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This bachelor’s thesis focuses on machine learning surrogate modeling approach used in 

electromechanical systems and electrical components. Modern electromechanical systems 

essentially include mechanical, electronic, and computational technologies which could 

create complex tasks systems. These complexity systems need precise coordination in 

components and data processing, especially in unknown conditions. As a result, surrogate 

modeling is particularly important in these conditions. These model systems with data-based 

can simulate and predict the behavior of electromechanical systems in advance, which is 

important in system design, control strategy formulation and performance optimization. This 

thesis will focus on surrogate modeling methods of finite element models with neural 

networks. The thesis will also explore how to use data learning to optimize surrogate models, 

which included all aspects of data collection, processing, and model training. In addition, it 

also discusses the advantages and limitations of machine learning surrogate modeling 

approach and will present its application in electromechanical systems. 

Finally, the thesis discusses the challenges of current methods and possible directions for 

future development. Surrogate models reduce the system's dependence on physical 

experiments and complex mathematical modeling, which is an important method for design 

and analysis of electromechanical systems and electrical components. It will make a 

important position in intelligence and automation in the future.   
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SYMBOLS AND ABBREVIATIONS  

 

Roman characters 

x                  the feature variable to be normalized   

xscaled                the resulting normalized value 

xmin              the minimum value  

xmax              the maximum value 

µ                 the mean value of the feature variable 

σ                 the standard deviation of the feature variable 

θ                 the model parameters  

u                 the time series input  

 

Abbreviations 

AI Artificial intelligence 

ANNs           Artificial neural networks 

CNN             Convolutional neural network 

EM               Electrical machine  

FEM             Finite element method 

GBDT          Gradient boosting decision trees 

GP-NARX    Gaussian process regression 

LSTM           Long short-term memory network  

ML Machine learning 

NN Neural network 

PMSM          Permanent magnet synchronous machine  
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1  Introduction 

Classical definition of electromechanical systems is those systems that combine electrical 

and mechanical components. These systems use electrical signals to control mechanical 

action or generate electrical energy from mechanical motion. The design and application of 

electromechanical systems cover many fields, from everyday products to high-end industrial 

equipment. However, to be more specific electromechanical systems are an interdisciplinary 

field that integrates mechanics, electronics, computing, and control engineering into the 

design and development of intelligent systems. This field emerged in the late 1960s and can 

be considered as  a fusion of mechanical engineering and electronics. (Habib, 2007) Over 

time, electromechanical systems have evolved to include elements of artificial intelligence 

(AI), cybersecurity, telecommunications, optical engineering, systems, and controls, to name 

but a few. (Gupta et al., 2022).   

Electromechanical systems are widely used in many fields, from household appliances in 

daily life to advanced industrial robots and energy systems. For example, wind power 

generation in the energy system (Yan et al., 2020), wind power generation is a process of 

converting wind energy through mechanical system into electrical energy, which is usually 

achieved through wind turbines. These turbines are typical example electromechanical 

systems, which cover mechanical parts and electrical parts, such as blades, gearboxes, 

generators and control systems. Similarly, robot arms also belong to electromechanical 

systems which is a highly complex electromechanical system and widely used in 

manufacturing, surgery, and exploration tasks. They require precise control and feedback 

information through measurements to perform delicate operations. (Kadjie et al., 2017) 

Another example of electromechanical systems is high-speed trains. High-speed train 

technology is a new transportation way with integrates advanced mechanical and electrical 

engineering, which enables high speed and efficient long-distance transportation. 

(Colombaioni et al., 2005) These train systems include electric motors, power transmission 

systems, control systems, etc., which needs precise design and control strategies in 

electromechanical systems to ensure safe, reliable and economical operation. 

In the design of electromechanical systems and electrical components, simulation and 

analyzation using finite element modelling (FEM) is very important methods to understand 
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the fundamental the behavior of these systems. They are also the key tools for predicting 

performance and optimizing design (Tahkola et al., 2020b). However, the complexity of 

modelling these systems often results in heavy computational burdens. In order to solve this 

problem, researchers and engineers began to try to use the machine-learning (ML) surrogate 

modeling method (Wang, 2020). Machine-learning surrogate modeling method can be used 

to train neural-network-based model to analyse complex behavior of systems, significantly 

reducing simulation time while maintaining high accuracy.  

ML-based analysis as part of system/component design cansignificantly improve the 

performance, reliability, and efficiency of systems. The algorithms in machine learning 

surrogate modeling are useful in the system simulation which could predict system failures, 

optimize operational parameters, and could also improve the whole systems’ functionality. 

These capabilities are particularly important for the Fourth Industrial Revolution (Rahman 

et al., 2023). 

The most common method of surrogate modeling to explain the complex models is using 

the original data inputs and the complex model’s predictions to create simple linear 

regression or decision tree model. Surrogate modeling can be used to predict potential faults, 

problems and defects before manufacturing the products, so that it could reduce the costs 

and time during the development process of products. (Hürkamp et al., 2021) At the same 

time, it can analyse the operating process and optimize the system to improve product 

performance and quality in a virtual environment. As a result, it reduces maintenance costs. 

In addition, surrogate modeling can help engineers evaluate to find the best choose in 

multiple models. (Karolius et al., 2016c) Finally, machine learning surrogate modeling could 

predict the system performance in different conditions with simulating the system and 

optimize it to get better results. So, this thesis will focus on machine learning surrogate 

modeling approaches in electromechanical systems and electrical components.  
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2  Machine-learning surrogate modelling approaches 

To apply machine learning algorithms to produce surrogate models from high-fidelity 

models, one need to follow certain procedures related to data-driven modeling. First it is 

important to define the modeling problem, understand the quality and descriptiveness of the 

data, reasonably design the data processing process, properly arrange the training of the 

model and finally validate the obtained model. Following the usual machine learning 

application sequence, the machine learning modeling process involves several important 

steps that are shortly introduced in this Chapter.  

2.1  System modeling and data collection 

System modeling and simulation are essential steps in the process of developing surrogate 

models, especially for complex physical and engineering systems. (Wang & Behandish, 

2022) These steps involve creating detailed representations of the systems of interest and 

then using computational methods to simulate their behavior in various conditions. This in 

practice means that a FEM model or multi-body dynamics model is build that gives the 

possibility to carry out simulations, focusing on the specified conditions. Naturally, this 

process generates the data necessary for training surrogate models, which aim to predict 

system behavior accurately while significantly reducing computational time compared to 

traditional simulation methods. Also, an important remark must be made, often it is the case 

that the trained model can only represent the dynamics within the boundaries of the data 

(limits of the collected signals) so the simulations for data-generation should cover the range 

of interest. (Ahmed et al., 2023)  

Thus, the most important step is obtaining valid data for to be used in machine learning 

modeling in order to obtain adequate system models. The process of generating data for 

surrogate models, especially in the context of FEM simulations, multibody analysis, and 

electromechanical systems, is multifaceted and often involves both the generation of 

simulation data and the integration of experimental data. (Tahkola et al., 2020b.) This step 

may be a one-off or ongoing and requires careful planning and execution. During the data 
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collection process, data-analysist or the system modelling engineer should consider data 

acquisition issues from the following aspects. 

2.1.1  Data format 

In general, in different machine learning problems, the data can be in different forms. 

Obviously, different processing methods are required for different types of data to make it 

useful for the training process. In the case of simulation-based surrogates the data is 

represented in numerical values that are used to fit the best describing models via machine 

learning. As mentioned above, this numerical data serves as the cornerstone for developing 

models that accurately represent the underlying phenomena being simulated, thereby 

facilitating the fitting of the most descriptive machine learning models. (Xu et al., 2021) 

Moreover, the methodology employed for data acquisition, whether it be through batch or 

streaming processes, plays a crucial role in determining the data handling approach. Batch 

processing often deals with substantial volumes of data at once, which might require 

leveraging big data technologies to efficiently manage and process the information. 

Depending on the high-fidelity model and the required sample time, the amount of generated 

data might be varying, potentially resulting in large file sizes. (Cheung & Mirkhalaf, 2024) 

It’s essential to consider the storage capacity and the processing power available to handle 

the data effectively both for pre-processing and learning stage.  

2.2  Data processing 

The raw simulation data often require processing to be used effectively in training machine 

learning models. This can include normalization, dimensionality reduction, or feature 

selection to highlight relevant information for the surrogate model (Hou & Behdinan, 2022). 

In the case of machine learning problems, the data is needed to be modified into useful form 

by cleaning, transforming and preprocessing the data. For example, the main purpose of data 

cleaning and conversion is to detect the quality of the data and make reasonable 

improvements on data quality, thereby avoiding unnecessary errors during the model 

training phase and later in the implementation stage.  
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2.2.1  Data normalization 

The background of data normalization is that there are many data dimensions or features 

involved in modelling, but these features are usually at different scales, i.e. signals with 

different amplitude varying levels. Normalizing the data means converting all features into 

the same scale range. A great benefit of data normalization is that it enables faster 

optimization of many machine learning algorithms, such as those involving gradient descent 

(Donges, 2023). However, there are also some algorithms that are not sensitive to data 

normalization, such as algorithms based on decision trees (Shastri, 2022). Therefore, 

whether to perform data normalization depends on the specific algorithm used in the model 

and the data-analysist/modeler’s understanding and evaluation of the problem. There are two 

commonly used data normalization methods.  

The first approach is so-called min-max normalization (Patro & Sahu, 2015), that can be 

written  

      𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 ,                               (2.1) 

where x is the feature variable to be normalized, xmin is the minimum value of the feature 

variable, xmax is the maximum value of the feature variable, and xscaled is the resulting value 

after normalization, ranging from 0-1. It is important to note that xmin and xmax are the 

minimum and maximum values found in the data. (Patro & Sahu, 2015)  

When predicting new data, some extreme situations need to be considered, such as special 

situations that may exceed the minimum and maximum values, causing the normalized new 

feature value to exceed the range of 0~1. This requires consideration in advance whether this 

accidental crossing of the boundary will have an adverse impact on the model prediction. If 

there is a potential risk, corresponding exception handling needs to be carried out, such as 

resetting the value beyond the range to 1. 

The second approach applied for data normalization is Z-score standardization (Ciaburro et 

al., 2018) expressed as 

      𝑥𝑠𝑐𝑎𝑙𝑒𝑑 =
𝑥−µ

𝜎
 ,                               (2.2) 

where x is the feature variable to be normalized, µ is the mean value of the feature variable, 

and σ is the standard deviation of the feature variable. (Ciaburro et al., 2018) If the 
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distribution of x is close to the normal distribution, then the distribution of the new feature 

variables after normalization is approximately a standard normal distribution with a mean 

value of 0 and a variance of 1.  

2.2.2  Handling missing data values 

When dealing with practical problems, real data can have so-called missing values, and the 

established model can usually only handle complete data, so the processing of missing data 

points might be a crucial step. Models usually use a large amount of training data collected 

and trained offline. (Koziel & Pietrenko‐Dabrowska, 2022) In a one-time modeling 

process, if the amount of data is large and discarding data points with missing values will 

not cause any systematic bias, one can can consider simply removing the data with missing 

values, thereby simplifying the missing value processing process. One should carefully 

check the feature variables with missing values and count the proportion of missing values. 

As the proportion of missing values increases, the benefits of completing missing values will 

gradually decrease, and even cause deviation. (Hou & Behdinan, 2022) If the characteristic 

variable type that needs to complete missing values is a string type, enumeration type or 

categorical variable, the most common enumeration value of the variable is usually used to 

replace the missing value.  

2.2.3  Handling data imbalance 

Data imbalance means that in classification prediction problems, the distribution of the data 

itself makes the proportion of each category very different. When modelling data, the ideal 

situation is that the prediction types of the data are not much different, because balanced data 

makes the convergence of the model fitting algorithm and the evaluation of the used 

algorithm relatively easy and accurate. (Koziel & Pietrenko‐ Dabrowska, 2022) As 

introduced in the previous model evaluation chapter, unbalanced data types may make 

certain evaluation metrics misleading. 

It should be noted that the balanced data only needs to be used when training the model. 

When verifying and evaluating the model effect, using real-scale data will be closer to the 
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actual situation, thus more truly reflecting the model’s prediction effect and the actual 

situation. 

2.3  Model training 

Model training is the process of using created model methods to learn data experience，

which also needs to be combined with model evaluation to adjust the hyperparameters of the 

algorithm and select final model with better performance. Model training and refinement 

feature engineering is based on professional knowledge of data sources to constructing more 

appropriate or better feature variables, so that the machine learning algorithm can give better 

prediction results. It will greatly improve the predictive ability of machine learning 

algorithms with nice feature engineering.  

The training process of the model is to learn from data experience to obtain a better model 

and corresponding parameters, for example, the neural network finally learns a better weight 

value. (Torres, 2021) The entire training process also needs to be controlled and optimized 

by adjusting hyperparameters, such as the number of neural network layers and the learning 

rate of gradient descent. (Wu et al., 2019) Adjusting hyperparameters is an empirical process 

based on the details of the data set, model and training process. It requires parameter tuning 

based on the principle understanding and experience of the algorithm, with the help of the 

evaluation of the model on the validation set. In machine learning surrogate modeling, 

hyperparameter tuning is an important part of the model training process. Hyperparameters 

refer to parameters that need to be determined before model training, such as learning rate, 

maximum depth of decision tree, number of layers of neural network, etc. (Bergstra & 

Bengio, 2012) Appropriate hyperparameter settings can significantly improve the 

performance of the model. In addition, there is automatic parameter tuning technology like 

grid search, random search and Bayesian optimization, just to name but a few. The grid and 

random search are depicted in Fig. 2.3 as an illustrative example. (Bergstra & Bengio, 2012)  
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Figure 2.3. Grid search and Random search (Bergstra & Bengio, 2012)  

The examples in Fig. 2.3, which is two widely used hyperparameter tuning methods named 

the grid search and random search. It improves efficiency with automating the process of 

selecting optimal parameter values to get better model performance. Comparing the 

hyperparameter space of two methods in figure 2.3, the random layout shows that Random 

search explores the space more widely. Grid search for optimal hyperparameters through all 

possible combinations of hyperparameters. (Bergstra & Bengio, 2012) Grid search sets a set 

of candidate values firstly for each hyperparameter, and then generates the Cartesian product 

of these candidate values to form a combined grid of hyperparameters. In order to get the 

best performing hyperparameter combination, grid search train and evaluate each 

hyperparameter combination. Random search randomly sample combinations of 

hyperparameters. (Bergstra & Bengio, 2012) Compared to grid search, random search will 

not examine all hyperparameter combinations, instead evaluating a certain number of 

combinations from the hyperparameter space randomly. Random search has a small amount 

of calculation and can search a better hyperparameter combination with time time. There are 

arguments in favor of one approach over another for superior performance, but choosing one 

over the other may depend on specific issues, for example, random search is more suitable 

of higher search spaces and lower complexity of time. (Bergstra & Bengio, 2012).  



 15 
 

2.4  Model selection and decision  

After the above key modeling steps, theoretically, relatively clean and standardized 

modeling data has been obtained. The next step is to choose the most appropriate model. The 

decision-making model is the goal of machine learning and it analyzes and interprets the 

model prediction information and applies it to actual work fields. (Janiesch et al., 2021b) 

Machine learning must not only have good learning and prediction capabilities for training 

data during the training process, but also have good prediction capabilities for new  and 

unseen data, so it is crucial to objectively evaluate and make decisions about model 

performance. Data analysist usually evaluate the performance of the model based on the 

indicator performance of the training set and test set. The important thing is that the effect 

of model operation directly determines the success or failure of the model, not only its 

accuracy, error, etc. must be considered. (Janiesch et al., 2021b) The running speed, space 

complexity and stability of the model are also taken into consideration. It is very important 

for model security that detect the model stability. The stability of the model changes will let 

the feature distribution of data changed, which needs to re-test the real result of the models.  
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3  Examples of machine-learning surrogate modelling in 

electromechanical systems  

There are many applications of machine learning surrogate modeling in electromechanical 

systems and electrical component design. It is an important area where surrogate models are 

used to optimize the design of systems, such as improving the efficiency of electric motors 

or optimizing structural components of machine. Another application area of surrogate 

models is the modeling of system dynamics and control. Especially in accurate control 

systems, like robotic arms or aerospace systems (Gao et al., 2023), surrogate models can 

predict system dynamics in various conditions which helps to develop more effective control 

strategy.  

In the literature review, there are many relevant examples of using machine-learning 

surrogate modelling of systems. Below, are two example cases of surrogate training; one 

involves machine-learning surrogate modelling of electrical machine torque using artificial 

neural networks (ANNs) (Tahkola et al., 2020b) and the other focuses on nonlinear dynamic 

systems (Zhao et al., 2022).  

3.1  Case example 1: surrogate modeling of electrical machine torque using 

artificial neural networks  

The example discussed in (Tahkola et al., 2020b) analysed surrogate modeling based on 

neural network (NN) of electrical machine torque. The article aims to create high 

computational efficiency surrogate models with data-driven approach to train surrogate 

models to improve computing speed for applications. The surrogate modeling workflow in 

(Tahkola et al., 2020b) are FEM-based data generation, data sampling, preprocessing and 

surrogate model training. The study provided comprehensive analysis of surrogate modeling 

in electric machines demonstrating that machine learning surrogate modeling techniques of 

electric machine could improve simulation efficiency without affecting accuracy.   

The literature (Tahkola et al., 2020b) also compared the accuracy and computational 

efficiency of data results in ANN and gradient boosted decision trees (GBDT) in surrogate 
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models. It also indicated different data sampling methods and their impact of the accuracy 

of the ANN surrogate model. (Tahkola et al., 2020b) introduces hybrid models with physical 

method and ANN method and compares them to non-hybrid ANN models. Finally, it 

analysed development time of alternative model  and the efficiency of computational 

runtime.  

The results in (Tahkola et al., 2020b) demonstrate that the hybrid NN model has better 

accuracy than GBDT method and is more efficient than FEM-based simulation, when the 

acceleration factor exceeds 2000. On the other perspective, the studies also analyse the 

challenges such as the large training datasets and the need to balance the model accuracy 

and computational efficiency. The flowchart in Fig. 3.1 shows the steps in the process 

presented in (Tahkola et al., 2020b).  

 

Figure 3.1. A flowchart overview for surrogate modeling of electrical machine torque using 

artificial neural networks. 

The process starts with FEM-based data generation, where physics-based simulations are 

used to simulate the operation of the motor. The FEM model has been build based on 

definition for the machine geometry and material properties and then discretized into the 

computational domain into finite elements. The next step is to preprocess the data and choose 

appropriate settings and input parameters for simulation to make sure the training data of the 

surrogate model is diverse and representative to prepare it for training the surrogate model. 

After getting the training date, which is obtained from the simulation, next is to train the 

artificial neural network, comparing its performance with other modeling techniques. 

Standardize data, handle missing values, or other data transformations is to make the 

modeling process more efficient. In (Tahkola et al., 2020b) the author’s compares the 

performance of neural networks and gradient boosted decision trees in the modeling of 

PMSM torque behavior. Metrics such as surrogate accuracy and computational efficiency 
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were considered in the evaluation. Data-driven surrogate models, specifically ANNs and 

GBDT are trained using pre-processed simulation data. Training involves finding the best 

model architecture and learning parameters through hyperparameter optimization. After 

validation and optimization of the model, the surrogate model is applied to predict the motor 

torque. Finally, the results are discussed, and the accuracy of the selected hybrid neural 

network is better than the gradient boosting method and close to the finite element 

simulation. In addition, compared with finite element simulation, the running efficiency of 

the hybrid model is significantly improved, with a significant acceleration factor. 

3.2  Case example 2: surrogate modeling of nonlinear dynamic systems  

The article (Zhao et al., 2022) focuses on comparing four types of surrogate modeling 

methods for nonlinear dynamic systems, namely Gaussian Process-NARX (GP-NARX), 

long short-term memory (LSTM), convolutional neural network with LSTM CNN-LSTM 

that is combination of CNN and LSTM, and CNN with bidirectional LSTM (CNN-LSTM). 

The comparative study highlights the importance of selecting an appropriate surrogate 

modeling approach based on the specific requirements and characteristics of the nonlinear 

dynamic system being modeled. It also mentions the complementary of traditional machine 

learning methods and new deep learning methods in the field of surrogate modeling. These 

models are important for the long-term prediction of future behavior of dynamic systems 

with short-term training data. It aims to reduce computational costs and maintain or improve 

prediction accuracy at same time. The whole process involves a feedback loop in which 

continuously completed the model’s predictions according to the new data, analyze errors, 

and accordingly updated the model. It is important for this method that develop robust 

surrogate models which can accurately simulate complex dynamic systems. The article 

(Zhao et al., 2022) also mentions the idea of incremental recursive scheme for model 

prediction, where surrogate model is used iteratively to update its own predictions to mitigate 

error accumulation. 

The model in the article (Zhao et al., 2022) use the nonlinear autoregressive framework with 

exogenous inputs for recursive long-term forecasting and three numerical examples for 

comparative analysis. Compared to deep learning-based methods (LSTM, CNN-LSTM, 

CNN-LSTM), the studied examples in the article (Zhao et al., 2022) found that GP-NARX 
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models tended to achieve more stable performance with less tuning effort. The article (Zhao 

et al., 2022) also discusses the limitations, advantages, computational requirements, and 

application potential of each model, aiming to guide the selection of surrogate models and 

provide insights into the computational challenges and how surrogate modeling can be 

achieved without compromising accuracy. Make effective predictions in the design and 

analysis of nonlinear dynamic systems. Figure 3.2 shows the step-by-step process for 

surrogate modeling of nonlinear dynamic systems discussed in the article. 

 

Figure 3.2. Flowchart overview of surrogate modeling for nonlinear dynamic systems  

(Zhao et al., 2022) 

Sample generation represented in Figure 3.2a) is the generation of samples for model 

parameters θ and time series input u. The model parameters are selected using techniques 

such as Latin Hypercube sampling, and the time-series inputs are typically past system 

responses or control inputs. Data collection depicted in Figure 3.2b) is performed by using 

the generated samples to stimulate the dynamic system and recording the system’s responses. 

This data is important for training surrogate models. The next step is data preprocessing 
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which showed in Figure 3.2c). It is to preprocess the collected data to format data for training 

to perform modeling which is about data standardization and structuring the data into 

machine learning model form. Surrogate modeling in Figure 3.2d) is to build surrogate 

models by using pre-processed data, including Gaussian process regression (GP-NARX), 

long and short term memory network (LSTM), and convolutional neural network with 

LSTM (CNN-LSTM) and CNN with LSTM (CNN-BLSTM). The model is designed to 

simulate the dynamic behavior of the original system with high accuracy at low 

computational cost. In Figure 3.2e), it shows model prediction and validation which test the 

performance of alternative models. It used the surrogate model to make predictions and 

compare those to actual system responses to verify the accuracy of the model. 

The conclusion in (Zhao et al., 2022) is that the authors propose to use their respective 

frameworks to train on datasets derived from nonlinear dynamic systems to predict future 

system behavior with different model structures. The result shows the effectiveness of stable 

performance and lower tuning requirements of GP-NARX, and the deep learning model 

shows the potential of high accuracy, but the cost is that the computational complexity 

increased. Research indicates that although GP-NARX models generally provide robust and 

labor-intensive tuning, deep learning methods can provide better predictions for specific 

situations, especially when it involves large datasets or complex data structures. However, 

deep learning methods require large computing resources. Due to its robustness and ease of 

use, the study of (Zhao et al., 2022) recommend starting with the GP-NARX model, and 

considering the deep learning models for specific applications which require unique 

capabilities. 

3.3  Disadvantages and advantages in surrogate modeling 

Machine learning surrogate modelling of different systems has a range of advantages and 

disadvantages. This means it needs to balance advanced computing techniques and the 

complexity of the studied systems. Although it proved that surrogate modeling is a valid 

approach for complex system entities, they still have certain advantages and several 

disadvantages. Some of these are listed in Table 3.1.   

  



 21 
 

Table 3.1. Advantages and disadvantages of surrogate modeling 

Advantages Disadvantages 

Efficiency in computation in simulation 

enviroments: Surrogate models, being less 

computationally intensive than high-fidelity models, 

allow for faster simulations (Vardhan et al., 2022). 

This is particularly beneficial in optimization tasks 

and real-time applications. 

Risk of overfitting: Machine learning models can 

overfit to the training data, especially if the data is 

noisy or limited, leading to models that do not 

generalize well to unseen data (Nguyen, 2011). The 

model order should be selected case-by-case seeking 

the best descriptive model. 

Handling high-dimensional data: Machine 

learning models are adept at managing and 

extracting useful information from high-dimensional 

data, that is for example a common scenario in 

electromechanical systems. (Aggarwal & Aggarwal, 

2023) 

Lack of transparency: Complex NN machine 

learning models are often seen as limited 

interpretability "black boxes", which can be a 

drawback in applications requiring clear 

understanding and justification of model decisions. 

Thus, the model can lose its physical meaning. 

Predictive power: These models can provide 

accurate predictions even in the face of nonlinear 

and complex system behaviors, which are typical in 

electromechanical contexts (or in most systems in 

general). 

 

Data dependency: The performance of these 

models is heavily reliant on the quality and quantity 

of the training data (J. Chen et al., 2023). Inadequate 

or biased data can lead to poor model performance. 

Thus, care should be considered when data is 

generated from simulation.  

Cost-effectiveness: Reduced reliance on physical 

prototyping and testing can lead to significant cost 

savings, as surrogate models can substitute for 

expensive experimental procedures and actually 

become a tool for fast-prototyping of different size 

of components. 

Model complexity and training: Creating and 

training an effective machine learning model can be 

complex and time-consuming, requiring specialized 

knowledge and resources (Jenis et al., 2023). 

Facilitating optimization and design: Surrogates 

based models enable more efficient exploration of 

design spaces, helping engineers to optimize system 

performance and identify novel design solutions. 

Sensitivity to changes: Surrogate models may be 

sensitive to changes in system parameters or 

operating conditions, necessitating regular updates 

or retraining (Jenis et al., 2023). 

Data utilization: Machine learning models can 

leverage existing datasets to improve understanding 

and predictive accuracy, making effective use of 

historical data. (Jenis et al., 2023) 

Validation and verification: Validating the 

accuracy and reliability of machine learning models 

can be challenging, especially when dealing with 

complex systems whether the correct/true outcome 

or state of a system is uncertain or challenging to 

validate. 
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Although machine-learning surrogate modeling has many significant advantages in 

computational efficiency, optimization, and predictive capabilities, it also brings some 

challenges which is related to data dependency, model complexity, and interpretability. 

(Wang, 2020) That is a common problem in NN modelling problems. As a result, it’s crucial 

that balance these factors in the effective application of these models in system design and 

analysis.  
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4  Conclusions 

Machine learning surrogate modeling technology is an advanced method in 

electromechanical systems and electrical components.  They are particularly useful in areas 

where simulation of complex systems is computationally expensive. These surrogate model 

cases can be widely applied to predictive modeling in engineering, finance, environment and 

other fields, such as: design, analysis and control engineering of dynamic systems, civil 

infrastructure, mechanical systems, fluid dynamics, climate modeling and structural 

engineering. (Wang, 2020) Their predictive capabilities are also valuable in fields such as 

disease transmission and environmental science. Also understanding dynamic systems is 

crucial in these fields.  

This thesis focused on machine-learning surrogate modeling approaches used in 

electromechanical systems and electrical components. The first chapter is introduction about 

surrogate modeling and electromechanical systems. The second chapter is about the 

approach of Machine-learning surrogate modelling, which highlights the importance of 

extensive data collection, preprocessing and model training in surrogate modeling. It could 

also optimize model accuracy and adaptability. Based on the literature review, the third 

chapter studies two example cases which are surrogate modeling of electrical machine torque 

using artificial neural networks and surrogate modeling of nonlinear dynamic systems. 

Finally, it summarizes the significant advantages and possible challenges of current machine 

learning surrogate modeling in electromechanical systems. In addition, the conclusion 

suggests some areas of future research and development in surrogate modeling to improve 

the applicability of surrogate models in various electromechanical applications.  
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