithms and the variety of neural network 

architectures. 

Today artificial neural networks are the main driver behind the artificial intelligence technology growth and 

are typically seen as a subcategory of machine learning. They can generally be used for 3 types of learning 

[2, 3]: 
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 Supervised learning where labelled data is used for inputs and their connected outputs. 

 Unsupervised learning where only inputs are known (for example feature extraction). 

 Reinforcement learning where actions need to be decided based on a reward/penalty (for example 

in optimal control algorithms). 

In this paper only the supervised learning is addressed while also unsupervised learning and reinforcement 

learning are finding their way into the mechatronic systems development process. In supervised learning a 

collection of inputs and outputs of a system are known and the learning process allows to find the best 

possible correlation between the inputs and the outputs by adapting parameters of the neural network in a 

smart iterative way. Different type of learning algorithms are available but the Levenberg-Marquardt 

optimization [4, 5] is the most widely applied in connection with neural networks. 

2 Neural network architectures 

Artificial Neural Networks (ANN) come today in many different architectures but essentially, they can be 

classified in 3 main categories: 

 Feedforward neural networks (FNN) which make a direct connection between input and output 

data through one or more combinatorial layers [6]. 

 Recurrent neural networks (RNN) which have a memory that allows to remember previous inputs 

and store data in “context nodes” [7].  

 Convolutional neural networks (CNN) which keep in mind a spatial relation between the inputs 

[8-10]. 

Feedforward neural networks can be used for the correlation of inputs and outputs without any relationship 

between the current inputs or outputs in function of time nor space. The word “deep” learning [6] is used if 

the neural network has many hidden layers between inputs and outputs. A recurrent neural network with 

one hidden layer can in that context also be seen as a deep neural net since the training process to perform 

it uses an unwrapped version of the recurrent neural net. 

In case there is a correlation between the inputs in terms of their spatial arrangement, convolutional neural 

networks (CNN) are a more appropriate architecture since during training the proximity between the inputs 

in the architecture is already a-priori taken into consideration by optimizing filter values. This is for example 

useful for extracting signal features, analyzing 2 dimensional pictures or spatially correlated multisensory 

data. Also in condition monitoring, CNN can be applied to detect if a given vibration signal can lead to 

faulty or correct operation. 

In case there is a time historical relationship between the current inputs and their past values, a recurrent 

neural network is a more appropriate architecture since it contains memory that allows to make relationships 

between past values and the current value. This is in particular very useful for time data, for sequences (as 

in text) or for describing system-like behavior. This time dependency can however lead to difficulties in 

training the network as large variations of the weights lead to small changes in the gradients. This is known 

as the “vanishing gradient problem”. As a consequence, several innovative approaches have been made over 

the last few years to the RNN architecture to improve the learning for particular relationships between inputs 

and outputs. Some best known forms are: 

 Layered Recurrent Nets (LRNN) [11]. 

 Long Short Term Memory (LSTM) [12]. 

 Gated Recurrent Unit (GRU) [13]. 

In case of an LRNN, the hidden layer neuron outputs are artificially delayed during a pre-defined amount 

of time steps to maintain a longer memory. 

In case of an LSTM, the hidden layer neuron outputs are kept artificially based on thresholds which are also 

variables during the training process. This allows to combine slowly varying phenomena with dynamically 

changing phenomena in the identification process. 
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3 Neural networks and system identification 

LRNN have proven to be particularly useful to identify low damped resonances in non-linear systems as 

shown in the example of figure 1. LSTM have proven to be particularly useful to understand speech since 

it can recognize sentences and words in the same learning process. In this paper the application of the LSTM 

to model data has not been handled yet and will be the subject of future research. 

A neural network in supervised learning can be used directly as a model identification method using input 

and output time data to train an RNN. However the training might not always be successful because the 

starting values of the neural network coefficients cannot always easily be iteratively updated towards a 

global optimum. 

Figure 1 shows the concept of training a neural network based on simulation data. The upper right picture 

shows the model in Simcenter Amesim. It is a mass-spring-damper system with 5 masses and thus 10 states. 

The model input is a force on 1 mass, either a random excitation or a swept sine. A random excitation is 

used to train the neural network. A swept sine signal is used to validate if the neural network can deal also 

with other input arrangements in function of time. The outputs of the neural network are the accelerometer 

sensors on each mass. The system has 5 resonances below 100Hz and the excitation signals are defined up 

to 100Hz. 

A layered recurrent neural network in Matlab is used as architecture to train the data. An optimal size of 6 

neurons in the hidden layer and 6 delayed neuron values in the feedback loop are used for training. This 

gives 36 states in total (6x6) when the model is linearized but it is the experience of the authors that an 

under-determination is needed for a neural network to arrive to a stable minimum. 

The inputs and outputs of the random excitation are used to train the neural network. In the upper right 

figure the accuracy performance of the network after every epoch is shown. It can be seen that the network 

stabilizes after 100 Epochs and does not improve further visually. In the bottom left, the result in frequency 

domain of the predicted accelerometer signals is given for the 5 accelerometers, on the upper part for the 

training data and on the lower part for the swept sine data for which the neural network was not trained. It 

can be seen that in both cases the neural network gives a good correlation when using the trained neural 

network after 100 Epochs. When linearizing the neural network it could also be observed that the major 

modes of the linearized system are identical to the modes of the actual system but also additional modes are 

present which have no impact on the result. This proves that the neural network finds the unique solution to 

the problem after 100 Epochs but still has additional parameters for further improvement. 

 

 

Figure 1: Identification of a 5 DOF mass-spring-damper system 
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In the bottom right the neural network that stabilizes after 300 Epochs is applied to the same validation data. 

In this case however it can be seen that the neural network works even better on the training data but at the 

cost of a very limited extrapolation capability of the network outside the domain of the training data. It also 

shows that the observability of the states in the training data will determine the success of the training. 

The above example shows the importance of making the right choices, on the one hand related to the network 

architecture and size, its inputs and outputs and related to the time to stop the training. Further research is 

needed to give the user the right indications on the extrapolation capabilities of the neural network. 

One of the major difficulties in the development cycle of a system is the identification of the right parameters 

for a systems model since those parameters are often a simplification of reality. In the R&D phase this is 

often done through dedicated test benches defined for the component to be characterized. With the upcoming 

technologies around Internet of Things (IoT), the identification of parameters based on operational data is a 

question that also can be addressed by the use of neural networks. The problem statement is addressed in 

figure 2 by a simplified example. 

 

 

Figure 2: Parameter estimation using neural networks 

 

In the upper part of figure 2, a 3 degree of freedom mass-spring damper system is indicated. The system is 

excited by random noise on the most left hand side mass in the frequency band between 0Hz and 100Hz. 

The resonance frequencies and damping of the nominal system are indicated on the right hand side of the 

picture. The stiffness of the most left hand side spring is varying in function of time following a sinusoidal 

shape at a frequency of 0.02Hz. The time data of the clamping force on the right hand side of the system is 

stored together with the varying stiffness. Both signals are used to train a neural network. Several network 

architectures have been verified but the most successful network has been a simple feedforward network 

with 10 neurons in the single hidden layer. The inputs are segmented into 2500 segments of 100 samples 

without overlap as can be seen in the representation of the neural network architecture in the bottom left of 

the picture. The bottom right of the picture gives in blue the result of the network prediction using the 

training data versus the original stiffness variation which can be considered as quite impressive for only a 

10% peak to peak variation, considering the fact that as a user it will be very difficult to find a rule based 

algorithm that can give the same results. Obviously is speaks for itself that the currently trained network is 

not yet able to deal with excitations that are very different from the excitation used to train the network. To 

be able to secure this, a more reasonable representation of the actual inputs will be needed. 

In the next sections different applications of neural networks in the field of mechatronic model based system 

development are brought forward and discussed. The application cases are projected on the mechatronic 

system development cycle, typically used for the automotive industry as shown in figure 3. 
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Figure 3: Selected application cases, projected on the automotive development cycle 

4 Neural network application cases in model based engineering 

Over the last decade, mechatronic systems have grown strongly in complexity and in many industries a 

dedicated model based systems development process has been put in place to assure the mechatronic system 

under development fulfils the functional and performance attributes for which the system is designed. The 

automotive industry is one of such industries that today is heavily changing their development processes to 

be able to have models driving the development of the cars. While the car evolved from a mechanical system 

to a mechatronic multi-physics system, the model development methodology became a complex mixture of 

1D multi-physics models, 3D multi-physics models & test based analysis & characterization, to design the 

hardware as well as the controls of the hardware. The concept of the Digital Twin as backbone for the design, 

production and operation is becoming commonplace [14, 15]. In this paper the aid of artificial neural 

networks in supporting or enhancing the mechatronics system development will be demonstrated based on 

several examples out of the different phases of the development cycle of such a system. 

4.1 Reverse engineering of controls during the benchmarking phase 

During the benchmarking phase, many industries try to set targets for their subsystems based on a competitor 

analysis. Typically test data is acquired of the subsystems of a vehicle and this data is converted into a test 

based model that is assembled at system level to predict the system performance. Figure 4 shows this process 

in the case of fuel economy evaluation of a vehicle. 

 

Figure 4: Process to analyze an existing vehicle for fuel economy performance 

MODEL ORDER REDUCTION 2435



The resulting energy flow chart allows to analyze the consumption of each subsystem in the operational 

case that is measured. In case of a hybrid vehicle, there is however 1 component that often is most difficult 

to identify as a test model, while it is often having the highest potential improvement on the fuel economy 

performance: the supervisory control. This control determines when the different actuators need to come 

into action and is often not easily converted into a model since its operation is hidden in software. This 

leaves the physical model only to be operated in open loop, which limits the analysis that can be done with 

the model. A neural network can however be used to convert the existing measurements into a controller to 

close the loop for the model. The following steps can be performed to create such a controller: 

1. Selection of all the operational conditions to train the network. 

2. Selection of the different sub-controller inputs and outputs based on experience. 

3. Selection of the network architecture and size for each sub-controller. 

4. Training of each network and cross validation with an unknown scenario. 

5. Export of the neural network coefficients to a system simulation environment & close the loop 

with the plant model. 

In figure 5 some of the steps are visualized for a controls reverse engineering of a hybrid vehicle architecture 

including some typical results that can be obtained. 

The figure shows the results of the sub-controller performance using the measured operational input data of 

3 drive cycles based on a normal feedforward network and a recurrent neural net. It can be seen that in both 

cases the correlation is quite good, indicating that the temporal aspects are most likely not important for this 

sub-controller. When applying the complete controller to the full vehicle model, in both cases satisfactory 

results could be obtained. 

 

 

Figure 5: Results obtained by using a neural network to reverse-engineer a controls model for closed loop 

fuel economy simulations 

4.2 Concept phase subsystem model reduction for faster system calculations  

Figure 6 shows an application case for model reduction. A neural network can quite easily be implemented 

into a time domain based modelling environment since it is based on simple matrix calculations. In this 

figure the application of mount stiffness identification is shown. In a first step the mount stiffness is 

measured on a dedicated machine that allows to measure the static stiffness and the dynamic stiffness for 

2436 PROCEEDINGS OF ISMA2018 AND USD2018



different amplitudes. To convert this into a time domain modelling environment is not straightforward and 

typically an equivalent modelling approach is used based on multiple mass-spring-damper elements. 

 

 

Figure 6: Mount stiffness identification for usage in a system model 

 

With a neural network the dynamic stiffness curves in frequency domain can be converted into 1 set of 

training time data (upper right). In this example this time data is fed into a layered recurrent net with 10 

hidden layer neurons and 2 delays. The result of the trained network is validated again in frequency domain 

(red curve for the 2 different excitation amplitudes) and gives excellent correlation with the measured data. 

Afterwards this neural network can be combined with the static curve by placing both models in parallel to 

obtain the total stiffness and implemented in a vehicle model (upper left). 

4.3 Model driven controls development during detailed design stage 

The development of the control of mechatronic systems becomes more complex when multiple actuators 

and sensors are interfacing with a highly dynamic system, often not having the sensors available to develop 

an optimal control. In the automotive industry, controls have mostly been developed using rule based 

methods, first by directly writing code, later using a model based approach with tools like Simulink from 

Mathworks or the Embedded Software Designer from Siemens [16]. In the automotive industry, the complex 

balancing of multiple performances of the combustion engine such as emissions, fuel economy and 

acceleration performance have increased the complexity of the engine actuators. To develop the controls for 

such complex mechatronic systems, new methods are required. Optimal control such as Model Predictive 

Control (MPC) in combination with technologies to predict virtual controllable quantities using state 

estimation technologies in combination with Kalman filtering, are examples of such new technologies that 

start to find their entry in the automotive world. MPC and Kalman filtering based state estimation require 

however models that run fast while keeping a certain level of accuracy.  

The simulation models for designing mechatronic systems are often created based on a combination of 

detailed 3D models and test data and have a high level of accuracy but have a too slow calculation time to 

be used in MPC or state estimation methodologies in real time on an ECU. To be able to convert such system 

models into the context of optimal control in combination with virtual sensing, neural networks can be the 

ideal methodology to develop a controls model directly from the detailed plant model to be controlled. 

Figure 7 explains the different steps in the process, showing the reduction of the detailed engine model to a 

neural network based model for as well the virtual sensor as the optimal controller. Initial results using the 

controls model in closed loop with the detailed plant model for tracking purposes indicate that the 
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performance, for scenarios that the neural network is not trained for, remains within good accuracy as long 

as the important states of the model are kept observable. Further results in this field will bring more clarity 

in how broad this technology can be used for the engine controls or other advanced vehicle controllers. 

 

 

Figure 7: Different steps in the automatic generation of optimal controls models using a Simcenter 

Amesim plant model in combination with neural networks 

4.4 Test based troubleshooting during prototype stage 

Noise, Vibration and Harshness (NVH) is an important attribute of the vehicle and it is very difficult to 

frontload NVH issues into the simulation based development of the vehicle. Typically during the first 

prototype stage, the road induced and engine induced low frequency NVH issues become visible and NVH 

test engineers use methodologies like Transfer Path Analysis (TPA) or Acoustic Source Quantification 

(ASQ) to separate the noise problem into its contributing paths and afterwards focus on the major 

contributing paths with effective countermeasures [17]. 

The methodology of TPA is however a time consuming activity that can be separated in 2 major 

components: 

 In the first step the paths need to be instrumented with sensors and operational data needs to be 

acquired on the full system. 

 In a second step the active system (driveline and/or suspension) needs to be removed and the 

contributions from unity loads at each path to the interior noise need to be quantified using 

dedicated excitation techniques. 

Even in this context of test based troubleshooting, neural networks have proven to be useful to direct the 

NVH engineer even faster to useful countermeasures. In this approach only the potentially contributing 

paths needs to be instrumented for which only operational conditions need to be acquired. During a first 

phase a layered recurrent neural network is trained based on the path sensors as inputs and the noise as 

output. In a second phase the trained neural network is fed with each sensor individually to be able to 

calculate the contributions of each path. Figure 8 shows the results of the neural network based approach 

versus the result of a classical TPA approach. It can be seen that in both cases the major paths come out 

identical while the neural network based approach can be realized in a fraction of the total time needed for 

the full TPA approach. 
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Figure 8: Process and results of using neural networks for Transfer Path Analysis 

4.5 Predictive maintenance during operations phase 

Predictive maintenance is the capability to predict an upcoming failure of the system based on operational 

sensors. Typically statistics based techniques were used in the past to predict such failure occurrence based 

on data from the past. Obviously it would be more interesting to not have to wait for failures to have occurred 

before being able to do predictive maintenance. In this context a simulation model can as well be used to 

convert the available operational sensors into variables that represent a failure. This methodology is typically 

called the “digital twin in operation”. In this section 2 examples are given of how models can improve the 

predictive capabilities of a maintenance activity, both with the help of neural networks. More details can be 

found in [18, 19]. 

A first example concerns the failures of bearings in large gas-turbine based energy conversion (Figure 9).  

 

 

Figure 9: Identification of shaft unbalance of gas turbines using dynamic signals and a simple RNN 
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Such turbines have high speed shafts to transmit the torque and an increased unbalance on the shaft will 

cause the shaft bearings to age rapidly until they break down, which on their turn will cause expensive 

downtime that needs to be avoided. Such an unbalance cannot be measured directly but through 

accelerometers at the bearing positions the ideal observers can be measured in relation to the unbalance. 

Since the relationship between the time signals measured and the unbalance causing it, is too difficult to 

derive in a robust way, a recurrent neural network is used to identify the relationships.The neural network 

can potentially be trained using only simulation models and can afterwards be applied on real life signals in 

operation. Figure 9 shows the output of the induced unbalances in a model versus the prediction of the 

unbalance by the neural network. The results are currently only based on virtual test data, generated by a 

model. 

A second example also concerns the failure of bearings but in this case mainly caused by built up wear or 

damage in the bearing of a wind-turbine. Off shore wind turbines are difficult to access and therefor the 

predictive maintenance is an important aspect to be able to limit the maintenance costs. In this application 

the bearing is modelled as a simple source of vibrations, caused by defects in the bearings. The vibrations 

can be measured by operational sensors in the real wind-turbine. To be able to improve the realism of the 

signals, different manipulations are done to the ideal time signals coming from the model: 

 Addition of measurement noise 

 Gaussian broadening & introduction of half-normal distribution to introduce the effect of slippage 

from the roller defect 

In principle these time signals could be fed to an RNN to find the relationships between the signature of the 

signal and the status of the defect. To be able to help the neural network find the relationship more easily an 

additional pre-processing is done based on the knowledge of the recurrence of the vibration. The post-

processing that is done to facilitate the neural network in finding the relationship are the following 2 steps: 

 Synchronous averaging at expected defect periods 

 Averaging to improve the signal to noise ratio 

This will result in time invariant data that can be used to train a CNN rather than an RNN. The complete 

sensor processing to create the data for the neural network to be trained on is given in figure 10. 

 

 

Figure 10: Post-processing from the raw measurement data to the neural network training data 

 

The CNN is chosen as the neural network architecture for this learning since the proximity relationship of 

the samples in the time averaged signal are of importance. The CNN is used in a regression context where 

a value is given between fully nominal (0) or fully faulty (1). This allows the network to predict the time to 

failure if enough knowledge is available between the gravity of the defect and the risk to fail. 

Figure 11 shows the result of the constant monitoring during 50 days until failure using a trained CNN with 

only simulation data for a bearing inner ring as well as outer ring failure. More information on the results 

and the other methods that are used can be found in reference [18, 19]. 
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Figure 11: Simulation model based bearing failure prediction for a wind-turbine comparing neural 

networks with traditional machine learning methods 

5 Conclusions 

Neural networks are a core technology behind the increasing importance of Artificial Intelligence applied 

to design engineering, validation and verification. A significant progress has been made in terms of network 

architectures and training methodologies. Most of the applications have currently been found in the world 

of sensor interpretation (speech, vision). In general however, supervised learning has made from the neural 

network technology an ideal capability to also be used in the mechatronics system design. In this paper some 

successfully applied applications have been shown throughout the complete development cycle of a product. 

The authors anticipate that  the amount and range of applications will grow at a rapid pace in the upcoming 

years and next to identification using supervised learning, also other applications of neural networks will 

find its place in the system development cycle such as the identification of the physical equations of a system 

based on operational data [20-22] or the automated design of counter measures based on system models or 

the continuous improvement of the system controls using reinforcement learning. 
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