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Abstract 

 

Data-driven modeling is a new paradigm in science and engineering for dealing with design 

problems. In the past, collection of data was problematic and scarce, and was mainly done to 

document experiments and verify research hypotheses. Today, we are facing information 

explosion, as data became affordable and simple to gather, store, and distribute. This became 

possible due to availability and prevalence of sensors, high-volume storages, cloud services, 

and internet of things solutions. Abundant data accessibility causes serious challenges to the 

modern engineering, and we should learn how to take advantageous of them in design 

processes. Data-driven models have many important applications. Complete models can be 

created based on gathered information without knowing the underlying physics. Existing, 

working models can be improved, verified, and extend on account of the data. In many 

important applications where strict simulation times are crucial, like in control and human in 

the loop systems, data-driven modeling can be an instant solution by providing highly efficient 

models. Moreover, the new paradigm allows for emergence of novel engineering fields like 

digital twins and virtual sensors. It can be stated that there are no modern design processes 

without data utilization and, consequently, data-driven modeling. 

 

Keywords: data models, design process, system modelling, multibody framework 

 

6.1 Introduction  

 

This chapter introduces data-driven models in the framework of dynamic simulations and 

discusses their potential to provide additional value to original equipment manufacturers 

(OEMs), end-users, and other stakeholders in the value chain. A challenge in product processes 

and in the product development of high technology products arises from gradual development 



through incremental innovation, i.e., the new product or process is typically based on an earlier 

generation product or process. Introducing radical changes could result in legislation 

difficulties and would make gaining official approvals more difficult. Proof of development 

and testing is usually a requirement for certification. For a physical product, obtaining this 

proof is expensive and takes time. An example would be crash testing. The complexity of heavy 

machinery and processes is constantly on the rise, because new technologies are continually 

integrated and interconnected. In addition, software solutions are being emphasized over 

hardware solutions, so developing a new machine is not just a job for mechanical engineers. 

Today, mastery over several disciplines and related standards is required to produce a new 

product and/or service. 

 

In practice, increased complexity has led to situations in which numerous requirements and 

interactions must be simultaneously considered. Standards and quality requirements based on 

emerging technology approaches are becoming more pervasive. As a result, the successful 

introduction of a new product is becoming increasingly more complicated and expensive. In 

some scenarios, it has been estimated that the expenses associated with product development 

and other product processes makes it difficult for new players to succeed. This in turn can result 

in a reduction in competition and work against worldwide economic growth. 

 

As the product has become more complex, validation and verification via measurement 

becomes more important. There are two possible ways to gain insight into a new product. In 

one, the actual product is instrumented with various sensors and measurements are taken. The 

benefit of this approach is that the system behavior is real and can be used for proof that the 

system complies with standards. The drawbacks are the costs, in money and time, of the testing, 

and that the results are case specific. Because these drawbacks are less significant for a high-

volume product, testing is an appealing in mass production.  

 

In the second, simulation models are used to gain insight into product performance. For 

example, a simulation could examine the influence of various parameters on system behaviors. 

The benefit of this approach is that it makes it possible to explore different structures cost 

effectively even before the product is manufactured. The drawback is that to trust the results, 

both the model and the simulation must be carefully verified. In low volume and customized 

products, this approach is appealing, because prototyping is no longer required to verify 

performance. 



 

Both evaluation approaches can be applied equally in building the data models. In addition, a 

hybrid combination of measured and simulated data can be used. See, e.g., virtual sensors (in 

this book chapter) and Kalman filters. 

 

Development in the use of computational models and simulations is rapidly progressing. 

Product development has changed radically over recent decades as it has become more 

computationally intensive (Dede et al., 2014; Pyrhönen et al., 2013, Kurvinen et al., 2016, 

Uzhegov et al., 2016). The use of computational models and simulations has remarkably 

increased the efficiency of research and development from concept design through selection of 

details to market release. As explained in other chapters of this book, computational models 

can be successfully used in many product processes such as marketing, service business, and 

user training. 

 

In a practical design procedure, decisions must be made regarding a multitude of parameters at 

every stage of the design task. This is a challenge for the designer, because design decisions 

significantly influence overall design and performance. Also, because the design target is 

typically difficult to express explicitly, the use of numerical optimization methods may not 

help to realize a successful product or service. Due to this suboptimal exploration of design 

space topologies and parameters, obtained results may be unsatisfactory. Software has become 

more dominant in product development, but time-to-market demands have remained the same 

or have even been shortened. Because of this schedule constraint, software development must 

begin early on in the design process, even before the first prototype is built. 

 

To ensure the overall optimal fulfilment of needs and constraints associated with a product, it 

is crucial to develop alternative tools that can extensively support the design, use and service 

of a product. To this end, this book chapter introduces a concept based on data-driven models. 

In this book chapter, data-driven models are introduced in the framework of multibody system 

dynamics. Their application in product development, product use, and service businesses are 

discussed. 

 

6.2 Concept of a Data-Driven Model 

 



Data-driven modelling is based on information and communications technologies. It is 

currently undergoing fast development. In data-driven models, data is provided for use in 

computational intelligence and in machine-learning methods, e.g., for system design or 

software design purposes. These methods feature a wide toolset that ranges from neural 

networks via Bayesian networks to random decision forests. Because the data represents a 

fundamental basis for decisions and conclusions, quality needs to be high and the amount of 

data should be sufficient. Simulation tools are often used in current R&D tasks, especially in 

high technology products, therefore simulation models provide a basis for virtual data 

collection. The benefit of virtual data collection is that radical changes can be studied and how 

parameters affect performance can be determined. Moreover, this information, which can 

include the effects on system behavior of faulty condition, can be stored. 

 

With the help of advanced simulation and sensing combined with communication technologies, 

it is possible to collect enormous amounts of data for use and to use this data to improve or 

optimize the product lifecycle. This offers new opportunities for companies to improve existing 

services and to develop new ones. In addition, advanced simulation, sensing, and 

communication enables and enhances the product’s capability to sense its operational 

environment and transfer that information to a central location for use in operational 

optimization. For example, a manufacturer of mobile machinery can collect operational records 

obtained from inboard electronics. These records can be used to optimize the service needs of 

existing products and minimize their energy consumption. They can also be used to examine 

safety and many other aspects in the development of future products (Alaei et al., 2019). 

 

In effect, new service innovations enable product-focused companies such as the 

manufacturing industry to increase the share and stability of revenue and profit, improve 

customer relationships by meeting the customer demands more precisely, and increase lifecycle 

management performance. New innovations such as data-driven models, need a vast amount 

of data and the technology still needs further development. However, new innovations help 

companies to differentiate themselves from their competitors and strengthen their market 

position as solution providers. 

 

Product-focused companies can expand their business by offering, for example, 

environmentally aware products, which are capable of producing even more data that becomes 

useful to the market as a whole. This in turn improves the usability of high-tech products and 



their lifecycle operation. One of the problems that arises with new types of services is that 

customers need to accept the collection of private data, which can be a difficult or sensitive 

topic for some. How best to handle the collection of private data is still an open issue. Although 

some companies have already successfully introduced data-driven industrial services, most 

manufacturing companies still struggle with the actual service innovation process of classical 

service development and need guidance and case examples before evaluating the potential 

benefits. 

 

In contrast to traditional industrial services such as maintenance and repair tasks, data-driven 

services require advanced technology and new competencies such as extensive IT knowledge. 

However, the transformation of a business from being product- and manufacturing-centric to 

being more software-focused requires innovation and new expertise. And all this must be 

integrated. Besides, the field of data-use in services is new for most manufacturers and adds a 

high degree of complexity to the development of services, because various internal and external 

stakeholders (e.g., IT departments, legal stakeholders as well as other partners and customers) 

must be integrated into the process (Kamper et al., 2018). In the following sections, the data-

driven paradigm is explored in detail. 

 

6.2.1 System Modeling 

 

Data-driven modeling has gained popularity due to an increase in computational performance 

and advances in statistical and machine learning methods (Montáns et al., 2019). It is applied 

across many science and engineering fields including mechanical engineering (Choi et al., 

2020), industrial processing, fluid and particle dynamics (Sanchez-Gonzalez et al., 2020), 

bioengineering, and chemistry. Especially, in mechanical engineering the data-driven approach 

was adopted recently, as the availability of data and interest in complex systems and materials 

has emerged (Montáns et al., 2019). 

 

Based on prior knowledge assumptions, models can be classified as white box, grey box, or 

black box. In a white-box model, the physics behind the process is known and the model is 

usually theoretically based. A black-box model is structured based solely on system input and 

output data. A grey-box model is partially theoretical and partially structured with data. 

 



The common use of a Deep Neural Network (DNN) promotes black-box modeling, because it 

is assumed that a DNN can accurately discover dependencies in complex data sets (Chollet, 

2018). This approach is user friendly, because the modeling phase can be omitted. However, it 

results in models that are far from optimally efficient and with poor generalization properties. 

The nonoptimal efficiencies are the result of the large number of parameters that comprise 

DNNs. The grey-box approach results in a more compact description. Nevertheless, a DNN 

can be optimized for a given application (by limiting the number of layers and neurons) and 

can take advantage of modern computational hardware by exploiting parallel execution. 

 

From a user perspective, the lack of generalization behind the data provided for black-box 

DNN models may be problematic. In practice it means, that the model that have learned a 

particular system can provide reasonable response only for that system and only for the range 

of inputs it was trained on. In many practical applications this is adequate, however, to build a 

versatile data-driven model of a complex system, important design choices must be made at 

the very beginning. Engineers must choose what parameters must be explicitly modeled and 

what is the range of those parameters. To model a car, for example, the number of passengers, 

their weight, shock absorber stiffness, tire size, chassis mass, etc., must be chosen in advance. 

For models like a car, there are thousands of parameters to choose from. The more parameters 

selected, the more difficult it is to construct a data-driven model. However, the more parameters 

selected can also result in a more universal model. Nevertheless, it is feasible to modify a 

neural-network-based model, and it often requires less effort and simulation data than it does 

to build a model from scratch. 

 

Recently a new network modeling approach has emerged that allows for generalization outside 

of the data provided – a physics-based neural network, i.e., network-based simulators. Such 

simulators use the data to directly to learn the physics behind behaviors. Graph networks are 

an important family of these methods (Sanchez-Gonzalez et al., 2020). In a graph network 

approach, the system is divided into basic components such as particles, bodies, and nodes. 

Next, the neural networks learn how the components interact with the environment and with 

each other. A model constructed using this approach can be reused in the simulation of a 

completely different system if it models the same phenomena. 

 

Compared to a black-box approach, network-based simulators require special modeling and 

training techniques to mimic the system of interconnected components (usually in the form of 



a directed graph) and to learn the rules instead of behaviors of the system. As such, network-

based simulators are grey-box systems. They have been successfully applied to model fluid 

dynamics and particle dynamics phenomena, which are both known to be computationally 

expensive and numerically challenging. 

 

Data-driven models are often trained on experimental data, however, data coming from virtual 

simulations is also useful. For this reason, there are three main approaches based on data 

sourcing: those based on measured data, those based on virtual test data, and those base on a 

hybrid approach where the model is first trained using virtual data and then using measurement 

data. Using experimental data is the most straightforward. The model is constructed based on 

system measurements. However, models based solely on virtual data are also useful, mostly 

because they are more efficient. 

 

Complex systems may take days or weeks to solve, which may be impractical in many 

applications. Therefore, engineers often create surrogate models1 that mimic simulation models 

closely but are less computationally expensive. In the hybrid approach, the model is first built 

using virtual data and then updated with experimental data. This approach is profitable, because 

virtual data are often easier to obtain, and experimentation costs time and money. Due to 

various factors, however, a virtual model may not be sufficiently accurate. Also, a model 

pretrained on virtual data requires less experimental data than when it is training from scratch. 

The hybrid approach makes it possible to achieve a high degree of accuracy with less effort. 

 

Data-driven models also make it possible to better understand and utilize the growing amount 

of raw data that is generated and collected during the lifecycle of a modern machine. The data-

driven approach extracts relationships from the data and offers accurate system responses 

without relying on classical laws and equations. Frequently, the data-driven model approach 

results in efficiencies that are higher than those of classical approaches. However, identifying 

the appropriate application is challenging, a lack of understanding of the underlaying laws can 

be a drawback, and model effectiveness and reliability are strongly case and objective 

dependent. Nevertheless, the data-driven paradigm is developing rapidly and becoming widely 

 

1 Surrogate models can be also created with experimental data, but this is less common. 



applicable. Recent advances in physics-based data-driven formulations will only reinforce that 

trend. 

 

6.2.2 Neural-networks-based data models and other methods 

 

The combination of Machine Learning (ML) and big data has been spotlighted as a robust tool 

for data-driven modeling in science and engineering. ML can easily find patterns in a big-data 

set. An artificial neural network is a versatile tool with excellent approximation capabilities 

that is often equated with the data-driven models themselves. It can mimic arbitrarily complex 

systems with reasonably small memory requirements and limited information about the system, 

and it makes the best possible use of provided data (Dreyfus, 2005). A traditional neural 

network can be more difficult to use. Mainly due to hardware restrictions, it usually comprises 

a limited number of computational units (neurons), and to obtain a satisfactory data model, its 

hyperparameters must be properly tuned.  

 

However, rapid computer hardware development, especially of GPUs and TPUs 2, have made 

possible the advent of the DNN. A DNN, which is based on the artificial neural network with 

multiple hidden layers between input and output layers, enables the handling of complex 

nonlinear functions with multi-dimensional input data. A well trained neural network provides 

precise pattern recognition based on data sets in real time. These features of the ML approaches, 

big data recognition and the real time estimation of nonlinear functions, are attractive to 

dynamics and control engineers who are handling nonlinear system dynamics applications such 

as railways, vehicles, gaits, robotics, tracking, etc., with real-world data. 

 

DNN promises to solve most problems using a more general architecture, therefore limiting 

the number of hyperparameters from which to choose (Chollet, 2018). They also require far 

less data preprocessing in comparison with earlier solutions. For example, it is perfectly fine 

to input raw sensor data or raw camera image into a DNN and still expect to obtain excellent 

quality output. The DNN architecture, with multiple layers, will take care of the filtering and 

processing of the input data. Moreover, as machine learning develops, standard network 

 

2 Graphical processing unit and tensor processing unit – hardware units of the modern computers with enormous 

computational capabilities due to dedicated parallel processing architecture. In comparison with CPU (central 

processing unit) GPUs and TPUs can process more data per time unit but are restricted in the number and 

complexity of available operations.  



patterns and complete pre-trained networks have become available. One of the best developed 

areas in the DNN community is image processing and pattern recognition, which boast ready-

made solutions trained on millions of images that can be applied in, e.g., imaged-based control 

units. 

 

However, neural networks have limited prediction capability 3. Therefore, responses from a 

neural-network-based model given input far removed from the data it was trained on may lead 

to unreliable system responses. 

 

Aside from neural networks, there is a whole family of methods that can be used to construct 

data-driven models of many kinds. These include support vector machines, classification and 

regression trees, Naïve Bayes, and random decision forests. These methods will not be 

described here in detail. Interested readers are referred to the literature, e.g. Brunton and Kutz 

(2019). 

 

6.2.3 Data-driven models in the Multibody Framework  

 

The multibody framework provides methods for computationally efficient and accurate sources 

of data. It enables achieving realistic behaviors under real-time constraints so that the virtual 

representation of a machine behaves like the actual machine. Depending on the objective, 

multibody-framework-based simulation models can provide surrogated models of differing 

complexity. These can be classified as physics-based multibody dynamics modeling for local 

components (which means the nonlinear system identification) or system level multibody 

dynamics modeling and simulation. 

 

Conventionally, data-driven multibody dynamics models have been used successfully for noise 

data filtering, reliable black box modeling from experimental data, uncertainty quantification 

in a probabilistic sense, nonlinear parameter identification in governing equations, etc., (Choi  

et al., 2020).  The aim of these data driven approaches is system identification to construct 

multibody models that accurately reflect the physics. The model for identification has focused 

on local component approximation (joints, bushings, bearings, contact surfaces, etc.) based on 

 

3 Not to be confused with their excellent approximation capabilities. Here prediction refer to providing output 

form outside of training domain. 



a single and/or a few points. Recently in a more advanced approach, massive multipoint 

approximation based on a small number of data points is being used in global approximation. 

Points from the whole domain of interest are utilized.  

 

System level multibody dynamics modeling and simulation is the more interesting approach 

for multibody system dynamics. The robust features of the ML approach can make it possible. 

Using a DNN-based surrogated model, time varying results such as displacement, velocity, and 

acceleration can be predicted in real time without directly solving the governing equations of 

multibody dynamics. Among the various DNN methods, Feed Forward Networks, with hidden 

layers and non-linear activation functions, may be the simplest approach. 

 

The reliability of the surrogated model mainly depends on identifying the appropriate hyper-

parameters such as the number of hidden layers, the batch sizes, the number of epochs, the 

types of optimizers, etc. Consequently, well-trained surrogated simulations based on a 

multibody framework can accurately estimate time varying system responses in real time. The 

approach promises excellent potential for virtual reality, dynamics and control, digital 

twinning, cyber-physical systems, etc. However, in the ML multibody approach, the quality of 

the data used in the training process is critical and prerequisite for the reliability of the trained 

surrogated model. 

 

6.3 Applications of Data-driven models 

 

There are various potential uses for data-driven models. With data-driven models, the 

development process becomes accessible to the broader spectrum of stakeholders. Figure 6.1 

illustrates the different areas where data models can be employed and their potential benefits 

and accessibility to the broader stakeholders. 



 

Figure 6.1. Data-driven models and their potential uses and benefits and accessibility. 

 

One area where the data models can be exploited directly is in design optimization, for 

example, of a genetic algorithm where the best combination that fills the objective the best is 

identified. In addition, the data models can be used in control design for reinforcement learning 

or fuzzy systems. This makes it possible to develop control algorithms that yield the desired 

performance. This are only a few practical examples. The potential of using models like these 

in other applications is significant. The research is active and taking shape, and the main focus 

is on identifying the cases where the value gained is high enough to warrant implementation 

from the business perspective. 

 

The data models can be at different complexity levels. On the smallest scale a single component 

can be approximated with a neural network. It may be, for example, a complex nonlinear 

spring-damper element, sophisticated friction model, or some magic formula. On a larger scale, 

a sub-system (or complete system) can be replaced by its surrogate. As system size and 

complexity increases, it becomes more difficult to design the data model architecture, the 

solution becomes less universal, and the demand for data from simulation grows. Large 

systems, which are intrinsically complex, highly nonlinear, and have many more parameters, 

are more difficult to accurately and efficiently solve. However, the benefits are also greater. 

The potential uses and benefits associated with data-driven models will be discussed in more 

detail in the following paragraphs. 

 



6.3.1 Research and Product Development  

 

Because they can influence a manufacturing company’s competitive success, sales, adaption, 

and renewal; research and product development are essential. The R&D approach offers 

benefits for both the product development cycle and the product itself. For example, good R&D 

results in better concept design and material savings in the final product. These can be 

optimized based on data from a larger pool of potential users than would be available using 

classical marketing research methods. 

 

This data-driven method can be used in companies that have a complex and expensive 

production process. Factories that are responsible for developing agricultural machines, for 

instance, apply a lot of effort and resources during the model development process. Therefore, 

a tool that can minimize risks and test machine settings before producing the first actual 

prototype is well received. This is how the data-driven methods can be utilized during the R&D 

process. Because the simulation model makes it possible to quickly do design iterations, data-

driven methods have proven to be effective for machinery design. 

 

Receiving customer feedback effectively during the early phases of product development is an 

important benefit of a data-driven process, as it enables the involvement of a large group of 

potential users in the development process. To better involve potential users though, game-like 

elements can be added to the testing platform. Indeed, gamification can boost the commitment 

of test users and even encourage the participation of yet a larger number of participants 

(Khadim et al. 2018; Khadim et al. 2020). 

 

6.3.2 Enhanced Operation 

 

Data-driven models can be applied to a company’s different operations to enhance their 

operational and performance levels. For a machine operation, it is essential to have information 

regarding the machine state to optimize its performance (Liu et al., 2002). This can be 

accomplished in practice by using a large number of sensors. Information from sensors can be 

combined to get an understanding of the machine state. However, this requires that a large 

number of sensors be used. Alternatively, the machine state can be determined using a limited 

number of sensors combined with a data model. 

 



Data-driven technology is evolving quickly and finding its way into specific industrial 

applications, such as data-driven models, and its accurate physics-based representation resolves 

real-time problems by producing meaningful and timely data on product behaviors. That being 

said, this new field of technology is not fully mature and is currently exploited only for limited 

uses, so there are many benefits yet to be discovered and proven. 

 

6.3.3 Maintenance and service   

 

Digitalization has impacted the way that companies do business in different ways. It has also 

started new trends. The easy availability and mobility of information brings the world to us and 

also expands the marketplace so that internationalization and cooperation can expand 

businesses and succeed in the near future. The new technologies brought by digitalization, such 

as the industrial internet and artificial intelligence and data driven technologies, are rapidly 

changing both products and, in particular, related services. Data-driven technologies can bring 

new service-business opportunities and increase revenue. They also enable new service and 

solutions business in terms of software, IT, and expert services. The rapid development of 

digitalization technologies and the subsequent changes in the market provide opportunities for 

new forms of service business that can be supported e.g., through research and development. 

(Cheng et al., 2020). 

 

6.3.4 New business opportunities  

 

Data-driven models essentially offer easy access to the dynamics of a product. This feature can 

be used to offer new services and previously unattainable levels of product features for the 

customer. The data-driven models based on simulation approaches enable overcoming the 

limitations in the scalability, data processing, experimentation, rate of changes, as well as 

spatial and temporal restrictions inherent to operating only on the basis of tangible, physical 

products and processes. The concept of combining business and technology is far from 

traditional, and therefore it requires making radical changes in current work processes 

(Ikävalko et al., 2018). 

 

6.3.5 Supporting sales and purchase 

 



Data-driven modeling can also be used to study different scenarios in a timely manner. 

Therefore, it has the potential to support product or process sales to verify and demonstrate 

performance in required situations. In case of simulation-based data systems, it also provides 

the opportunity to operate the product using the customer’s configuration prior to 

manufacturing. (Alaei et al., 2018). 

 

Because this way of doing things is notably different, there are major challenges to adopting 

data-driven modeling to enable new business possibilities. In current business models, products 

or processes are stationary. With simulation-based data modeling, they should be considered 

more as a part of the environment, because they can interact closely with their operating 

environments. Because the new data models involve training data, they will be quite reliable 

and dependable. However, as a result, there is higher demand for accurate data, so to be able 

to make correct informed decisions, the validity of the data needs to be carefully verified. 

 

6.4 Conclusions 

 

Data-driven services are new and are resulting in innovative business models that can improve 

the existing business models of many manufacturing companies. They hold great potential for 

the creation of unique selling points, and they improve the differentiation of companies in 

highly competitive markets. But the technology is still raw and needs to be further developed. 

Digitally connected products and services can enable new business opportunities for data-

driven services that can support company growth, markets, or the commercialization of 

products when data-driven services are embedded and integrated into existing processes. Data-

driven models can create value and new business opportunities for companies in different ways. 

The increase in value reflects on every part of the supply chain, from the provider to the 

customer. While quality requirements are becoming more stringent and technology levels are 

getting continually higher, companies are struggling with product processes that can be helped 

with data-driven models. The concept of the model is currently developing rapidly, which is 

fueling a lot of research and testing. 
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