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ABSTRACT 

 

Full Name : [Ahtisham Urooj] 

Thesis Title : [Neural Network based Self-Tuning Control for Hybrid Electric 

Vehicle Engines] 

Major Field : [System and Control Engineering] 

Date of Degree : [November 2023] 

 

This comparative analysis explores three self-tuning gain control strategies: LQR (Linear 

Quadratic Regulator), PID (Proportional-Integral-Derivative), and SMC (Sliding Mode 

Control) employing Artificial Neural Networks (ANNs) for the speed and load torque 

control of hybrid electric vehicle engine. The LQR controller demonstrates adaptability, 

exhibiting precise control across lower and higher settling time ranges. In contrast, the 

ANN PID controller displays mixed performance in the lower settling time range but excels 

in predicting settling times with remarkable precision in the higher range. The ANN SMC 

controller excels in predicting relatively higher settling times, with consistently low error 

percentages in both lower and higher settling time ranges. These findings highlight the 

diverse strengths and applications of each control strategy, underscoring the importance of 

selecting the most suitable approach based on specific system requirements and 

characteristics. 
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 احتشام عروج   :الاسم الكامل
 

الرسالة: إلى    عنوان  المستند  الضبط  الذاتي  الكهربائية التحكم  السيارات  لمحركات  العصبية  الشبكات 
                                                          الهجينة

 
 هندسة النظم والتحكم التخصص:

 
   جمادى الأولى 1445ه :تاريخ الدرجة العلمية

 

)منظم رباعي خطي ثنائي(   LQRيستكشف هذا التحليل المقارن ثلاث استراتيجيات للتحكم في المكسب ذاتية الضبط:  

(  ANNs)تحكم الوضع المنزلق( باستخدام الشبكات العصبية الاصطناعية )  SMC)مشتق متناسب متكامل( و    PIDو  

القدرة على التكيف ، حيث    LQRللتحكم في السرعة وعزم الحمل لمحرك المركبة الكهربائية الهجينة. يظُهر منظم  

أداءً مختلطًا في    ANN PIDيظهر تحكمًا دقيقًا عبر نطاقات زمن الاستقرار السفلي والعالي. في المقابل ، يظهر منظم  

نطاق زمن الاستقرار السفلي ولكن يتفوق في التنبؤ بأزمنة الاستقرار بدقة ملحوظة في النطاق الأعلى. يتفوق منظم  

ANN SMC    التنبؤ بأوقات استقرار أعلى نسبيًا ، مع نسبة مئوية من الأخطاء منخفضة باستمرار في كل من في 

نطاقات زمن الاستقرار السفلي والعالي. تسلط هذه النتائج الضوء على نقاط القوة والتطبيقات المتنوعة لكل استراتيجية  

 ناءً على متطلبات وخصائص النظام المحددة.تحكم ، مما يؤكد على أهمية اختيار الطريقة الأكثر ملاءمة ب 
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CHAPTER 1 

INTRODUCTION 

The adoption of powertrain electrification, fuel decarbonization, and energy 

diversification has led to the emergence of cleaner and more efficient vehicles 

worldwide. Hybrid electric vehicles (HEVs) and plug-in hybrid electric vehicles 

(PHEVs) have shown promise in significantly improving fuel economy and reducing 

emissions. However, the achievement of these benefits is contingent upon the 

integration of sophisticated energy-management systems, particularly for PHEVs, 

which can operate in various modes that necessitate precise control under different 

driving conditions. The utilization of advanced technology and precise control is 

critical for ensuring optimal performance of hybrid and plug-in hybrid vehicles, thus 

contributing to a cleaner and more sustainable future [1]. 

1 The energy-management system is a vital component that regulates and adjusts the 

output power from multiple sources to minimize the predefined objective cost while 

fulfilling the power demand [2]. The system typically utilizes power sources such as 

battery packs, supercapacitors and internal combustion engines (ICEs) as shown in 

figure 1. The primary goal in practical applications is to optimize energy consumption 

and performance, especially in a hybrid powertrain.  

2 Developing effective energy-management strategies for PHEVs or HEVs is a complex 

optimization problem that has garnered significant research attention in the past 

decade. Addressing this challenge necessitates innovative and advanced solutions, and 
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several researchers have contributed to this field. Several published works have 

summarized research progress in energy management for HEV/PHEVs. For example, 

M. Sánchez undertook an evaluative analysis of three globally optimal algorithms, 

namely Pontryagin's minimum principle, dynamic programming, and the equivalent 

consumption minimization strategy, elucidating their respective merits and limitations 

[3]. Subsequent studies, exemplified by [4] and [5] have delved into global 

optimization and real-time techniques for the effective management of energy in 

Hybrid Electric Vehicles (HEV)/Plug-in Hybrid Electric Vehicles (PHEVs). These 

methodologies encompass game theory, genetic algorithms, evolutionary algorithms, 

and model predictive control (MPC).  Furthermore, the work presented in [6] delved 

into the exploration of predictive energy-management strategies, incorporating 

velocity and power demand forecasting. 

3 Despite these advancements, there has been limited research into the potential benefits 

of learning methods for enhancing energy-management strategies in HEV/PHEVs. 

Further investigation is needed to determine how learning methods can be leveraged in 

this context. Advancing this knowledge base can contribute to the progress of 

HEV/PHEV energy management research. Academic and industrial researchers have 

shown an increasing interest in using learning-based approaches relying on machine 

learning for energy management, as outlined in reference [7]. Machine learning has 

been employed to tackle the most significant challenges in HEV/PHEV energy 

management, such as reducing computation time and improving adaptability. 

Reference [8] highlights neural network as a popular learning-based method in this 

field, capable of generating model-free and real-time energy management strategies. 

Reference [9] discusses the integration of multiple algorithms or varying amounts of 
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information into the neural network NL framework to achieve real-time and efficient 

control in energy management for HEV/PHEVs. 

4  

The thesis is structured as follows: Chapter 2 entails a comprehensive literature review. 

Chapter 3 is dedicated to the design of the proposed neural network methodology and 

controller. Chapter 4 engages in simulation and presents the ensuing results. 

Ultimately, Chapter 5 offers the concluding remarks for the thesis.  

Figure 1 Energy management Sketch for PHEV 
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1.1 Problem Formulation 

Hybridizing conventional combustion engines with electric machines is essential for 

energy conservation and emission reduction in automotive propulsion technology. The 

management of combustion engine operation in conjunction with hybrid electric 

powertrains poses a significant and fundamental challenge, particularly with regards to 

the coordination of the engine's rotational speed and generated torque with the 

equivalent load torque. To effectively optimize energy management in hybrid electric 

powertrains, it is necessary to establish a set-point for the combustion engine, which 

allows for cooperative and coordinated operation with electric machines. This approach 

not only enhances the overall efficiency of the system, but also promotes optimal 

performance and sustainability. However, the complicated dynamics of the engine, 

involving mechanical operation, aerodynamics, and thermal dynamics, make control 

design through dynamic system control theory a difficult task. The representation of 

the dynamic behavior of an engine involves the utilization of various techniques and 

approaches. However, the presence of uncertainties in the engine model, particularly 

during start-up operations, poses a significant challenge to the design of control. To 

address this issue, this research employs learning techniques to develop a model-free 

approximate optimal control design scheme.  

  

1.2 Objective 

This research project aims to address a critical real-life problem concerning internal 

combustion engines, which are extensively used in light and heavy vehicles for 
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transportation. Specifically, the study employs a high-fidelity, non-linear internal 

combustion engine simulator develop in MATLAB to investigate various methods of 

controlling the idle engine speed using Neural Network machine learning. 

• The primary objective of this research is to design a self-tuning control 

mechanism using machine learning that can effectively adapt the control input 

(throttle angle) of the engine according to the dynamic performance 

requirement specifications. 

• To achieve optimal engine speed response in the presence of significant load 

torque disturbances.  

• Discuss uncertainty and complexity in model dynamics of controlled internal 

combustion engines during start-up operation mode. 

• The study will evaluate the performance of Linear Quadratic Regulator (LQR), 

Proportional Integral Derivative (PID) and Sliding Mode Controller (SMC) 

using machine learning. 

• Identify the most efficient tuning and learning approach using neural networks 

to restoring idle engine speed with minimal deflection. 

 

1.3 Research Gap 

Here are the key points regarding the research gap in the field of machine learning for 

speed control of internal combustion engines: 
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• Most existing approaches for speed control of internal combustion engines are 

model-based schemes. 

• These approaches require accurate models of engine dynamics, which can be 

difficult to obtain due to nonlinearity and stochastic uncertainty in the 

combustion process. 

• Existing schemes may not be suitable for addressing transient behavior during 

start-up operating modes, where thermal environment can vary with 

uncertainties. 

• Neural Network based self-tuning methodology is a novel approach that can 

potentially address the limitations of existing model-based schemes. 

• The effectiveness and feasibility of machine learning for speed control of 

internal combustion engines have not been fully explored. 

• The research gap involves training a neural network to optimize gain for self-

tuning the speed control of internal combustion engines, particularly for 

addressing the challenges associated with start-up operating modes and the 

uncertainty in the combustion process. 

 

1.4 Modelling 

This study aims to develop a control design approach to attain a targeted rotational 

speed and torque output. The dynamics of engine systems, as depicted in Fig. 1 with a 

single cylinder, are dependent on the speed. In practical scenarios with multiple 

cylinders, they are attached to the crankshaft with phase differences. The engine speed,  



 

7 

 

 

 

Figure 2 Sketch of combustion engine 

denoted by the rotational speed 𝜔 of the crankshaft, serves as the manipulated variable, 

with its dynamics being governed by Newton's second law 

𝐽(𝜃)
𝑑𝜔

𝑑𝑡
= 𝜏𝑒 − 𝜏𝑙𝑜𝑎𝑑                                                           (1) 

The moment of inertia 𝐽(𝜃) of the engine system is determined by the crankshaft position 

𝜃, with θ̇ representing the rotational speed 𝜔. The crankshaft is subject to the engine torque 

𝜏𝑒 and the load torque 𝜏𝑙𝑜𝑎𝑑, comprising friction and reaction forces. 

In a four-stroke combustion engine, the generation of active torque during the combustion 

stroke is intricately linked to the specific positions of the connecting rod, piston, and the 

internal combustion pressure within the cylinder. Within multi-cylinder engines, the 
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sequence of combustion or ignition events is a critical factor that governs the manner in 

which total engine torque is derived from various cylinders. In practice, the intricate nature 

of these factors often encourages the use of an equivalent representation instead of the 

precise modeling approach. To address this issue, a deep reinforcement learning approach 

will be employed in this context. This article examines the dynamics of the intake manifold, 

a pivotal component of engine operation. The intake manifold in an internal combustion 

engine functions as a closed system, with a constant volume for storing air-fuel mixture 

and heat energy. The flow of air-fuel mixture within the manifold is regulated by the 

principle of mass conservation, which is dictated by the disparity between the inflow and 

outflow of mass, expressed by the equation: 

𝑑𝑚

𝑑𝑡
= 𝑚̇𝑖𝑛 − 𝑚̇𝑜𝑢𝑡                                                           (2) 

Here, m represents the mass in the manifold, t represents time, and 𝑚̇𝑖𝑛and 𝑚̇𝑜𝑢𝑡 

representing the air mass flow rates at the throttle inlet and outlet, respectively. Assuming 

constant temperature within the intake system (T), the change in internal energy within the 

manifold is determined solely by the difference between the inlet and outlet mass flow 

rates, given by ideal gas law 𝑝𝑚𝑉 = 𝑅𝑚𝑇 𝑎𝑠 𝑓𝑜𝑙𝑙𝑜𝑤: 

𝑑𝑝𝑚

𝑑𝑡
=

𝑅𝑇

𝑉
(𝑚̇𝑖𝑛 − 𝑚̇𝑜𝑢𝑡)                                                           (3) 

Here, 𝑝𝑚 represents the pressure in the manifold, R is the gas constant, and V is the fixed 

volume of the manifold. 

The internal combustion engine converts energy stored within the in-cylinder gas mixture 

into mechanical work through the combustion stroke. Neglecting the energy-to-torque 

delay, the engine system exhibits coupled dynamics between the manifold and mechanical 
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process, serving as an effective representation for control objectives. In production engines, 

the external input is the inlet air mass flow rate 𝑚̇𝑖𝑛, which can be adjusted through the 

throttle valve. Although Equations (1) and (2) in the targeted engine system are clear, 

precisely modelling the torque and outlet air mass flow rate can be challenging due to 

complexity and uncertainty. Consequently, a control-oriented state space model will be 

presented, bypassing the need for an exact model of these variables. Functioning as an 

energy converter, the engine releases the inherent energy within the in-cylinder gas mixture 

(comprising the total mass of gas flow and injected fuel during a single inlet stroke) as heat 

energy during the combustion stroke. This heat energy is subsequently converted into 

mechanical work through the force applied to the piston and the torque exerted on the 

crankshaft. 

Control design can be achieved by using power balancing to express torque, adjusted by 

the efficiency 𝑐𝑓; 

𝑐𝑓 =
𝑃𝑜𝑢𝑡

𝑃𝑖𝑛
=

𝜏𝑒ω

𝑄𝑚̇𝑜𝑢𝑡
                                                           (4) 

Where 𝑄 represents the heat release from a unit air mass of gas, is contingent on the ignition 

timing, air-fuel ratio, and additional thermal conditions. Total mass of gas sucked into 

cylinder with well-defined equivalent coefficient 𝜂𝑓  is; 

𝑚𝑠𝑡𝑟 =  𝜂𝑓 𝑝𝑚                                                           (5) 

Mean air flow can be expressed via mean-value treatment [10]. 

𝑚̇ =  𝜂 𝑓

4𝜋

𝜔𝑝𝑚                                                            (6) 

This yields a mean-value representation of engine torque 
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𝜏𝑒 =
𝑛𝑓𝑐𝑓𝑄

4𝜋
𝑝𝑚                                                           (7) 

The engine system's physical model can be represented in matrix form as follows: 

[

𝑑𝜔

𝑑𝑡
𝑑𝑝𝑚

𝑑𝑡

] = [

𝜂𝑓𝑐𝑓𝑄

4𝜋𝐽0
𝑝𝑚 −

1

𝐽0
𝜏load 

−
𝜂𝑓𝑅𝑇

4𝜋𝑉
𝑝𝑚𝜔

] + [
0

𝑅𝑇

𝑉

] 𝑢                                    (8) 

where 𝑢 =  𝑚̇𝑖𝑛 is the control input and 𝜏𝑙𝑜𝑎𝑑 is the external signal representing the load 

torque, and 𝐽0 is the equivalent inertia in the sense of mean value. 

It is worth noting that the model (8) embraces an affine structure with two dimensions (𝜔, 

𝑝𝑚); however, it is of paramount importance to underscore that the parameters manifest 

significant uncertainties. In particular, 𝜂𝑓 and 𝑐𝑓 pose formidable challenges in terms of 

calibration, owing to their pronounced sensitivity to the operational conditions and thermal 

environment. Moreover, it is crucial to recognize that 𝑄 experiences significant alterations 

as a result of these external conditions, even when strenuous efforts are exerted to maintain 

a constant air-fuel ratio and meticulously regulate ignition timing. To illustrate this 

unpredictability, Figure 3 presents the system's response under constant values of 𝑢 = 9.162 

[g/s] and τload = 35 [N ⋅ m], with the only variable being the temperature of the liquid 

coolant. In contrast to the model's structure, the considerable variability in parameters 

serves as the driving force behind this research endeavour, leading to the development of 

a control design scheme grounded in learning. 
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Figure 3 Variations in engine speed and intake manifold pressure across different coolant temperatures 
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CHAPTER 2 

LITERATURE REVIEW 

Depending on the system under analysis and the control signal employed, the dynamic 

response of the system can exhibit variability [11]. Certain combinations of controller gain 

yield unstable responses, which are consistently undesirable. In contrast, other 

combinations produce stable outputs with noticeable oscillations, while some combinations 

of controller gain result in a stable system with a steady-state error [12]. Although such 

responses might be acceptable in a general sense, albeit with noticeable oscillations [13]. 

A valuable combination yields a response devoid of oscillations but with overshoot [14]. 

This type of response is beneficial in situations where speed is crucial, and precision is not 

a critical concern – for instance, in drone surveillance, where rapid movement is 

imperative, and overshooting has minimal impact on mission success[15]. Conversely, it 

is possible to achieve a slow yet precise response in which the system takes longer to reach 

the reference without overshooting. Examples include welding or a cutting robot, where 

overshooting would lead to task failures or severe issues [16]. 

Among the key tenets of the engine control discipline, the control of speed in internal 

combustion engines stands as a critical and indispensable element. This issue has garnered 

significant scholarly attention, with a notable cadre of researchers contributing to its 

exploration. For a comprehensive understanding of developments in cold-start speed 

control, one may turn to the seminal works of [17-21] and for outcomes in idle speed of 

[22-28]. With the advancement of automotive technology in recent years, there has been a 
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growing interest in achieving precise control of combustion engine performance, 

particularly in terms of speed and torque. This heightened interest is driven by the critical 

significance of crankshaft speed and generated torque in effectively coordinating hybrid 

powertrains [29] and refining gearshift control in automatic mechanical transmissions [30, 

31]. Conversely, apart from the meticulous investigation of precise steady-state control 

methodologies, including 𝐻∞ control [26], Fuzzy logic control [32], radial basis function 

network control [33], and others referenced in the literature, transient control takes centre 

stage as an important concern. This is justified by the substantial influence of speed 

transient performance on both fuel economy and emissions performance [34]. 

Combining conventional combustion engines with electric machines is vital to achieve 

energy conservation and emission reduction in automotive propulsion technology [35]. The 

synchronization of combustion engine operation with hybrid electric powertrains is a 

noteworthy and fundamental challenge, notably in the context of aligning the engine's 

rotational speed and generated torque with the equivalent load torque [36]. Achieving 

effective energy management within hybrid electric powertrains requires the establishment 

of a set-point for the combustion engine. This set-point facilitates cooperative and 

coordinated operation with electric machines [37]. This strategy not only enhances the 

system's overall efficiency but also promotes optimal performance and sustainability. 

However, the intricate dynamics of the engine, encompassing mechanical operations, 

aerodynamics, and thermal dynamics, render control design through dynamic system 

control theory a challenging endeavor. Representing the engine's dynamic behavior 

involves the use of various techniques and approaches. However, dealing with uncertainties 

in the engine model, especially during start-up operations, poses a significant challenge to 
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control design [38]. To address this issue, this research employs learning techniques to 

develop a model-free approximate optimal control design scheme. 

The application of neural networks in controller design has been a long-standing practice, 

demonstrating their effectiveness across a broad spectrum of applications. One key 

advantage is their ability to undergo training for comprehending the complex connections 

between controller gains and settling time, eliminating the necessity for prior knowledge 

about the system. In a recent investigation conducted by [39], an adaptive PID controller, 

built upon a feedforward multilayer perceptron neural network, was developed. This neural 

network was meticulously trained to estimate the appropriate PID gains for a vertical 

takeoff and landing (VTOL) system, based on the desired dynamic response. The outcomes 

of this study revealed that the proposed controller outperformed a conventional PID 

controller, achieving superior tracking performance characterized by reduced settling times 

and overshoots. 

The primary objective of this research is to employ machine learning to train a controller 

for the effective self-tuning of the control input, specifically the throttle angle, with the 

ultimate goal of achieving an optimal engine speed response, even in the presence of 

significant load torque. The study will also delve into the uncertainties and complexities 

within the model dynamics of controlled internal combustion engines, particularly during 

the start-up operation mode, which are rooted in a multitude of factors, including the 

intricate interplay of mechanical operations, aerodynamics, and thermal dynamics. 

Furthermore,this research project will comprehensively analyze three distinct control 

strategies: the Linear Quadratic Regulator (LQR), the Proportional Integral Derivative 

(PID), and the Sliding Mode Controller (SMC). These control methodologies will be 
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integrated with machine learning techniques to assess their performance. The primary 

focus of this investigation is the development of a neural network-based self-tuning 

controller, aimed at optimizing the restoration of idle engine speed while minimizing 

deviations. This approach is vital in addressing the challenges posed by the inherent 

uncertainties and complexities associated with engine control and management. 
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CHAPTER 3 

Proposed Methodology and Controller design 

In accordance with Haykin's definition, a neural network can be characterized as a 

massively parallel distributed processor with an inherent propensity for the acquisition and 

preservation of empirical knowledge, thereby facilitating its practical application. This 

description is particularly significant in its resemblance to the human brain, highlighting 

two fundamental similarities: the acquisition of knowledge through a learning process and 

the utilization of synaptic weights to regulate inter-neuron connections, thereby serving as 

the repository for the accumulated knowledge [33].  

The operation of a neural network bears resemblance to a "black box" model, obviating the 

necessity for intricate system specifications. Instead, it elucidates the connections between 

input parameters and both regulated and unregulated variables through the analysis of 

historical data, akin to the principles of non-linear regression [40, 41]. An eminent 

advantage associated with the employment of artificial neural networks resides in their 

proficiency in handling intricate and expansive systems characterized by a plethora of 

interrelated parameters. They proficiently sift through redundant input data of marginal 

relevance, concentrating their attention on more pivotal inputs. A neural network 

encompasses a multitude of interconnected processing elements, commonly denoted as 

neurons [42]. For a visual representation of the fundamental components of an artificial 

neuron, please refer to Figure 4. 
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Figure 4 Basic Element of ANN 

Every neuron receives a set of inputs, denoted as 𝑥1, 𝑥2, . . . , 𝑥𝑛 each associated with a 

weight 𝑥𝑖  representing the strength of the connection for that specific input. Consequently, 

each input is subjected to multiplication by its respective weight within the neuron's 

connections. In addition, a bias, represented as 𝑏𝑖, may be introduced as a connection 

weight with a constant, non-zero value. This bias term is incorporated into the summation 

of inputs and their corresponding weights, as illustrated in the following equation: 

𝑢𝑖 = ∑ 𝑤𝑖𝑗𝑥𝑗 + 𝑏𝑖
𝑛
𝑗=1                                                                                 (9) 

By applying a scalar-to-scalar function named the "activation or transfer function" (𝑓(𝑢𝑖)), 

the summation 𝑢𝑖 undergoes transformation to produce the unit's "activation" value. 

𝑦𝑖 = 𝑓(𝑢𝑖)                                                                                (10) 

Nonlinearity is introduced into neural networks through activation functions, which endow 

them with increased power compared to linear transformations. 

In the realm of neural networks (NN), the backpropagation learning (BPL) algorithm, 

developed by Werbos in 1974, stands as a fundamental building block as shown in figure 

5.  
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It is the key mechanism used to efficiently train an NN through the gradient descent 

technique employed to minimize error with respect to a given training pattern. The BP 

algorithm, during its backward pass, enhances its performance by adjusting weight and 

bias variables. Within the BP framework, input data is introduced to the NN with the 

primary purpose of data classification or prediction. In this process, the information 

undergoes binary signal transformation to accommodate a single neuron. Training the NN 

involves employing a set of known values as training data. The output of the NN can take  

 

Backpropagation algorithm 

Step 1: Initiate the weights and thresholds with small random values. 

Step 2: Select an input-output pattern from the training dataset (x(k), t(k)). 

Step 3: Forward-propagate the k-th signal through the network, calculating the output values for all i 

neurons at each layer (l) using the equation. 

𝑜𝑖
𝑙(𝑘) = 𝑓(∑𝑝=0

𝑛𝑘−1  𝑤𝑖𝑝
𝑙 𝑜𝑝

𝑙−1). 

Step 4: Calculate the total error value E as the sum of E(k) and E and compute the error signal 𝛿𝑖
(𝐿)

 using 

the formulae 𝛿𝑖
(𝐿)

= [𝑡𝑖 − 𝑜𝑖
𝐿][𝑓′(tot𝑖

(𝐿)
)]. 

Step 5: Update the weights based on the formula Δ𝑤𝑖𝑗
(𝑙)

= −𝜂𝛿𝑖
(𝑙)

𝑜𝑗
(𝑙−1)

 for 𝑙 = 𝐿, … ,1 using 𝛿𝑖
(𝐿)

=

[𝑡𝑖 − 𝑜𝑖
𝐿][𝑓′(tot𝑖

(𝐿)
)] and proceeding backward using 𝛿𝑖

(𝑙)
= 𝑜𝑖

(𝑙)
(1 − 𝑜𝑖

(𝑙)
)∑𝑝=1

𝑛𝑙  𝛿𝑝
(𝑙+1)

𝑤𝑝𝑖
(𝑙+1)

 for 𝑙 ≺ 𝐿. 

Step 6: Repeat the process, beginning from Step 2, with another exemplar. Once all exemplars have been 

utilized, this constitutes one-epoch training. 

Step 7: Check if the cumulative error E in the output layer is less than a predetermined value. If it meets 

the criteria, conclude that the network has been effectively trained. If not, repeat the entire process for 

one additional epoch. 
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Figure 5 The Architecture of Backpropagation ANN model 

on various forms, including real values between zero and one, discrete values, or Booleans. 

Each neuron processes input and subsequently passes it through activation functions, such 

as tanh, ReLU, and sigmoid functions. These activation functions serve to stabilize the 

predicted values within a specified range, thereby ensuring the model's integrity and 

convergence stability. The zenith of the BPL algorithm's achievement was undoubtedly 

witnessed within the realm of Multi-Layer Perceptrons (MLPs). MLPs, characterized by 

their intricate layer structure of interconnected neurons, have showcased their adaptability 

and prowess in tackling a diverse spectrum of intricate challenges, thus becoming 

exemplary problem solvers. 
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Neural networks employ two fundamental learning paradigms: batch, which is often 

referred to as offline learning, and incremental, commonly known as online learning. In 

offline learning, an optimization process is commonly employed to update the neural 

network's knowledge base using the training data samples. In contrast, online learning 

strives to incrementally enhance the neural network's knowledge base following the 

presentation of each training sample. The online training process adheres to a pattern-by-

pattern methodology, where the primary objective is to discover the weights that minimize 

the square of the Euclidean norm in the vectorial disparity between the k-th target output 

vector, represented as t(k), and the k-th actual output vector, signified as o(k), within the 

network. 

𝐸(𝑘) =
1

2
∑ [𝑡𝑖(𝑘) − 𝑜𝑖(𝑘)]2𝑞

𝑖=1                                              (11) 

Where q denotes the number of neuron in the output layer. The minimum of error with 

respect to weight is given as follow: 

min
𝑤

𝐸(𝑘) = min
𝑤

1

2
∑ [𝑡𝑖(𝑘) − 𝑜𝑖(𝑘)]2𝑞

1=1                                        (12) 

In online learning for neural networks, weight adjustments are governed by the learning 

rate parameter (η), which lies within the range of 0 to 1 and can be expressed as: 

Δ𝑤𝑙 = −η
∂E(k)

𝜕𝑤𝑙                                                        (13) 

 

These adjustments apply to the interconnection weights 𝑤𝑙 between layer l and the 

preceding layer (l-1). The weight update equation can be expressed as: 
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𝛥𝑤𝑙  =  𝑤𝑙(𝑘 +  1)  − 𝑤𝑙(𝑘)                                        (14) 

  

where 𝑤𝑙 (k + 1) and 𝑤𝑙 (k) represent the interconnection weights leading to neurons at 

layer l after and before the presentation of the training pattern k. This equation quantifies 

the change in weights for each iteration, allowing the network to adapt incrementally to 

new data, a fundamental aspect of online learning in neural networks. 

In offline learning, the entire dataset of training patterns is provided simultaneously, and 

the objective is to determine the set of weights that minimizes the cumulative error. This 

error is computed as the sum of squared errors for each individual input-output pair, with 

'n' indicating the total number of such pairs. 

𝐸𝑐 =
1

2
∑ ∑ [𝑡𝑖(𝑘) − 𝑜𝑖(𝑘)]2𝑞

𝑖=1
𝑛
𝑘=1                                   (15) 

In the context of optimizing controller gain with a focus on achieving a specific settling 

time in an internal combustion engine control system, the proposed methodology 

comprises several essential steps. First, data collection involves gathering input-output 

pairs from the control system, along with corresponding settling times for various 

controller gain values. Subsequently, the data undergoes preprocessing, including 

normalization and data cleaning, to ensure its suitability for neural network training. Next, 

the selection of an appropriate feedforward neural network architecture is vital, considering 

the problem requirements and dataset characteristics. To facilitate training and evaluation, 

the dataset is split into training, validation, and test sets. The neural network is trained using 

the "TrainLM" training function, and essential hyperparameters such as learning rate and 

network architecture are adjusted as needed.  
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The Mean Square Error (MSE) serves as the performance function to measure the network's 

accuracy during training. To fine-tune controller gains based on neural network feedback, 

the "LEARNGDM" adaption learning function is applied. The model's performance 

undergoes rigorous evaluation against validation and test datasets. This meticulous 

examination is critical to ascertaining the model's capacity for generalization and its 

effectiveness in minimizing settling times. Following this phase, the resultant data 

undergoes thorough analysis, and the controller gains are iteratively fine-tuned with the 

objective of attaining the desired settling time. The fundamental approach entails initiating 

the training process by harnessing the Levenberg-Marquardt algorithm to efficiently 

optimize the initial weight parameters of the neural network. This strategic selection is 

underpinned by the algorithm's remarkable capacity for achieving expedited convergence, 

a quality particularly advantageous when addressing specific regression tasks. Following 

the substantial progress achieved through the application of Levenberg-Marquardt, it is 

judicious to transition to the backpropagation technique for the purpose of fine-tuning and 

continuous optimization. This integrated methodology confers notable benefits in the 

context of regression tasks, especially when confronted with scenarios wherein pure 

backpropagation exhibits tardy convergence or is prone to becoming ensnared in local 

minima. Several simulations were executed to assess performance across different 

architectural configurations, employing Mean Squared Error (MSE) as the performance 

metric. Table 1 and Figure 6 highlight the most significant results obtained from these 

evaluations. 

When selecting the appropriate neural network architecture based on cost considerations, 

it is vital to weigh the trade-off between computational efficiency and performance. The 
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cost can be affected by factors such as the number of neurons, layers, and the specific 

transfer functions employed in the architecture. Net 8 and Net 9 are characterized by their 

cost-effectiveness, with a limited number of layers and neurons. In contrast, the other 

network architectures incur higher costs. Therefore, if computational cost is not a primary 

concern and you require the specific characteristics of the architecture, these alternatives 

merit your attention. When it comes to training neural networks for regression, remarkable 

R-squared values have been documented across a range of datasets. A training R-squared 

of 0.9999 points toward an almost perfect model fit, albeit with a potential hint of 

overfitting as shown in figure 6. Similarly, a validation R-squared of 0.9998 signifies 

strong generalization capabilities while simultaneously raising concerns about overfitting. 

Additionally, a test R-squared of 0.99999 highlights the model's excellent generalization 

performance, contingent upon the representativeness of the test data. When considering all 

datasets in aggregate, an overall R-squared of 0.9999 underscores the model's consistency.  

Table 1 Neural Network Architecture Design 

Impact of Various Architectural Designs on Neural Network Performance 

Net Hidden 

Layers 

Number of Neuron per 

layer 

Activation 

function 

Training MSE 

Net 1 10 10,10,10,10,10,10,10,10,10,1 tansig-purelin Levenberg-Marquardt 2.2*10^-7 

Net 2 10 10,1,1,1,1,1,1,1,1,1 tansig-purelin Levenberg-Marquardt 6.8*10^-7 

Net 3 7 10,10,10,10,10,10,1 tansig-purelin Levenberg-Marquardt 9.2*10^-6 

Net 4 7 10,10,10,10,10,10,1 tansig-tansig Levenberg-Marquardt 2.3*10-07 

Net5 7 10,1,1,1,1,1,1,1 tansig-purelin Levenberg-Marquardt 1.7*10^-6 

Net 6 7 10,1,1,1,1,1,1,1 tansig-logsig Levenberg-Marquardt 1.4*10^-02 
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Net 7 4 10,10,10,1 tansig-purelin Levenberg-Marquardt 4.2*10^-03 

Net 8 4 10,10,1,1 tansig-purelin Levenberg-Marquardt 1.7*10^-06 

Net 9  4 10,1,1,1 tansig-

purelin 

Levenberg-

Marquardt 

9.6*10^-07 

Net 

10  

4 10,1,1,1 tansig-tansig Levenberg-Marquardt 1.2*10^-06 

Net 

11 

4 10,1,1,1 tansig-logsig Levenberg-Marquardt 1.2*10^-2 

 

 

Nevertheless, it is of paramount importance to be vigilant against overfitting by delving 

into regularization techniques, expanding the validation and test set sizes, and subjecting 

the model to a diverse array of performance metrics and visualizations to ensure it 

genuinely acquires the understanding of underlying patterns rather than mere memorization 

of the training data. 

The profound influence of neural network architecture on model performance is 

underscored by the pivotal roles played by the number of layers and neurons per layer. The 

augmentation of architectural complexity, achieved through the addition of more layers or 

neurons, introduces challenges, notably manifesting as overfitting or underfitting. 

Overfitting materializes when the model excessively captures idiosyncrasies and noise 

within the training data, jeopardizing its ability to generalize to unseen instances. In the 

provided neural network architectures, specifically Nets 2, 5, 6, and 11, the heightened risk 

of overfitting is attributed to their augmented complexity, characterized by either additional 

layers or an increased number of neurons. Conversely, underfitting arises from an overly 
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simplistic model that fails to capture the intricate patterns inherent in the data. While 

architectures that are excessively shallow or possess an insufficient number of neurons are 

typically associated with underfitting, none of the presented architectures exhibit a 

proclivity towards severe underfitting. 

To mitigate the perils of overfitting, various techniques can be judiciously employed. 

Weight decay, as a regularization method, penalizes substantial weights within the 

network, whereas dropout, a technique involving the random omission of neurons during 

training, mitigates the risk of over-reliance on specific neurons. Furthermore, cross-

validation facilitates an evaluation of the model's generalization performance through the 

segregation of data into training and validation sets. Considering the information gleaned 

from the R-values, Net 8 and Net 9 emerge as judicious selections characterized by a 

harmonious balance between computational efficiency and performance. Their relatively 

simpler architectures, featuring fewer layers and neurons, curtail the susceptibility to 

overfitting. The training R-squared values, nearing 0.9999, signify a commendable fit, yet 

caution is warranted, as exceedingly high R-squared values may signal overfitting. The 

validation R-squared of 0.9998 suggests robust generalization capabilities, though 

concerns regarding potential overfitting persist. The test R-squared of 0.99999 underscores 

exemplary generalization performance contingent upon the representativeness of the test 

data. 
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Figure 6 Regression for best training 

In conclusion, the judicious selection of an apt neural network architecture necessitates a 

nuanced equilibrium between computational efficiency and performance. Rigorous 

employment of regularization techniques and meticulous validation processes serves to 

assuage the hazards of overfitting, and within this context, Net 8 and Net 9 emerge as 

discerning choices, marked by their cost-effectiveness and commendable performance 

metrics. 
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3.1 Controller Design  

This section presents the design of a model-free self-tuning controller gain to address the 

engine speed control problem. Suppose the engine operation set point is specified as 

(𝜔𝑑 , 𝑝𝑚𝑑, 𝜏𝑙𝑑 , 𝑢𝑑). To emphasize transient control performance, we can define the errors 

as follows: 

 

𝑥1 =
1

𝐾1
(ω − 𝜔𝑑),   𝑥2 =

1

𝐾2
(𝑝𝑚 − 𝑝𝑚𝑑)                                                           (16) 

In the given system, "u(n)" serves as the control signal, "x(n)" denotes the input, and "y(n)" 

represents the output. A critical parameter in this context is the tracking error, expressed as 

"e(n) = y(n) - x(n)." Within the framework, Figure 7 illustrates a block diagram featuring 

a self-tuned control system seamlessly integrated with an artificial neural network (ANN). 

The fundamental principle of this system involves feeding the error signal, which is the 

difference between the output and input, into a controller. What sets our methodology apart 

from conventional tuning approaches is the continuous adjustment of the controller's gains 

by an ANN-based self-tuning algorithm. This continuous ensures that the control system 

Figure 7  Architectural Framework for Control Systems  
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remains responsive and efficient, even as system parameters undergo changes. Self-tuning 

ANN algorithm controllers are necessary in situations where control parameters and system 

behavior are uncertain or subject to external variations. They can adapt control gains to 

optimize engine performance, including achieving the desired settling time for engine 

speed and torque control, even when parameters like 𝜂𝑓 and 𝑐𝑓 are challenging to calibrate 

precisely. 

3.2 LQR Controller Design 

The objective of control design is to establish a feedback control law for the engine speed 

(𝜔) to converge towards a given set-point (𝜔𝑑) without the need for an explicit 

mathematical model. To enhance transient performance, we introduce the following 

performance index: 

                                𝐽 = ∫ (𝑞1 (𝜔 − 𝑤𝑑)2 + 𝑞2(𝑝𝑚 − 𝑝𝑚𝑑)2 + 𝑟𝜇2)𝑑𝜏
∞

0
                                  (17) 

In this context, it's important to note that 𝑞1 and 𝑞2, both of which are non-negative values, 

along with the positive weighting factor 𝑟, play significant roles. Additionally, the state-

feedback control law 𝜇 is a key component. The square of the error within the cost function 

J assumes paramount significance within the domain of tracking and control systems, 

particularly in applications such as the regulation of engine speed. This mathematical 

framework is grounded in the principle of least squares, with the overarching goal of 

minimizing the disparity between actual and desired values. 
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In the context of engine speed control, the utilization of the squared error imparts numerous 

advantages. Firstly, the squaring operation ensures that both positive and negative 

deviations substantially contribute to the cost function, mitigating the potential cancellation 

effects that might arise with a reliance solely on absolute error. This nuance is pivotal for 

achieving precision in tracking, as deviations in either direction hold equal relevance. 

Secondly, the act of squaring serves to magnify larger errors, thereby accentuating their 

influence on the overall cost. This aligns with the engineering objective of prioritizing 

precision in tracking the reference speed, deeming larger deviations from the desired value 

as more undesirable and necessitating heightened attention in the optimization process. 

Furthermore, the incorporation of squared errors aligns with the statistical underpinnings 

of the least squares method, facilitating the derivation of analytically tractable solutions. 

The resultant mathematical structure streamlines optimization algorithms, rendering them 

computationally more efficient and enabling systematic adjustments to control parameters. 

Moreover, the square of the error in the cost function J furnishes a continuous and 

differentiable metric for gauging the disparity between actual and desired values. This 

differentiability assumes critical importance in the application of gradient-based 

optimization techniques, such as gradient descent, enabling the iterative refinement of 

control parameters and augmenting the system's proficiency in accurately tracking the 

reference speed. 

3.3 PID Controller Design 

The PID (Proportional-Integral-Derivative) controller represents a pivotal element within 

control systems, designed to stabilize and regulate various processes. Its operation can be 

described by the general equations that govern the three control actions it employs. The 
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Proportional component (P) produces an output that is directly proportional to the current 

error, which is the difference between the actual process variable and the desired setpoint. 

The Integral component (I) aggregates prior errors and generates an output to eliminate 

long-term steady-state error, thereby ensuring the system converges to the setpoint. The 

Derivative component (D) produce an output proportional to the rate of change of the error, 

prevent overshoot in the system's response and helping to dampen oscillations [43]. The 

general equations for these components can be expressed as follows: 

Proportional (P): 𝑃(𝑡)  =  𝐾𝑝  ∗  𝑒(𝑡), where 𝐾𝑝 is the proportional gain, P(t) is the 

proportional control output, and e(t) is the current error. 

Integral (I): 𝐼(𝑡)  =  𝐾𝑖  ∗  ∫ 𝑒(𝜏)𝑑𝜏, where 𝐾𝑖 is the integral gain, I(t) is the integral control 

output and e(τ) is the error history over time. 

Derivative (D): 𝐷(𝑡) =  𝐾𝑑  ∗
𝑑𝑒(𝑡)

𝑑𝑡
, where 𝐾𝑑 is the derivative gain, D(t) is the derivative 

control output and 
𝑑𝑒(𝑡)

𝑑𝑡
 is the rate of change of the error.  

Considering the control law of a PID system as described by: 

𝑢(𝑡) = 𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝑡)𝑑𝑡 + 𝐾𝑑
𝑑𝑒(𝑡)

𝑑𝑡
                                              (18) 

By carefully tuning these gains (𝐾𝑝, 𝐾𝑖 and 𝐾𝑑), a PID controller can effectively regulate a 

wide range of systems, ensuring they reach and maintain their setpoints while minimizing 

steady-state errors and oscillations. 
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3.4 Sliding Mode Controller Design 

Addressing the control of processes characterized by uncertainties, non-linearities, and 

disturbances constitutes a compelling and formidable endeavor within the domain of 

control engineering. Sliding mode control (SMC) represents a prevalent and efficacious 

control strategy employed for the regulation of systems susceptible to uncertainties and 

unobservable external disturbances. It has found application across diverse domains and is 

characterized by attributes including high precision, robustness, and straightforward tuning 

and implementation. In control systems, Sliding Mode Control (SMC) represents a 

nonlinear control methodology [44]. SMC perturbs the dynamics of nonlinear systems by 

imparting a discontinuous control signal, resulting in the system sliding along a cross-

section of its inherent behavior. This approach is deployed to realize control objectives in 

systems characterized by nonlinearity. In the realm of control systems, the state-feedback 

control law operates as a discontinuous function of time, characterized by its capability to 

transition between distinct continuous structures according to the current state-space 

position. This distinctive feature classifies Sliding Mode Control (SMC) as a variable 

structure control method. SMC is acknowledged for its inherent robustness in effectively 

managing both matched internal and external disturbances. Within the framework of SMC, 

the deliberate creation of multiple control structures ensures that system trajectories 

continuously converge toward neighbouring regions with varying control structures. 

Consequently, these trajectories do not exclusively remain confined to a single control 

structure; instead, they traverse the boundaries, a phenomenon known as the sliding mode. 

The collective set of these boundaries constitutes the sliding surface [45]. 
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The sliding mode control approach is widely acclaimed as a potent tool for the design of 

robust controllers, particularly suited for the intricate dynamics of high-order nonlinear 

systems operating in the presence of uncertainties. The process of sliding controller design 

offers a systematic framework for addressing the challenge of maintaining system stability 

and achieving consistent performance. 

The design of a sliding mode controller typically comprises three fundamental stages [46]: 

1. The formulation of an appropriate sliding surface. 

2. The selection of a control law that guides and maintains the system trajectory on 

the sliding surface. 

3. An integral component of this design process is the meticulous elimination of 

chattering, ensuring a smoother execution of the control action. 

Define the Super-Twisting Sliding Surface for tracking. 

 𝑠 =  𝑎 ∗  (𝑥1 −  𝑥𝑟)  +  𝑥2  ∗  𝑏 ∗  𝑎𝑏𝑠(𝑥2)γ                                         (19) 

Design the Super-Twisting Sliding Mode Control Law: 

u =  
V

R ∗ T
    ∗  

1

𝑥2
  ∗  −k1  ∗  s −  k2  ∗  sign(s)                                       (20) 

Where: 

• s denotes the sliding variable. 

• a is a tuning parameter dictating the desired convergence speed. 

• b is a tuning parameter regulating the strength of the nonlinear term. 
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• γ is a tuning parameter governing the sharpness of the nonlinear term. 

The inclusion of the nonlinear term 𝑏 ∗  𝑎𝑏𝑠(𝑥2)γ acts to suppress chattering by 

introducing a substantial damping force during periods of high velocity, thereby 

preventing oscillations around the sliding surface. 

The Super-Twisting Sliding Mode Control Law (STSMC Law) is employed to guide 

the system onto the STSS and sustain its presence. This non-linear control law 

incorporates the sliding variable and its derivative to facilitate robust and swift 

convergence. 

The signum function sign(s) contributes to the elimination of chattering by introducing 

a switching control action when the sliding variable approaches zero, preventing 

oscillations of the control input around zero. 

The pivotal role of tuning parameters in achieving desired performance is underscored 

for both the STSS and the STSMC Law. The specific values of these parameters are 

contingent upon the characteristics of the system under control and the targeted 

tracking accuracy. 

In general, higher values of a lead to accelerated convergence to the sliding surface but 

may exacerbate chattering. Elevated values of b and γ enhance the damping effect, 

reducing chattering but potentially compromising the convergence rate. 

Parameters k1 and k2 determine the proportional and switching gains of the control 

law, with higher values of k1 enhancing responsiveness but possibly intensifying 

chattering. Higher k2 values augment the switching gain, mitigating chattering but 

potentially elevating the control input. 
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The Super-Twisting Sliding Surface and Control Law, through meticulous parameter 

tuning, emerge as potent instruments for realizing high-precision tracking and robust 

performance amidst disturbances and uncertainties, applicable across diverse systems. 
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CHAPTER 4 

RESULTS and Simulation 

We have successfully designed LQR, PID, and SMC controllers, meticulously analysing 

their individual control methodologies and rigorously assessing their respective 

performance outcomes. Additionally, we conducted an extensive investigation into the 

training process of the neural network, differentiating between two distinct gain ranges: 

one characterized by a limited range of gain values and another encompassing a more 

extensive spectrum of gain values. This comprehensive analysis was undertaken with the 

primary objective of identifying the optimal approach for training controller gains within 

each of these delineated gain ranges. 

4.1 Engine Specification 

This study employs a 4-cylinder gasoline engine as a means to substantiate and validate 

the proposed learning control scheme, while simultaneously affording the opportunity to 

observe the dynamic behaviour inherent to the engine system. It is noteworthy that the 

engine under examination, characterized by its specifications provided in Table 2, 

represents a commercially available mass-produced unit, explicitly designed for integration 

into hybrid electric vehicles. The experimental framework, integral to our investigation, is 

illustrated in Figure 8. This schematic depiction outlines the interconnection of the subject 

engine with an AC dynamometer, and the precise specifications of the dynamometer can 

be found in Table 3. The role of the dynamo controller is of particular significance as it is 

tasked with providing the requisite load torque, thereby emulating the equivalent reaction 
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torque intrinsic to a hybrid electric powertrain. This dynamic interplay is shaped by both 

the power source and the vehicle's motion. A salient facet of our experimental setup is the 

prototype engine control unit (ECU), meticulously constructed through the integration of 

the production ECU with the dSPACE system. This integration imparts the capability for 

meticulous cycle-by-cycle control of all relevant actuators, encompassing the fuel injector, 

spark plug, and variable valve timing. In the visual representation provided in Figure 7, the 

controls pertaining to fuel injection and spark timing assume a pivotal role in safeguarding 

and sustaining the engine's normal operation. 

Table 2 Test Engine Specification 

Fuel injection Port injection 

Cylinder type 4 cylinders, L-type 

Displacement 1.797 L 

Max torque 142 N ⋅ m 

Max output power 72 kw 

 

Table 3 Dynamometer Specification 

Nominal torque 480∕442 N ⋅ m 

Nominal power consumption 250 kw 

Nominal maximum speed 4980/10, 000 rpm 

Inertial moment 0.36 kg ⋅ 𝑚2 

Rated current 390 A 
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Figure 8 Sketch of Engine Control System 

 

4.2  ANN based LQR Control   

This report presents an application of an Artificial Neural Network (ANN) for the purpose 

of predicting the settling time in a Linear Quadratic Regulator (LQR) system, with a 

specific focus on the gain parameter k. The ANN architecture is thoughtfully crafted to 

capture the intricate relationship between the gain and the desired settling time. It adopts a 

four-layer structure, incorporating tansig-purelin activation functions, and undergoes 

training via the Levenberg-Marquardt optimization method. The dataset provided includes 

vital information pertaining to the gain parameter (k1) and its associated desired settling 

times within the context of an LQR system. Significantly, the desired settling time 

encompasses a range from 0.04661 to 0.4063 in Figure 9(A) and expands to the interval 

from 0.5 to 3 in Figure 9(B). This deliberate partitioning serves to facilitate effective 

training within both lower and higher gain ranges (K). Moreover, the dataset is 



 

38 

 

meticulously divided into distinct training and testing subsets, affording the ANN the 

opportunity to glean the underlying relationship and enabling a rigorous assessment of its 

predictive capabilities. 

Within this dataset, the training and testing sets are thoughtfully delineated for specific 

purposes. The training set is employed to impart knowledge to the ANN, while the testing 

set is reserved for the critical task of evaluating its predictive performance. Throughout the 

training phase, the model relies upon the Levenberg-Marquardt optimization method to 

minimize the mean squared error (MSE) between predicted and desired settling times. This 

iterative process entails the fine-tuning of weights and biases inherent in the network's 

connections, with the ultimate aim of achieving minimal prediction errors. The model is 

trained for a specified number of epochs, and the training loss is monitored. The training 

process continues until the loss converges or reaches a satisfactory level. In the lower gain 

range (ranging from 7.4161 ∗ 103 𝑡𝑜 1.1402 ∗ 105), the ANN exhibits promising 

performance with minimal to zero error percentages for several cases. This indicates that 

the model can make highly accurate predictions when dealing with lower gains and shorter 

settling times. The accuracy in this range can be particularly valuable in applications where 

precision control is paramount and where even slight deviations in settling times can have 

a substantial impact. Conversely, in the higher gain range (also spanning from 7.4161 ∗

103 to 1.1402 ∗ 105), the ANN demonstrates a commendable ability to predict settling 

times with generally low error percentages, primarily ranging from 0% to 4%. This 

performance is notable as it showcases the model's robustness when dealing with higher 

gain values. For applications that require precise control at higher gains, this range is  
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Figure 9 ANN based LQR training 

crucial, as it ensures that the ANN can make reasonably accurate predictions even in 

conditions where the system dynamics are more complex. 

Figure 10 illustrates the trends of gain (k) versus settling time for both lower and higher 

ranges. In the lower range, the settling time is highly sensitive to gain variations, 

emphasizing the critical nature of precision control in this region. Even slight adjustments 

 

 

Figure 9 (A) Low range settling time vs gain 

 

 

Figure 9 (b) High range settling time vs gain 

 

Figure 9 (c) Low range testing data error percentage 

 

Figure 9 (d)  High range testing data error percentage 
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in gain values can result in noticeable changes in settling time, necessitating a highly 

accurate ANN model to optimize control. In contrast, the higher gain range demonstrates 

a relatively lower sensitivity to changes in gain, indicating a more stable and predictable 

control environment. While the relationship between gain and settling time remains 

consistent, the impact of gain adjustments on settling time is less pronounced. An ANN 

trained to excel in this region must still capture the subtle nuances and variations in order 

to make efficient LQR controller adjustments while maintaining system stability.  

Figure 10(A) Lower range of settling time vs gain Figure 10(B) Higer range of setting time vs gain 

Figure 10 Trend of LQR gain K vs Settling time 

 

4.3 ANN based PID Control   

The training error percentage of the Artificial Neural Network (ANN) PID in the lower 

settling time range (ranging from 0.4 to 0.04 sec) reflects the network's ability to effectively 

approximate the desired settling time values. Within this specific range, the ANN 

demonstrates varying levels of performance, with most data points exhibiting relatively 

low error percentages, highlighting its capacity to closely predict the desired settling times. 
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For instance, data points with gains of 250,009 and 200,009 have error percentages of 

5.94% and -3.71%, respectively, indicating that the network provides reasonably accurate 

predictions with errors within an acceptable range. Nonetheless, there are instances where 

the ANN exhibits higher error percentages, particularly for data points with gains of 

125,000 and 125,005, which have error percentages of 11.04%. This suggests that the 

network's performance is less accurate for these specific gain values, resulting in a higher 

deviation from the desired settling time. While there are exceptions with slightly higher 

error percentages, the majority of data points fall within acceptable error limits, showcasing 

the network's ability to predict settling times with precision, particularly for gain values 

within the specified range.  

 On the other hand, the training error percentage of the Artificial Neural Network (ANN) 

PID model in the higher settling time range (ranging from 0.4 to 3 sec) is quite remarkable, 

as it effectively predicts the desired settling times for various gain values within this range. 

The error percentages are generally very low or even zero, indicating that the trained ANN 

provides highly accurate and precise predictions for the desired settling times. For most of 

the data points, the error percentages are negligible, showcasing excellent performance. 

The ANN PID model exhibits a high degree of precision in approximating the settling times 

for the specified range of proportional gains. This implies that the model is well-trained 

and capable of delivering the desired outcomes for control system applications within this 

higher gain range. Such low error percentages indicate that the network's predictions 

closely match the target settling times, making it highly reliable and effective for control 

purposes in this gain range. 
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Figure 11 (A) Low range settling time vs gain 

 

Figure 11 (B) High-range settling time vs gain 

Figure 11 (C) Low range testing data error percentage Figure 11 (D) High range testing data error percentage 

Figure 11 ANN based PID training 

The higher error percentage in the very low ranges of settling time (ranging from 0.4 to 

0.04 seconds) is primarily due to the extremely low sensitivity of gain change vs settling 

time. Conversely, in the higher settling time range (ranging from 0.4 to 3 seconds), the 

sensitivity is significantly high, as demonstrated in Figure 12. Therefore, Ann is expected 

to be well-prepared or well-trained for this scenario. 
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Figure 12 (A) Low range settling time vs gain trend Figure 12 (B) High range settling time vs gain trend 

Figure 12 Trend of Gain k vs Settling time 

4.4 ANN based SMC Control 

In this range, the desired settling times are relatively higher compared to the previous range 

as shown in figure 13. The neural network is again tested with varying gain values (k1). 

Here are some key observations: 

• The desired settling times in this range are more achievable compared to the 

extremely low times in the previous range. 

• The trained settling times are generally close to the desired values, with small 

errors. 

• The error percentages for most data points are close to zero or within a small 

margin. 

In this range, the neural network performs even better, with error percentages mostly at or 

close to zero, indicating a high level of accuracy in predicting the settling times. Overall, 

the neural network demonstrates its adaptability and effectiveness in predicting settling 

times for both low and relatively higher ranges. The results indicate that the network can 
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handle a wide range of gain values (k1) and provide reasonably accurate predictions for 

settling times, making it a valuable tool for control and automation applications. 

Figure 12 (A) Low range settling time vs gain Figure 12 (B) High range settling time vs gain 

Figure 12 (C) Low range testing data error percentage Figure 12 (D) High range testing data error percentage 

Figure 13 ANN based SMC training 

In the context of Sliding Mode Control (SMC), it is observed that the correlation between 

gain and settling time is sensitive to variations within both lower and higher settling time 

ranges. This heightened sensitivity accentuates the significance of utilizing a proficiently 

trained Artificial Neural Network (ANN) capable of adeptly optimizing control parameters 

in both scenarios, all the while ensuring the preservation of an acceptable error percentage. 
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Figure 13 (A)  Low range settling time vs gain trend 

 

 

 

 

Figure 13(B)  High range settling time vs gain trend 

Figure 14 Trend of gain K vs settling time 
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CHAPTER 5 

FUTURE WORK AND CONCLUSION 

5.1 Future Work 

The research represents a substantial advancement in the evaluation of LQR, PID, and 

SMC control strategies that leverage Artificial Neural Networks (ANNs) for the prediction 

of settling times in hybrid electric vehicle engines. Nevertheless, it is evident that several 

critical research gaps and avenues for further investigation have come to the forefront. 

Firstly, there is an unexplored realm concerning the influence of external environmental 

variables, encompassing factors such as temperature, humidity, and road conditions, on the 

performance of these control strategies. Consequently, an in-depth analysis in this area is 

imperative to enrich their real-world applicability. Secondly, there is a pressing need for 

an investigation into the robustness and fault tolerance of the ANN-based control strategies 

when confronted with system faults and unexpected disturbances, as these aspects are 

pivotal for practical implementation. Additionally, delving into the realm of hardware 

implementation in authentic hybrid vehicle systems is poised to act as a conduit between 

theoretical predictions and practical real-world applications. The assessment of how these 

control strategies impact the energy efficiency of hybrid electric vehicle engines holds 

great significance for the realm of eco-friendly transportation. Moreover, a closer 

examination of the potential of adaptive learning techniques within the ANN to elevate 

control strategy performance, alongside an expansion of the comparative analysis to 

encompass additional advanced control strategies, would serve to broaden the scope of the 
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study. To establish the credibility of the findings under practical conditions, the 

implementation and testing in a hybrid vehicle prototype in real-time represent an essential 

step. In tandem, scrutinizing the user-friendliness and the aspects governing the interaction 

with these control strategies would yield insights into their integration into the operation 

of hybrid vehicles. The pursuit of these research gaps is paramount in achieving a 

comprehensive understanding of the practical applicability and constraints associated with 

the examined control strategies within the realm of hybrid electric vehicles, thus setting the 

stage for further progress in the field of sustainable transportation control systems. 

5.2 Conclusion 

The utilization of the Artificial Neural Network (ANN) architecture, characterized by a 

four-layer structure and employing the Levenberg-Marquardt training method, has proven 

to be a proficient tool for the prediction of settling times within LQR, PID, and SMC 

systems, contingent upon the gain parameter. This ANN-based predictive model 

consistently delivers precise estimations that remain within predefined bounds. The 

implications of this ANN-driven predictor, which relates LQR gain to settling time, hold 

considerable potential for optimizing the performance of LQR, PID, and SMC controllers 

in practical applications, ultimately leading to the reduction of settling time errors. In the 

context of the LQR Controller, the incorporation of an ANN for forecasting settling times 

based on the gain parameter, denoted as k, yielded noteworthy results across both lower 

and higher gain ranges. This established the ANN as a valuable asset for applications 

necessitating precise control. Within the lower range, the ANN exhibited promising 

accuracy, characterized by minimal errors. In the higher gain range, the network displayed 

remarkable robustness in managing intricate system dynamics. Turning our attention to the 
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ANN PID Controller, an examination of its capacity to approximate desired settling times 

was undertaken. Within the lower settling time range, the ANN showcased variable 

performance, with the majority of data points conforming to acceptable error thresholds. 

However, certain gain values gave rise to exceptions, leading to slightly elevated error 

percentages. Conversely, in the higher settling time range, the ANN PID model 

demonstrated a striking level of precision, characterized by extremely low or negligible 

error percentages, thus underscoring its dependability in control system applications. 

Lastly, an evaluation of the ANN SMC Controller centered on a relatively higher settling 

time range. This analysis illuminated the network's adaptability and efficacy, as it 

consistently and accurately forecasted settling times. Error percentages consistently 

remained at low levels, affirming the network's capability to manage a diverse spectrum of 

gain values. 
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Appendix 

 

Table 4 LQR Gain vs Settling time 

LQR Based Control 

Sr. No. Q R k1 Settling time 

1 100 0.0001 999.9 3.802 

2 150 0.0001 1.2247 ∗ 103 2.98 

3 200 0.0001 1.4141 ∗ 103 2.579 

4 250 0.0001 1.5811 ∗ 103 2.258 

5 300 0.0001 1.7320 ∗ 103 2.029 

6 350 0.0001 1.8708 ∗ 103 1.887 

7 400 0.0001 1.9999 ∗ 103 1.759 

8 450 0.0001 2.1213 ∗ 103 1.662 

9 500 0.0001 2.2360 ∗ 103 1.677 

10 550 0.0001 2.3451 ∗ 103 1.532 

11 600 0.0001 2.4494 ∗ 103 1.43 

12 650 0.0001 2.5494 ∗ 103 1.376 

13 700 0.0001 2.6457 ∗ 103 1.328 

14 750 0.0001 2.7385 ∗ 103 1.29 

15 800 0.0001 2.8284 ∗ 103 1.218 

16 850 0.0001 2.9154 ∗ 103 1.172 

17 900 0.0001 2.9999 ∗ 103 1.162 
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18 950 0.0001 3.0821 ∗ 103 1.152 

19 1000 0.0001 3.1622 ∗ 103 1.096 

20 1100 0.0001 3.3166 ∗ 103 1.049 

21 1200 0.0001 3.464 ∗ 103  1.024 

22 1300 0.0001 3.6055 ∗ 103 0.9849 

23 1400 0.0001 3.7416 ∗ 103 0.9475 

24 1500 0.0001 3.8729 ∗ 103 0.9105 

25 1600 0.0001 3.9999 ∗ 103 0.8732 

26 1700 0.0001 4.1230 ∗ 103 0.8565 

27 1800 0.0001 4.2426 ∗ 103 0.8537 

28 1900 0.0001 4.3588 ∗ 103 0.8106 

29 2000 0.0001 4.4721 ∗ 103 0.8081 

30 2250 0.0001 4.7434 ∗ 103 0.7561 

31 2500 0.0001 4.9999 ∗ 103 0.6979 

32 2750 0.0001 5.2440 ∗ 103 0.6737 

33 3000 0.0001 5.4772 ∗ 103 0.6699 

34 3500 0.0001 5.9160 ∗ 103 0.5913 

35 4000 0.0001 6.3245 ∗ 103 0.5663 

36 4500 0.0001 6.7081 ∗ 103 0.5386 

37 5000 0.0001 7.0710 ∗ 103 0.5057 

38 5500 0.0001 7.4161 ∗ 103 0.4893 

39 6000 0.0001 7.7459 ∗ 103 0.467 

40 6500 0.0001 8.0622 ∗ 103 0.4451 

41 7000 0.0001 8.3665 ∗ 103 0.429 
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42 7500 0.0001 8.6602 ∗ 103 0.4131 

43 8000 0.0001 8.9442 ∗ 103 0.4036 

44 8500 0.0001 9.2195 ∗ 103 0.3941 

45 9000 0.0001 9.4868 ∗ 103 0.3842 

46 9500 0.0001 9.7467 ∗ 103 0.3714 

47 10000 0.0001 9.999 ∗ 103  0.3728 

48 10500 0.0001 1.0247 ∗ 104 0.3605 

49 11000 0.0001 1.0488 ∗ 104 0.3535 

50 12000 0.0001 1.0954 ∗ 104 0.333 

51 13000 0.0001 1.1402 ∗ 104 0.3248 

52 14000 0.0001 1.1832 ∗ 104 0.3106 

53 15000 0.0001 1.2247 ∗ 104 0.3026 

54 16000 0.0001 1.2649 ∗ 104 0.2948 

55 17000 0.0001 1.3038 ∗ 104 0.2871 

56 18000 0.0001 1.3416 ∗ 104 0.2796 

57 19000 0.0001 1.3784 ∗ 104 0.2722 

58 20000 0.0001 1.4142 ∗ 104 0.2649 

59 120 0.0001 1.0954 ∗ 103 3.408 

60 160 0.0001 1.2648 ∗ 103 2.883 

61 230 0.0001 1.5165 ∗ 103 2.357 

62 330 0.0001 1.8165 ∗ 103 1.928 

63 370 0.0001 1.9235 ∗ 103 1.816 

64 465 0.0001 2.1563 ∗ 103 1.653 

65 495 0.0001 2.2248 ∗ 103 1.569 
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66 575 0.0001 2.3979 ∗ 103 1.466 

67 690 0.0001 2.6267 ∗ 103 1.329 

68 725 0.0001 2.6925 ∗ 103 1.286 

69 1015 0.0001 3.1858 ∗ 103 1.108 

70 2017 0.0001 4.4910 ∗ 103 0.801 

71 3061 0.0001 5.5326 ∗ 103 0.6558 

72 19051 0.0001 1.3802 ∗ 104 0.2779 

73 19075 0.0001 1.3811 ∗ 104 0.2721 

 

Table 5 Testing Data 

Testing data for neural network 

Sr. 

No. Q Gain (k1) 

Desired Settling 

time 

Trained Settling 

time error 

Error 

Percentage 

1 163 1.2767*10^3 2.968 2.859 0.109 4% 

2 165 1.2845*10^3 2.941 2.8398 0.1012 3% 

3 270 1.6431*10^3 2.233 2.16 0.073 3% 

4 315 1.7748*10^3 2.05 1.991 0.059 3% 

5 385 1.9621*10^3 1.849 1.8074 0.0416 2% 

6 395 1.9874*10^3 1.818 1.7864 0.0316 2% 

7 515 2.2693*10^3 1.58 1.5788 0.0012 0% 

8 535 2.3129*10^3 1.556 1.5478 0.0082 1% 

9 657 2.5631*10^3 1.397 1.3714 0.0256 2% 

10 745 2.7294*10^3 1.31 1.2716 0.0384 3% 

11 1036 3.2186*10^3 1.113 1.0907 0.0223 2% 

12 2018 4.4922*10^3 0.794 0.7876 0.0064 1% 

13 3057 5.5290*10^3 0.649 0.6577 
-

0.0087 -1% 

14 1947 4.4124*10^3 0.809 0.8026 0.0064 1% 

15 1988 4.4586*10^3 0.801 0.7938 0.0072 1% 
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Table 6 PID gain vs Settling time 

PID based Control 

Sr. 

No. 

Gain 𝐾𝑝 Settling Time 

1 100 14.51 

2 120 13.417 

3 150 11.987 

4 165 11.3735 

5 175 10.9342 

6 189 10.4683 

7 201 10.0337 

8 230 9.0536 

9 251 8.431 

10 276 7.718 

11 297 7.205 

12 302 7.0811 

13 335 6.39 

14 353 6.046 

15 371 5.742 

16 397 5.353 

17 413 5.1229 

18 447 4.6699 
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19 459 4.541 

20 477 4.3461 

21 497 4.1506 

22 513 4.0209 

23 532 3.8475 

24 555 3.6736 

25 567 3.5871 

26 589 3.4356 

27 593 3.4138 

28 613 3.2835 

29 623 3.2186 

30 637 3.1532 

31 655 3.0452 

32 675 2.9584 

33 697 2.8501 

34 775 2.5296 

35 789 2.4849 

36 797 2.441 

37 815 2.391 

38 837 2.3071 

39 849 2.2839 

40 857 2.2613 

41 879 2.1936 

42 903 2.1248 
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43 1015 1.8625 

44 1027 1.8418 

45 1049 1.7997 

46 1077 1.736 

47 1107 1.6933 

48 1127 1.6505 

49 1135 1.629 

50 1157 1.6076 

51 1167 1.5862 

52 1197 1.5432 

53 1250 1.4572 

54 1300 1.3927 

55 1400 1.2796 

56 1500 1.1916 

57 1600 1.1044 

58 1700 1.0382 

59 1800 0.9497 

60 1900 0.9041 

61 2000 0.8382 

62 2100 0.8144 

63 2200 0.77043 

64 2300 0.7272 

65 2400 0.6851 

66 2500 0.6633 
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67 2600 0.6227 

68 2700 0.5851 

69 2800 0.5645 

70 2900 0.5423 

71 3000 0.5239 

72 3303 0.4628 

73 3500 0.4284 

74 3700 0.3709 

75 4000 0.3162 

76 4200 0.2829 

77 4500 0.2478 

78 5000 0.1929 

79 5500 0.1922 

80 6000 0.1676 

81 6500 0.1465 

82 6589 0.1455 

83 7589 0.135 

84 944000 0.05367 

85 946000 0.05365 

86 948000 0.05364 

87 950000 0.05362 

88 952000 0.05361 

89 954000 0.05291 

90 956000 0.0529 
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91 958000 0.05289 

92 960000 0.05288 

93 962000 0.05287 

94 96400 0.05286 

95 966000 0.05215 

96 968000 0.05214 

97 967000 0.05213 

98 966000 0.05213 

99 965000 0.05212 

100 964000 0.05211 

101 963000 0.05211 

102 962000 0.0521 

103 961000 0.0521 

104 960000 0.05209 

105 959000 0.05209 

106 958000 0.05208 

107 957000 0.05138 

108 956000 0.05137 

109 955000 0.05137 

110 954000 0.05136 

111 953000 0.05136 

112 952000 0.05135 

113 951000 0.05134 

114 950000 0.05134 
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115 949000 0.05133 

116 989000 0.05133 

117 988500 0.05202 

118 988000 0.05132 

119 987500 0.05202 

120 987000 0.05131 

121 986500 0.05131 

122 986000 0.05131 

123 985500 0.0513 

124 985000 0.0513 

125 984500 0.0513 

126 984000 0.05129 

127 983500 0.05129 

128 983000 0.05129 

129 982500 0.05128 

130 982000 0.05043 

131 981500 0.05042 

132 981000 0.05042 

133 980500 0.05042 

134 980000 0.05041 

135 979500 0.05041 

136 979000 0.05041 

137 1000000 0.0504 

138 2000000 0.02733 
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139 3000000 0.0178 

140 4000000 0.01424 

141 5000000 0.01268 

142 6000000 0.01257 

143 7000000 0.01279 

144 8500000 0.01182 

145 8000050 0.01162 

146 9000000 0.01104 
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Table 7 Testing data 

 

 

Testing data for PID control 

Sr. 

No. Gain 𝑲𝒑 Desired Settling time Trained Settling time error Error Percentage 

1 675 2.9584 2.9534 0.005 0% 

2 697 2.8501 2.8489 0.0012 0% 

3 775 2.5296 2.5276 0.002 0% 

4 789 2.4849 2.477 0.0079 0% 

5 797 2.441 2.4489 -0.0079 0% 

6 815 2.391 2.3877 0.0033 0% 

7 837 2.3071 2.3169 -0.0098 0% 

8 849 2.2839 2.2799 0.004 0% 

9 857 2.2613 2.2558 0.0055 0% 

10 879 2.1936 2.1921 0.0015 0% 

11 903 2.1248 2.1264 -0.0016 0% 

12 1015 1.8625 1.8643 -0.0018 0% 

13 1027 1.8418 1.8398 0.002 0% 

14 1049 1.7997 1.7963 0.0034 0% 

15 1077 1.736 1.7436 -0.0076 0% 

16 1107 1.6933 1.6898 0.0035 0% 

17 1127 1.6505 1.6554 -0.0049 0% 

18 1135 1.629 1.6419 -0.0129 -1% 

19 1157 1.6076 1.6055 0.0021 0% 

20 1167 1.5862 1.5893 -0.0031 0% 

21 1197 1.5432 1.5419 0.0013 0% 

22 1250 1.4572 1.4623 -0.0051 0% 

23 1300 1.3927 1.3926 1E-04 0% 

24 1400 1.2796 1.2732 0.0064 0% 

25 1500 1.1916 1.184 0.0076 1% 

26 1600 1.1044 1.1112 -0.0068 -1% 

27 1700 1.0382 1.0317 0.0065 1% 

28 1800 0.9497 0.9561 -0.0064 -1% 

29 1900 0.9041 0.8976 0.0065 1% 

30 2000 0.8382 0.844 -0.0058 -1% 

31 2100 0.8144 0.8115 0.0029 0% 

32 2200 0.77043 0.78 -0.00957 -1% 

33 2300 0.7272 0.7232 0.004 1% 

34 2400 0.6851 0.6857 -0.0006 0% 

35 2500 0.6633 0.6626 0.0007 0% 

36 2600 0.6227 0.623 -0.0003 0% 

37 2700 0.5851 0.5953 -0.0102 -2% 
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Table 8 SMC gain vs Settling time 

SMC supper Twisting Sliding Surface 

For Gain (k2)=500, Tunning parameter a=500,000, Tunning parameter 

b=8, 𝛾=0.5 

Sr. No. Gain (k1) Settling time 

1 10 0.4063 

2 13 0.3543 

3 16 0.321 

4 17 0.3114 

5 20 0.2842 

6 23 0.2653 

7 25 0.2539 

8 27 0.2446 

9 30 0.2312 

10 33 0.2197 

11 35 0.2164 

12 37 0.2087 

13 40 0.1994 

14 42 0.1968 

15 45 0.1891 

16 47 0.1862 

17 50 0.1784 

18 52 0.175 

19 60 0.1628 

20 63 0.1597 
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21 66 0.1591 

22 70 0.1507 

23 72 0.1495 

24 76 0.1448 

25 77 0.144 

26 80 0.1417 

27 83 0.1396 

28 85 0.1369 

29 87 0.1355 

30 89 0.1341 

31 90 0.1337 

32 93 0.1308 

33 95 0.1302 

34 97 0.1295 

35 100 0.127 

36 103 0.1255 

37 105 0.1241 

38 108 0.1226 

39 111 0.1202 

40 113 0.1194 

41 115 0.1185 

42 117 0.1172 

43 121 0.1157 

44 125 0.1144 
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45 129 0.1119 

46 135 0.1099 

47 137 0.1093 

48 140 0.1084 

49 200 0.09249 

50 300 0.07724 

51 400 0.06954 

52 500 0.06389 

53 600 0.05988 

54 700 0.05757 

55 800 0.05508 

56 900 0.05341 

57 1000 0.05249 

58 2000 0.04746 

59 3000 0.04709 

60 4000 0.05109 

61 5000 0.04832 

62 6000 0.04747 

63 7000 0.04675 

64 8000 0.04718 

65 9000 0.04721 

66 10,000 0.04661 
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 Table 9 Testing Data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Testing data for neural network 

Sr. No. Gain (k1) Desired Settling time Trained Settling time error Error Percentage 

1 15 0.3313 0.3354 -0.0041 -1% 

2 25 0.2539 0.2581 -0.0042 -2% 

3 35 0.2147 0.2141 0.0006 0% 

4 45 0.1891 0.1864 0.0027 1% 

5 55 0.1712 0.1677 0.0035 2% 

6 58 0.1664 0.1633 0.0031 2% 

7 62 0.1607 0.1579 0.0028 2% 

8 72 0.1495 0.1471 0.0024 2% 

9 103 0.1255 0.1256 -0.0001 0% 

10 150 0.1043 0.107 -0.0027 -3% 

11 250 0.08401 0.0834 0.0007 1% 

12 253 0.08357 0.0828 0.0007 1% 

13 257 0.08296 0.0822 0.0008 1% 

14 267 0.08123 0.0806 0.0007 1% 

15 302 0.07703 0.0758 0.0013 2% 
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