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ABSTRACT 

Faults in a controlled plant often deteriorate the system performance. In severe 

cases, faults pose a risk of component damage, plant shutdown or even personnel 

safety. Fault Tolerant Control (FTC) aims at preventing the escalation of rectifiable 

faults to serious failure. A FTC system combines fault diagnosis with 

reconfiguration methods to manage faults intelligently. This thesis focuses on FTC 

systems for Multi-Trailer Articulated Heavy Vehicles (MTAHVs), particularly for 

Active Trailer Steering (ATS) systems. MTAHVs are vital to the trucking industry, 

and it is crucial to enhance their safety, reliability and usability. In this research, a 

4-DOF linear yaw-plane model of a B-Train double is generated. The vehicle model 

is validated using the commercial software package, TruckSim. Additionally, this 

thesis presents an ATS system for the B-Train double. The ATS mechanism is 

modeled as a hydraulic control system, consisting of a hydraulic actuator and an 

electrohydraulic control valve. The hydraulics for the ATS system are validated 

using MathWorks Simscape. To enhance the hydraulic control system’s 

robustness and reliability, FTC is applied. Numerous model-based fault diagnosis 

techniques such as Kalman Filter, Luenberger Observer, parity equations and 

residual generation are employed. Furthermore, for the control system synthesis, 

Linear Quadratic Regulator (LQR) and H∞ control techniques are utilized. Control 

techniques’ influence on FTC is analyzed, and the most appropriate technique is 

proposed for the FTC-ATS control system. Several fault scenarios, such as 

actuator malfunction(s) and sensor failure are explored, and their impact on system 

dynamics is investigated. 
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CHAPTER 1                                                

INTRODUCTION 

1.1. Multi-Trailer Articulated Heavy Vehicles (MTAHVs) 

The trucking industry is a vital component of a country’s economy. It continues to 

be the primary mode of transportation for moving freight. However, with the ever-

increasing oil prices, and global warming concerns, the industry faces an enduring 

demand to enhance the transportation efficiency. So far, single-unit vehicles, such 

as trucks and tractor-semitrailers, have dominated the trucking industry. In the past 

decades, however, Multi-Trailer Articulated Heavy Vehicles (MTAHVs) have been 

introduced, which offer a significant reduction in shipping costs and emissions. 

MTAHVs are a cost-effective, logistically efficient and adaptable solution for freight 

transportation [1]. Moreover, they exhibit superior fuel economy in comparison to 

single-unit vehicles [2, 3].  

MTAHVs can reduce shipping costs in the range of $374 million to $1.9 

billion a year compared to the commonly used tractor-semitrailer combinations [4]. 

In Alberta, Canada, MTAHVs have displayed the capability to reduce the cost of 

shipping by 40%, fuel by 32%, and pavement wear by 40% [5]. MTAHVs have 

demonstrated the potential to save nearly $320 million, and 70 million liters fuel a 

year in Ontario, Canada [6]. Additionally, such vehicles promote traffic 

decongestion and have a substantial impact on reducing greenhouse gas 

emissions [4-8]. 
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1.2. Configuration of MTAHVs 

A MTAHV comprises of a towing unit and two or more trailing units coupled by 

articulation joints. The leading unit, typically, consists of a steerable axle at the 

front end followed by one or more rigid axles at the rear. The trailing unit is termed 

as a trailer. Generally, trailers can be categorized as full trailers or semitrailers. In 

a full trailer, running gear support the trailer’s load at its front and rear ends, 

whereas in a semitrailer, the load is supported by the running gear at the rear end 

and by the leading unit at the front end [1, 3]. Vehicle units connect to one another 

by means of mechanical couplings, such as dollies, hitches, pintles and fifth-

wheels [1, 3]. 

MTAHVs may be classified as A, B and C Trains depending upon the 

mechanical coupling employed to connect the trailers. A-Train is a combination of 

a tractor-semitrailer towing one or more trailers using a converter dolly as a 

mechanical coupling for connecting the semitrailers. Despite being the most 

commonly used configuration, A-Trains exhibit poor lateral stability at high-speeds 

[1, 6]. The B-train configuration successfully mitigates the poor lateral stability 

problem by employing fewer articulation joints [1]. In a B-Train, the towing trailers 

include extended frames, on which the fifth-wheel coupling is mounted for 

accommodating the towed semitrailers [1]. Such configurations however, pose 

logistical concerns, as they require special towing units. Conversely, in an A-Train 

a conventional semitrailer can be used at any position. Similar to A-trains, C-Trains 

employ converter dollies to connect the trailers [1]. However, unlike an A-Train, a 

C-Train’s dolly does not allow articulation between the dolly and the vehicle unit(s).  
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1.3. Motivation 

Despite their numerous benefits, MTAHVs’ poor directional performance restricts 

their applications [6]. In Ontario, Canada, MTAHVs are allowed to operate 

exclusively on designated freeway networks and approved municipal roads. 

Moreover, they cannot carry Gross Vehicle Weight greater than that of a 

conventional tractor-semitrailer [6]. Similarly, in USA, under the Intermodal Surface 

Transportation Efficiency Act of 1991, MTAHVs are permitted in merely “19” of 50 

states due to concerns of safety and infrastructure damage [6, 9].  

MTAHVs exhibit reduced low-speed maneuverability and diminished high-

speed lateral stability. The reduced low-speed maneuverability occurs due to the 

increased overall length and addition of unit(s) [1, 7]. This leads to large path-

following off-tracking (PFOT), rendering them unsuitable for narrow city roads. The 

curtailed high-speed lateral stability arises due to increased number of articulated 

joints. These drawbacks often make MTAHVs prone to unstable motions, such as 

trailer sway, jack-knifing and rollover [6-8].  

Research shows that in USA and Canada nearly 23% of all heavy vehicle 

accidents are associated with rollover [10, 11]. In USA alone, each year there are 

over 25,000 rollovers of commercial trucks including tractor-semitrailers [10, 12]. 

Moreover, accidents involving heavy vehicles cause greater damage and injury.  

Australian Performance Based Standards (PBS) specify static rollover 

threshold, rearward amplification (RWA) ratio, and yaw damping coefficient as 

high-speed directional performance measures for ensuring vehicle stability [13, 
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14]. Static rollover threshold, defined in terms of peak lateral acceleration, is a 

standard measure of vehicle’s roll stability [6, 15], as rollover tends to occur while 

negotiating high-speed sharp (high lateral acceleration) corners [6, 15]. It is 

interesting to note that the static rollover threshold for most passenger cars is 

larger than 1 g; for light trucks, vans and SUVs the threshold is in the range of 0.8-

1.2 g; whereas for MTAHVs the threshold is less than 0.5 g [6, 15].  

MTAHV’s high center of gravity (CG) and relatively narrow track width 

renders them particularly susceptible to rollover [6-7, 13]. Moreover, in articulated 

vehicles including MTAHVs, the rearmost trailer has the highest tendency to 

rollover [13], which is usually ascribed to a phenomenon known as rearward 

amplification or RWA.  

RWA causes the rearmost trailer to reach a higher maximum lateral 

acceleration than that of the towing unit, especially under high-speed evasive 

maneuvers [13, 16-18]. The performance measure, RWA ratio, is defined as the 

ratio of the peak lateral acceleration at the rearmost trailer to that of the towing 

unit, at their respective CG’s, under an obstacle avoidance lane-change maneuver 

[1, 13]. The maximum RWA ratio acknowledged by the PBS is associated with the 

static rollover threshold [13, 19-23]. Further, vehicle’s roll stability is highly 

dependent on the RWA ratio [13, 18]. The aforementioned concerns discredit the 

benefits offered by MTAHVs. Hence, it is necessary to address these concerns in 

order to facilitate their large-scale commercialization. 
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Numerous control technologies such as anti-roll control, differential braking and 

active trailer steering have been proposed to enhance the low-speed and high-

speed performance of MTAHVs [6, 13]. Amongst these, a promising technology is 

Active Trailer Steering (ATS) [6-8, 13]. ATS comprises of steerable trailer axles, 

where a suitable control system generates the optimal steering angle depending 

on the low-speed and high-speed requirements [6-8, 13]. Although, systems such 

as ATS are very crucial for MTAHVs directional performance, like other cited 

technologies, ATS is still under development and not utilized commercially.  

So far, ATS systems have been restricted to laboratory experiments and 

simulations. This limited use of ATS can be attributed to numerous reasons, 

though the primary causes are system performance in real-life and in presence of 

faults and failures. Faults in a control system can adversely affect its performance. 

Moreover, in some cases, seemingly benign faults can propagate to cause 

disastrous system failures. Hence, the need for a fault tolerance scheme arises to 

combat situations where faults may cause such systems to fail and induce 

accidents.  

Fault Tolerant Control (FTC) systems take into account scenarios where 

some arbitrary fault can occur in a controlled plant, which may degrade the 

robustness of the system and cause systems failures. In other words, a fault 

tolerant controller can detect the existence of a fault within the plant and respond 

to counteract or diminish the faulty behavior within the plant [25].  

 



6 
 

In the last few years, FTC has been applied to innumerable automotive systems 

and sub-systems such as drive-by-wire systems, electronic steering, feedback 

sensors, and so on [26, 27]. Considering its potential to maintain system capability 

in presence of faults, it can be particularly beneficial for MTAHVs, where real-life 

applications are still a major concern. Hence, in this research, the primary focus 

will be to develop a fault tolerant system for MTAHV’s ATS systems to enhance 

their safety characteristics and aid them to achieve widespread implementation. 

1.4. Thesis Contributions 

Contributions made towards implementing FTC in MTAHVs have been 

summarized in this section. The prime focus of this research has been to apply 

FTC techniques to ATS systems. 

FTC relies on analytical redundancy methods to investigate the propagation 

of faults in a system. Generally, these methods are based on the physical system’s 

mathematical models. Thus, a 4DOF linear model for a B-Train double is 

developed, followed by model validation using TruckSim software package.  

Since actuators significantly affect a control system’s performance, an 

effective control system design must consider the actuator’s dynamics. In this 

research, for the first time the effects of actuator dynamics on an ATS control 

system are considered. To allow the study of actuator dynamics, a linear model for 

an ATS Hydraulic Actuation (AHA) system is developed.  The AHA system model 

is verified using MathWorks Simscape software package. 
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The thesis presents ATS control systems based on the Linear Quadratic Regular 

(LQR), and H∞ control techniques. A comparative analysis of the LQR and H∞ 

based ATS controllers is performed under complex high-speed maneuvers. In 

addition to studying the effects of actuator dynamics on the above control 

techniques, both control techniques are analyzed for suitability to the FTC-ATS 

scheme. 

An important aspect of FTC is the supervision system or the Fault Detection 

and Diagnosis (FDD) sublayer, which is responsible for fault detection, fault 

isolation and fault magnitude estimation. This thesis presents a novel FDD system, 

specifically, to predict the impending faults in an ATS control system. Moreover, 

two FDD methods, Luenberger Observer and Kalman Filter, are compared under 

a variety of simulated test conditions. Analytical redundancy tools such as Kalman 

Filters, residual generation and parity equations, have been used to develop a 

comprehensive FDD system.  

A FTC scheme defines certain failure modes, which instruct the active 

control system to remain operational or shutdown in case of a failure. This thesis 

presents a FTC scheme to regulate the ATS control system during fault 

occurrences. Software-In-the-loop (SIL) simulations for the FTC system are 

performed using MATLAB/Simulink and TruckSim platforms. The vehicle’s high-

speed lateral stability is analyzed under Single-lane Change (SLC) and Double-

lane Change (DLC) maneuvers. Various cases of faults, such as actuator failure, 

and sensor failure are explored, and their impact on system performance is 

examined. 
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1.5. Thesis Organization 

Chapter 1 introduces the MTAHVs, and their different configurations. Moreover, 

the advantages and limitations concerning their performance and design 

conflictions are discussed. Further, it highlights the motivation behind this research 

and novelty of the work conducted.  

Chapter 2 presents a comprehensive literature review concerning the 

previous research conducted on ATS systems for MTAHVs. Furthermore, various 

fault tolerant diagnosis and identification techniques are discussed. Chapter 3 

discusses the systems modeling and validation of the 4DOF linear vehicle model 

and the ATS Hydraulic Actuation (AHA) system model.  

Chapter 4 establishes the FTC-ATS scheme. LQR and H∞ controllers are 

synthesized and their effectiveness in enhancing system performance is 

discussed. Moreover, the effects of actuator dynamics are examined. Kalman Filter 

and Luenberger Observers are applied to design a fault diagnosis framework. 

Finally, a novel FTC scheme is developed and investigated using TruckSim vehicle 

model. Chapter 5 provides the conclusion and suggestions for future research 

work. 
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CHAPTER 2                                                

LITERATURE REVIEW 

2.1. Introduction 

This chapter aims at introducing the concepts of ATS, and FTC. In addition, it 

presents a comprehensive literature review concerning the previous research 

conducted on ATS and FTC. Furthermore, it discusses the control techniques 

employed for ATS implementation, and numerous FTC techniques. 

2.2. ATS systems for MTAHVs 

Attaining reasonable low-speed maneuverability and high-speed lateral stability is 

a challenging task, as these characteristics leads to conflicting design features. To 

ensure optimal trade-off between low-speed and high-speed performance of 

MTAHVs, ATS has been proposed [6-8, 13]. Active trailer steering for a MTAHV 

consists of a one or more steerable axles located in the trailer(s), where closed-

loop feedback control modulates the optimal steering input. The actuation occurs 

using hydraulic or electronic actuators. 

The Multi-disciplinary Vehicle System Design Laboratory (MVSDL) 

research group at the University of Ontario Institute of Technology (UOIT) has 

conducted numerous studies to evaluate the efficacy of the ATS technique for 

enhancing the lateral dynamics of Articulated Heavy Vehicles (AHVs) [6-8, 10, 13, 

28-30]. He and Islam presented an ATS design methodology for articulated heavy 

vehicles to achieve an optimal tradeoff between maneuverability and lateral 

stability [28]. Wang developed an ATS system for a MTAHV using a model 

reference adaptive control (MRAC) technique [7]. The MRAC technique 
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demonstrated enhanced lateral dynamics despite parametric uncertainties such as 

vehicle forward speeds and trailer payloads. Moreover, the system was analyzed 

using driver-hardware-in-the-loop (DHIL) real-time simulation [7, 29].  He and Islam 

published an integrated design method employing ATS to enhance the lateral 

stability and path following off tracking of AHVs [30]. Zhu developed a coordinated 

control strategy for MTHAVs employing Trailer Differential Braking (TDB), Active 

Roll Control (ARC) and ATS as active control techniques [6]. The research 

reinforced the superiority of the ATS technique in enhancing lateral stability. In 

another study, ATS was applied to an A-Train MTAHV and corroborated using 

Hardware-In-the-Loop (HIL) testing [10].  

Cambridge Vehicle Dynamics Consortium (CVDC) developed an active 

steering system for a tractor-semitrailer combination. The proposed system 

enhances the path-following ability, by manipulating the steering angles of 

semitrailer axles, which allows the semitrailer’s rear end to effectively follow the 

tractor’s fifth-wheel’s trajectory [32]. The strategy improves maneuverability and 

reduces tire scrubbing at low-speeds, while improving stability and dynamic 

response of the vehicle at high-speeds. Cheng et al. [33] proposed an ATS 

controller for a tractor-semitrailer combination to augment the vehicle’s path-

following ability in low-speed maneuvers and improved roll stability in transient 

maneuvers.  Cheng and Cebon implemented ATS using the LQR control technique 

for optimizing the roll stability and path following ability of articulated heavy 

vehicles by minimizing a combination of the path-tracking deviation and the lateral 

acceleration of the semitrailer [34].  
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Rangavajhula and Tsao developed an active trailer steering system for articulated 

heavy vehicles to improve the low-speed stability and path following off tracking 

[35-36]. Kyong-il kim et al. developed an active steering controller for a tractor-

trailer configuration based on the LQR control theory. The controller was designed 

to follow the desired yaw rate and minimize the vehicle’s side-slip angle 

simultaneously. Results illustrate significant improvements in the vehicle’s low-

speed maneuverability and high-speed stability [37].  

Abroshan et al. suggested a combined fuzzy logic and PID based controller 

for an automated-steering articulated vehicle. The proposed vehicle aimed at 

reducing low-speed off tracking by implementing steerable axles for both tractor 

and trailer. Moreover, the tractor and trailer were independently controlled. The 

simulation results indicate enhanced maneuverability with accurate path following 

[38].  

ATS systems have the ability to enhance both the low-speed and high-

speed performance of AHVs. However, physical implementation of such systems 

entails substantial costs. Moreover, ATS is a complex array of numerous sub-

systems. Generally, an ATS system consists of a modified steering axle, a 

hydraulic actuator, fluid reservoir, a hydraulic power supply, a control valve and 

ancillary systems such as accumulators, locking mechanisms and so on [39]. 

Moreover, it requires a complex control architecture to facilitate smooth interaction 

between these components. Hence, ATS systems have had limited commercial 

applications, and so far most systems have been applied using the numerical 

simulation environment. 
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Although few commercial ATS systems exist [39], they are primarily designed for 

single unit vehicles such as trucks, and tractor-semitrailers. Commercial ATS 

systems for MTAHVs are very rare. Moreover, compared to single unit vehicles, 

ATS systems for MTAHVs are more expensive. The primary reason being the 

augmented complexity of such vehicle configurations. Hence, practical 

implementation of ATS in MTHAVs has been restricted to prototype vehicles [39].  

In 2010, Odhams et al. [39] implemented a physical ATS system in a B-

Train double. The study employed the CT-AT-AT (Conventional Tractor-Active 

Trailer-Active Trailer) control strategy to improve steady-state off tracking and 

trailer sway simultaneously. Moreover, the vehicle’s performance was evaluated 

during both forward and reverse motion. Results suggest that ATS can significantly 

improve the vehicle’s dynamic behavior. Specifically for MTAHVs, ATS is essential 

to allow sufficient maneuverability [39]. Although a physical ATS system is complex 

and involves high implementation costs, such costs may be justifiable considering 

the numerous benefits offered by such systems. 

2.3. Control Techniques for ATS 

Numerous control techniques have been investigated for implementing ATS 

systems including Proportional Integral Derivative (PID) [40], LQR [6-8, 10, 13, 28-

36], H∞ [10, 41], Sliding Mode Control (SMC) [6, 42-43] and Fuzzy Logic control 

[38, 44-45]. This section discusses the most commonly applied ATS control 

scheme, i.e. LQR, followed by a comprehensive literature survey of H∞ based 

controllers employed in vehicle dynamic control. 
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2.3.1. LQR Control 

LQR based ATS control systems have been widely investigated [6-8, 10, 13, 28-

36]. Predominantly, LQR based ATS systems have been applied to enhance the 

lateral stability and maneuverability of articulated vehicles [31, 46-47]. Such 

systems aid in achieving optimal trade-off between vehicle’s maneuverability and 

lateral stability [28].  

LQR based controllers exhibit superior performance in comparison to other 

traditional control strategies, such as PID [7, 24]. They employ full-state feedback 

to stabilize the system. Moreover, such controllers are comparatively 

straightforward to synthesize [7]. Therefore, LQR based controllers are widely 

implemented to optimize and stabilize active systems.  

Despite their widespread application(s), LQR based controllers exhibit 

certain robustness concerns. In the presence of system uncertainties and external 

disturbances, they are unable to regulate complex systems [7, 24, 48]. Specifically, 

LQR based controllers fail to compensate the discrepancies between the system 

model and the real system, and the presence of noise [48]. Therefore, for 

controlling a complex system such as a MTAHV, it is vital to adopt a robust control 

technique that can achieve optimal performance despite system uncertainties. 

Controllers based on the H∞ technique are considered robust [50]. The H∞ 

technique is considered superior compared to the LQR control technique, which 

may not always ensure robustness [51].  
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2.3.2. H∞ Control 

Robustness is a crucial design criteria considered while designing controllers. H∞ 

based controllers exhibit robustness against system uncertainties while 

guaranteeing system stability and noise rejection [50]. Moreover, the H∞ technique 

handles the model uncertainties, un-modeled dynamics and the disturbances in 

the system effectively [52]. Ever since its advent in 1980s [53], the H∞ technique 

has been regarded as a powerful tool for handling complex uncertain systems [50].  

In vehicle control studies, the H∞ technique is utilized extensively. However, 

most of the research conducted so far has been limited to single unit vehicles. So 

far, the H∞ technique for ATS systems in articulated heavy vehicles has received 

little consideration [6].  

Horiuchi et al. [54] suggested an active steering control strategy for a four-

wheel steering (4WS) vehicle using a 2DOF (feedback and feedforward) H∞ 

control system. The control system was designed to track the vehicle’s desired 

yaw rate and lateral acceleration responses. The feedback controller was 

incorporated to enhance the system’s robustness, whereas the feedforward 

controller was employed to ensure accurate reference following while minimizing 

the control signals. The proposed controller was installed on a test vehicle and 

good referencing tracking was observed. Another H∞ based controller was 

proposed for a 4WS vehicle [55]. The control objective was to reduce the peak 

values of yaw rates, lateral accelerations and sideslip angles under high-speed 

maneuvers. The 4WS demonstrated preferable behavior of the three performance 

measures [55].  
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In 2013, Zhao et al. [56] designed a H∞ based controller for an active front steering 

(AFS) system. The control objective was to ensure robust performance and 

stability, while maintaining adequate steering feel [56].  Simulation results revealed 

that the proposed H∞ controller delivers enhanced performance and stability.   

Generally, road vehicles experience large parametric uncertainties. Linear 

parameter-varying (LPV) H∞ methods are suitable for systems with large 

uncertainties [50]. Güvenç et al. [57] developed a 2DOF H∞ steering controller for 

improving a passenger car’s yaw dynamics by applying the LPV H∞ technique. 

Moreover, the controller was gain scheduled using a combination of different 

forward speeds and road-adhesion coefficients. The traditional front steering 

mechanism was integrated with an auxiliary-steering actuation system to provide 

driver assistance. Control system was designed to permit the driver to perform low 

frequency driving and to impart corrective action only when necessary [57]. Linear, 

nonlinear and HIL simulations were performed to establish the control system’s 

efficacy. Pushkar et al. [58] proposed a LPV H∞ based controller for implementing 

automated lane keeping in a tractor-trailer combination. The study emphasized the 

benefits of linear control techniques. Linear controllers offer ideal tradeoff between 

steering action, passenger comfort, robustness and tracking performance [58]. 

Chen et al. [59] proposed an adaptive fuzzy elimination based H∞ 

technique. The H∞ control strategy was applied in a wheeled robot vehicle system 

to achieve robust tracking performance, despite the presence of parametric 

uncertainties and external disturbances [59]. In 2014, Sun and Yan developed a 
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robust H∞ fuzzy control design method for a virtual truck-trailer combination. The 

controller was evaluated using the Lyapunov function for a non-linear system. [60]. 

A robust fault tolerant H∞ based controller was suggested for active 

suspension systems [61]. According to the study, the controller synthesis 

considers presence of actuator faults and external disturbances. Moreover, 

suspension deflection and actuator saturation were included. System performance 

was investigated using a full car model [61]. 

2.4. Fault Tolerant Control (FTC) 

2.4.1. Introduction 

A “fault”, within a plant, is defined as the aberration of system characteristics and 

performance parameters [25]. In the event of a fault occurrence, the interaction 

between the different components and sub-systems is hampered, which can lead 

to erroneous feedback and loss of system functions. Examples of such faults 

include actuator failure, the loss of a sensory information etc. [25].  

It is imperative to detect “faults” timely and stop their propagating effects in 

an aim to avoid the deterioration of the system performance or any damage to 

exposed machines [25]. Effectively controlled measures should be taken in order 

to make the system fault tolerant. FTC is mainly concerned with the interaction 

between the system and the controller. If the system exposed to faults comprises 

of a control algorithm that is capable of adapting to the faulty plant after a short 

interval of noted degraded performance, such systems are fault tolerant [25].  
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A fault tolerant controller includes feedback and feedforward control law, and a 

decision-making layer that regulates the controller’s configuration. FTC analyses 

the behavior of the plant, identifies faults in the system, and accordingly 

reconfigures the control law to ensure acceptable closed-loop system performance 

[25]. 

Control systems are intended for regulating an error-free plant, where the 

criteria are to meet the performance requirements using closed-loop feedback [25]. 

FTC systems, however, take into account the scenario where some faults can 

occur in the plant, which may degrade the robustness of the system and cause 

systems failures. In other words, a fault tolerant controller can detect the existence 

of a fault within the plant and respond to counteract or diminish the faulty behavior 

within the plant. 

2.4.2. Approaches to FTC  

FTC is classified into two categories, namely active and passive FTC. Active FTC 

responds to occurrence of fault in real-time [25, 62-64, 66]. Although the 

performance of the plant might degrade during fault occurrence, its functionality 

remains within acceptable limits. Active FTC scheme comprises of two key stages, 

namely Fault Detection and Diagnosis (FDD) and Control-loop Reconfiguration. 

FDD is responsible for detection of faults that may occur in the plant, whereas the 

latter is responsible for adjusting the control loop to maintain the plant's 

functionality [25]. In order to execute these steps, a supervision system is 

employed which supervises the FDD and actively regulates the control loop [25].  
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An alternative approach towards FTC is Passive fault tolerance. Passive FTC 

works only on predefined failure modes. In this FTC strategy, the design is fixed 

and the control loop can only adapt to faults that have minor effects on the plant’s 

performance [25, 62-64].  

Physical and analytical redundancy are the two primary methods employed 

in FTC systems. Physical redundancy method employs additional redundant 

components, such as additional sensors and actuators, to ensure fault tolerance. 

Fault diagnosis is performed through limit checking or spectral analysis of selected 

signals. If a fault is diagnosed, the controller switches to a redundant component. 

Due to the unreasonably high complexity and cost, such methods are 

predominantly applied to safety-critical systems [25].  Moreover, physical 

redundancy method demands a specific measurable signal to indicate fault 

occurrence of every fault possible in the system. In complex systems, specific 

signals pertaining to every possible fault cannot be generated. In addition, it is 

expensive to measure all such signals [25].  

Hence, the analytical redundancy method, better known as model-based 

FTC, is preferred, where mathematical models are utilized to perform fault tolerant 

control [25]. Fault diagnosis is performed by comparing the actual output 

measurements to its mathematical model. The system adapts to the faulty situation 

such that the closed-loop system satisfies the expected performance criteria. 

Model-based FTC is computationally efficient and less expensive in comparison to 

the physical redundancy method [25]. 
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2.4.3. FTC in ATS systems  

So far, FTC has been primarily employed in the aerospace industry. Modern 

airplanes rely on FTC and it is indispensable in Space travel. FTC in vehicle 

systems control and design is an emerging research discipline. The advance in 

modern technology and technical processes has created a demand for enhanced 

system performance and safety [27]. Since FTC is directly concerned with safety 

and reliability of systems, fault tolerant strategies have become critical [63, 64]. 

Furthermore, the upsurge towards integrated control has led to augmented 

complexity, which dictates stringent requirements for the control architecture [63]. 

In addition to smart actuators, sensors and FTC, reliable communication 

architecture is required to achieve a dependable fault tolerant system [63].  

Being an emerging technology in the automotive industry, fault tolerance of 

ATS systems has received negligible consideration. So far, most commercial ATS 

systems only consider certain “fail-safe” modes, where the active system is shut 

down in case of a failure. In certain commercial systems, the active axles are 

“locked” at high-speeds, by using a mechanized locking mechanism [65]. Few ATS 

technologies are equipped with self-centering devices, which allow the active 

axle(s) to return to an “unsteered” configuration during fault occurrence [65]. 

Whereas, other ATS systems employ additional actuators to allow redundancy in 

the system during particular failure scenarios. Since an ATS system significantly 

alters the vehicle’s dynamics, it is imperative to investigate all aspects of the 

system, particularly, under faults, and failure scenarios. So far, very few studies 

have investigated this aspect of ATS systems, one such study is discussed below. 
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Odhams et al. [65] investigated the dynamic safety of an ATS system for a tractor-

semitrailer. The study focused on specific issues associated primarily with the 

safety systems. The application of safety system(s) (for e.g. axle’s centering 

system) under dynamic fault conditions was studied. Moreover, the influence of 

the safety system’s intervention on the vehicle’s dynamic behavior was examined, 

such as the rapid centering of the axles during an emergency maneuver, which 

may result in high lateral acceleration and render the vehicle susceptible to 

rollover. Furthermore, the performance of the ATS system was evaluated under 

external disturbances, such as wind gusts and split-friction braking. The ATS 

system featured dedicated sensors for performance monitoring [65]. 

2.5. FTC Tools and Techniques 

2.5.1. Model-based FDD Methods 

FDD is an integral part of the FTC framework. So far, numerous FDD techniques 

have been developed to ensure safe and reliable performance of complex systems 

[63, 64, 66-70]. As discussed in the Section 2.4.2, these techniques can be 

categorized into physical and analytical redundancy techniques. Considering the 

benefits of the latter, this research focuses on developing a FDD framework by 

employing analytical redundancy or model-based fault detection techniques. 

Isermann [68] defines parameter estimation, observer and state estimation 

and parity equations as the primary methods for model-based fault detection. 

Parameter estimation method can diagnose multiplicative faults within the system. 

Multiplicative faults occur due to parametric variation and tend to alter the system’s 

dynamics. A comparison of reference parameters and estimated parameters can 
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indicate fault occurrence and fault magnitude. Moreover, this method is suitable 

for discrete time and multi-input-multi-output (MIMO) systems [68].Since online 

estimation of parameters is challenging and expensive, data acquired from the 

parameter estimation approach is extremely valuable [68]. However, Jeppensen 

and Cebon [70] suggest that parameter estimation method is more suited for 

diagnosing non-safety critical and slow-acting faults, such as faults that occur due 

to wear. 

By employing observer and state estimation method, a comprehensive fault 

detection and diagnosis framework can be created. Moreover, it allows detailed 

modeling of faults by distinguishing multiplicative and additive faults. However, this 

method relies heavily on the accuracy of system model and parameters. Isermann 

[68] further classifies observer and state estimation method into five categories. 

The first is termed as dedicated observer scheme [68], where each observer is 

defined by one output. This method permits detection and diagnosis of multiple 

sensor faults. In the second scheme, known as the generalized observer scheme, 

observers are defined using all but one measurements. This method is more robust 

as it can observe multiple sub-systems simultaneously [68-70]. In the third 

scheme, observers are defined using all measurements. The fourth employs 

Kalman filters to detect stochastic changes in the system. In the last scheme, fault 

detection filters are specifically synthesized to allow detection of faults [68].  

Parity equations method is applicable for additive faults [68].Similar to 

observer and state estimation method, this method requires a reference model to 

predict faulty behavior. However, it is comparatively easier to implement [68]. 
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Observer and state-estimation methods are extensively used to create effective 

and reliable FDD systems. Most model-based FDD methods, including the 

observer and state-estimation method, employ residual signal generation for fault 

detection [66-70]. A residual signal represents the error between estimated value 

and measured values. Specifically, it detects the underlying discrepancies in the 

real system by means of comparison with a reference model [69, 70]. Ideally, the 

residual should be zero during nominal operating conditions, but large in the 

presence of faults [70].  

Observed-based FDD involves estimating the output from the available 

measurements and creating residuals through weighted output estimation errors 

[71]. You et al. [72] suggest that current observer-based FDD techniques are ill 

equipped to deal with both sensors and actuators faults.  Sensor faults reduce the 

system’s observability by losing reliable measurement information, whereas 

actuator faults affect the ability to control the system through one of the actuators 

[71]. Although an ideal FDD framework must diagnose both sensors and actuator 

faults, most studies assume that either actuators or sensors are at fault [72]. 

Effective fault diagnosis of multiple components and system generally 

necessitates a combination of multiple observers, such as yaw rate versus lateral 

acceleration sensors [66, 72]. Besides a single observer can only perform fault 

detection but not diagnosis. Even though reducing the number of observers leads 

to a less complex and computationally efficient FDD scheme [72], using multiple 

observers seems to be the more promising approach for model-based fault 

detection techniques [72]. 
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Fault diagnosis involves isolating the faulty component (sensor or actuator) [70]. 

This can be a challenging task. Hence, to facilitate a robust fault diagnosis 

framework, certain assumptions are made. It is assumed that all possible faults 

are already considered while designing the diagnosis system. Moreover, it is 

assumed that only one fault occurs at a time [68-70].  

An observer estimates the states of a system using known input and output 

measurements. Generally, observers are employed to estimate a system’s states, 

which are difficult to measure with conventional sensors, e.g. flame temperature 

of a jet engine’s exhaust. However, in the FDD framework they provide analytical 

redundancy for some sensors. As previously discussed, observer-based FDD 

methods utilize residuals to generate fault indicator(s).  Fault indicators are further 

processed to determine the occurrence, magnitude and location of faults. The 

following sections discuss the fundamental observer and state estimation 

techniques, Luenberger Observer and Kalman Filter. Moreover, it presents a 

literature survey of their applications. 

2.5.2. Luenberger Observer 

Luenberger Observers can approximate missing information about the system’s 

states [73]. They are generally applied to deterministic continuous-time systems 

[73]. Numerous studies have utilized Luenberger Observers to develop FDD 

schemes [71, 74-76]. Hu et al. [74] developed an adaptive Luenberger observer-

based technique for online estimation of the battery pack’s State of Charge (SoC) 

in an electric vehicle. The study featured adaptive regulation of observer gain. The 

results affirmed the observer’s capability to estimate the battery pack’s SoC [74]. 
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Ibaraki et al. [75] proposed a fault detection filter based on the Luenberger 

Observer for the lane-keeping control systems of automated intelligent vehicle 

highway systems (IVHS). The Luenberger Observer was designed using the H∞ 

loop-shaping methodology. To satisfy robustness requirements, the observer was 

retuned using constraints defined on the frequency components of the residual. 

Moreover, results indicated that frequency shaping of residual signals aid in 

reducing missed detection and false fault detection rates [75]. 

Cherouat et al. [76] presented an algorithm to observe the vehicle’s sideslip 

angle and the yaw rate using rotational wheel speeds and lateral acceleration 

measurements. The study employed a Luenberger Observer based on a nonlinear 

passenger car model.  Additionally, a Lyapunov function was used to synthesize 

and stabilize the observer. Simulation results depicted excellent agreement 

between the predicted and actual measurements of vehicle’s sideslip angle and 

yaw rate [76]. 

2.5.3. Kalman Filter 

Kalman Filters are widely applied because of their ability to handle both stochastic 

and deterministic systems. Moreover, in the presence of noise, they exhibit 

superior estimation performance. Since their introduction in 1960 [77], Kalman 

Filters have shown wide-ranging applications [78-81]. The Apollo Moon Landings 

Project utilized a Kalman Filter to aid navigation by estimating the spacecraft’s 

trajectories while travelling in space [78]. However, the following discussion is 

restricted to use of Kalman filters in vehicle dynamics control, where they are 

employed as an estimator to predict system states. 
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Sivashankar and Ulsoy [79] proposed a novel approach to accurately measure 

vehicle’s yaw rate using a steering angle sensor and two accelerometers. The 

study aimed at providing an inexpensive alternative to commercial yaw rate 

sensors. Since accelerometers generally produce noisy measurements, the 

suggested method involved a combination of the kinematic and dynamics 

estimates of yaw rate to predict vehicle’s true yaw rate. The kinematic estimate 

was calculated by using the measurements from the two accelerometers located 

on left and right side of the vehicle’s CG, whereas the dynamic estimate involved 

a linear vehicle model coupled with a Kalman Filter. The combined approach 

optimally weighted the combined estimation based on the sensor noise 

characteristics and employed a gain scheduled filter to compensate for vehicle’s 

forward speed [79]. The proposed method was analyzed using linear and nonlinear 

vehicle models. Moreover, sensor noise data were recorded on an actual vehicle.  

Results indicated that the method effectively predicts yaw rate in presence of 

system noise and could be an excellent alternative to conventional yaw rates 

sensor. Furthermore, the authors suggested that by fine-tuning the Kalman Filter, 

employing gain scheduling, and defining tire operational limits, extremely accurate 

yaw rate estimation is possible [79]. 

Venhovens and Naab [80] explored the effectiveness of Kalman Filter in 

driver assistance systems and vehicle dynamics estimation. They proposed 

implementation of Kalman Filter in the vehicle’s adaptive cruise control system. 

The suggested method predicted the position of the relevant targets, thereby 

assisting the adaptive cruise control system to avoid any collisions [80].  
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Authors further evaluated Kalman filter’s performance during lane-keeping control. 

To devise a control strategy, disturbances to lane-keeping, such as cross-winds or 

road super-elevation, were modeled as additional steering inputs. Since steering 

input is proportional to yaw rate, any steering input that does not produce yaw 

motion would be caused by external disturbances [80]. By means of a Kalman 

Filter and a linear vehicle model, the strategy could predict magnitude of external 

disturbances, which would otherwise be very difficult to measure. Furthermore, 

they demonstrated vehicle’s yaw rate estimation using Kalman Filter. Yaw rate was 

estimated by using noisy rotational wheel speed measurements. Moreover, to 

compensate for change in wheel speeds due to tire slip angles, the study 

presented a first-order transient tire model [80]. Additionally, a technique for 

estimating front-axle’s lateral velocity using wheel speeds was presented. Kalman 

Filter demonstrated reasonable results in all applications. 

In 2013, Emirler et al. [81] proposed a technique for estimating a vehicle’s 

yaw rate using a virtual sensor. The virtual sensor contained kinematic estimates 

of yaw rate and a forward-speed scheduled Kalman Filter. Kinematic yaw rate 

estimates were computed using rotational wheel speeds, dynamic tire radius, and 

steering angle measurements, whereas the Kalman Filter utilizing a linearized car 

model with speed-based gain scheduling [81]. Hardware-in-the-loop simulation 

was performed and the virtual sensor successfully estimated the yaw rate. 

Additionally, the simulation results were corroborated with actual road testing data 

to demonstrate the effectiveness of the virtual sensor by comparing the estimated 

yaw rate from the virtual sensor with the actual yaw rate of the vehicle [81].  
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2.6. Summary 

MTAHVs are vital to the trucking industry. Hence, to ascertain their widespread 

application, it is essential to address certain concerns related to their safety and 

stability. ATS systems provide the necessary solution to address these concerns. 

As discussed in this chapter, ATS systems have enabled noteworthy improvement 

in low-speed maneuverability and enhanced high-speed lateral stability for 

MTAHVs. Since an ATS system significantly influences the stability and dynamic 

characteristics of MTAHVs, it is essential to ensure its safe operation. Similar to 

most industrial systems that requisites heavy load requirements, ATS systems 

employ hydraulic actuation systems. Hydraulic systems can experience sudden 

failure due to oil leakage, chattering, sensor failure and so on. This mandates the 

need of a fault tolerant control strategy, which is capable of detecting impending 

failure(s) and able to regulate the system to maintain functionality. Such a system 

ensures the safety of the physical system by performing continuous monitoring and 

diagnosis of possible faults.  

This chapter reviewed numerous applications of FTC with a specific focus 

on vehicle dynamics. Although the literature advocates the usability of such 

systems, real life applications of FTC in vehicle dynamics, particularly for heavy 

vehicles is limited. Most studies are based on numerical simulations. Even though 

such approaches have produced deep insights into the usability of FTC, the 

complications faced by actual hardware and signals must be addressed before 

model-based FTC schemes are widely adopted.  
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CHAPTER 3                                                   

VEHICLE SYSTEMS MODELING and VALIDATION 

3.1. Introduction 

Physical systems are inherently nonlinear. Unlike a linear system, nonlinear 

systems do not exhibit proportionality between the change of input and the change 

of output. Moreover, it is difficult to capture all the complex nonlinear dynamics 

while defining a system model. Therefore, modeling a non-linear physical system 

is a challenging task. Although incorporation of nonlinear elements in a model 

enhances its accuracy, it substantially decreases the computational efficiency. 

Thus, for applications such as controller synthesis, stability analysis and parameter 

optimization highly complex models are simplified and linearized around 

predefined operating points. Moreover, most control strategies necessitate the use 

of linear models. Simplified linear models usually include the salient dynamic 

features of the system. 

Despite their advantages, simplified linear models can lead to low fidelity 

[3]. Hence, the accuracy of such models is established by comparing their 

responses with those of high fidelity modeling software in standard test conditions. 

In this chapter, a linear model for the B-Train double is developed and validated 

using TruckSim software package. Moreover, a hydraulic system model for the 

ATS is developed. Modeling the hydraulic control system is necessary to develop 

fault diagnosis strategies, and to analyze the effects of actuator dynamics on the 

closed-loop system. The hydraulic system model is validated using MathWorks 

Simscape software. 
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3.2. Linear Yaw-Plane Model 

Figure 3.1 Configuration of the linear B-Train double model. 

Fig. 3.1 displays the linear yaw-plane model representing the B-Train double. The 

system has been telescoped laterally, where a single tire represents each axle. 

The linear vehicle model consists of 4 Degrees of Freedom (DOF), where the 

considered motions the include lateral velocity 𝑉𝑦1, and yaw rate �̇�1,of the tractor, 

the yaw rate �̇�2,of the first trailer, and the yaw rate �̇�3,of the second trailer.  

In order to derive the linear 4DOF model, the following assumptions are made [83]:  

 The forward speed of vehicle is constant. In addition, the forward speeds of 

vehicle units (𝑉𝑥1 , 𝑉𝑥2 and 𝑉𝑥3) take the same value. 

 The tractor steering angle 𝛿 is small 

 The articulation angle between the vehicle units is also small. 

 The tire slip angles are small and show linear relationship with lateral tire forces 

δ 

�̇�1 

�̇�2 
�̇�3 

𝑆4 

𝑆5 

𝑆6 

ℎ4 ℎ3 ℎ2 
𝑉𝑦1 𝑉𝑥 
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 The aerodynamic forces, rolling and pitching motions and longitudinal forces 

between tire and road have been ignored. 

The governing equations of motion for the vehicle system are derived using 

the body fixed coordinate system. Based on Newton-Euler equations of motion, 

the governing equations of motion for the B-Train double can be written as follows. 

The equations of motion of the tractor are expressed as,                                                                   

𝑚1(�̇�𝑦1 + 𝑉𝑥1�̇�1) = 𝐹y1 + 𝐹y2 + 𝐹y3 − 𝐹h1 (3.1)                                                              

𝐼1�̈�1 = 𝑆1𝐹y1 − 𝑆2𝐹y2 − 𝑆3𝐹y3 + ℎ1𝐹h1 (3.2)                                                                                  

The equations of motion of the first trailer are cast as,                                                                  

𝑚2(�̇�𝑦2 + 𝑉𝑥2�̇�2) = 𝐹y4 + 𝐹y5 + 𝐹y6 + 𝐹h1 − 𝐹h2 (3.3)                                                                          

𝐼2�̈�2 = −𝑆4𝐹y4 − 𝑆5𝐹y5 − 𝑆6𝐹y6 + ℎ2𝐹h1 + ℎ3𝐹h2 (3.4)   

The equations of motion of the second trailer are formulated as,                                                                   

𝑚3(�̇�𝑦3 + 𝑉𝑥3�̇�3) = 𝐹y7 + 𝐹y8 + 𝐹y9 + 𝐹h2 (3.5)                                                                          

𝐼3�̈�3 = −𝑆7𝐹y7 − 𝑆8𝐹y8 − 𝑆9𝐹y9 + ℎ4𝐹h2 (3.6)   

The lateral motion of the articulation points is subjected to kinematic constraints 

defined as, 

�̇�𝑦2 + ℎ2�̈�2 = �̇�𝑦1 − ℎ1�̈�1 + 𝑉𝑥1�̇�1 − 𝑉𝑥2�̇�2 (3.7)                                                                          

�̇�𝑦3 + ℎ4�̈�3 = �̇�𝑦2 − ℎ3�̈�2 + 𝑉𝑥2�̇�2 − 𝑉𝑥3�̇�3 (3.8)   
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The linear relationship between the lateral forces and slip angles is defined as, 

𝐹𝑦𝑖 = −𝐶𝑖 ∝𝑖 ,     𝑖 = 1,2,3,… ,9. (3.9)   

{
 
 
 

 
 
 ∝1=

𝑉𝑦1 + 𝑆1�̇�1

𝑉𝑥1
− 𝛿

∝2=
𝑉𝑦1 − 𝑆2�̇�1

𝑉𝑥1

∝3=
𝑉𝑦1 − 𝑆3�̇�1

𝑉𝑥1

(3.10) 

{
 
 
 

 
 
 ∝4=

𝑉𝑦2 − 𝑆4�̇�2

𝑉𝑥2

∝5=
𝑉𝑦2 − 𝑆5�̇�2

𝑉𝑥2

∝6=
𝑉𝑦2 − 𝑆6�̇�2

𝑉𝑥2

(3.11) 

{
 
 
 

 
 
 ∝7=

𝑉𝑦3 − 𝑆7�̇�3

𝑉𝑥3

∝8=
𝑉𝑦3 − 𝑆8�̇�3

𝑉𝑥3

∝9=
𝑉𝑦3 − 𝑆9�̇�3

𝑉𝑥3

(3.12) 

Since velocities of the fifth-wheels must be comparable, the reaction forces 

Fh1 and Fh2 can be eliminated. The 4DOF B-Train double model is expressed in 

the state space form as, 

�̇�(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) (3.13) 

𝑥 = [𝑉𝑦1 �̇�1 𝑉𝑦2 �̇�2 𝑉𝑦3 �̇�3]
𝑇
                         𝑢 = [𝛿]𝑇 (3.14) 

where, A and B matrices are provided in Appendix B.  
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3.3. Model Validation 

3.3.1. Non-linear TruckSim Model 

The linear 4DOF vehicle model described in Section 3.2 is subject to certain 

assumptions. For example, the 4DOF model assumes that a linear relationship 

exists between tire slip angles and lateral forces, (see Eq. (3.9)). Moreover, vehicle 

motions such as roll and pitch are neglected. Hence, to ascertain the reliability of 

the 4DOF model, the model is validated using the high-fidelity nonlinear TruckSim 

software package. TruckSim has been developed using real-world experimental 

data [83].  This sub-section briefly discusses the configuration and the functioning 

of the TruckSim software package. 

TruckSim is primarily based on the multi-body program VehicleSim (VS) 

Lisp [83]. VS Lisp generates the equations of motion for the 3D multi-body vehicle 

systems. Input to VS Lisp is the geometric description of the vehicle configuration, 

such as the DOF(s), the point locations, force vectors and so on. Thereafter, VS 

Lisp derives the equations of motion and simultaneously solves those equations 

[83]. 

In TruckSim, the B-Train double can be defined as S_SS+SSS+SSS, where 

S indicates a solid axle, an underline (_) signifies a separation of axle groups and 

a plus sign (+) denotes a fifth-wheel connecting the two vehicle units [83]. Thus, 

as the configuration indicates, the B-Train double consists of a tractor having one 

front axle and two rear axles, and two semitrailers consisting of three solid axles 

(see Fig. 3.2). Fig. 3.3 illustrates the user interface of the TruckSim software. 
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Figure 3.2 Configuration of the B-Train double. 

 

 
Figure 3.3 TruckSim’s User Interface (Run Control Screen) 
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3.3.2. Test Maneuvers for Model Validation 

Generally, the lateral dynamics of MTAHVs is evaluated using open-loop and 

closed-loop simulations. In open-loop tests, the steering input is fixed and 

independent of the vehicle’s response, whereas in closed-loop tests, the driver (or 

virtual driver model) constantly corrects the steering input to ensure that the vehicle 

follows the designated path [83]. Open-loop tests are usually preferred for model 

validation.  

Figure 3.4 Schematic representation of the single lane change maneuver 
specified by SAE J2179 [84]. 

 

In this research, two open-loop tests are simulated to validate the 4DOF 

linear B-Train double model. The first test is a high-speed single lane-change 

(SLC) maneuver based on the maneuver specified by SAE J2179 [84]. In this 

procedure, the forward speed of the vehicle is a constant 88 km/h and the lateral 

displacement is 1.46m. The comparative analysis of the 4DOF model and the 

TruckSim model is performed exclusively for the dynamic section as shown in Fig. 

3.4.  

91.5 m 61 m 61 m 

1
.4

6
 m

 

Note: Not drawn to scale. 

Dynamic Section 
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The steering input for this simulation is a single cycle sine-wave defined as, 

{
𝛿(𝑡) = A sin (2𝜋𝑓𝑡)

𝛿𝑠𝑡(𝑡) = 𝑖𝑠𝑡𝛿(𝑡)
(3.15) 

where, 𝛿 is the steering angle of the front axle, A the amplitude, and f the 

frequency, 𝛿𝑠𝑡 the steering wheel angle, and 𝑖𝑠𝑡 angular ratio of the steering 

system. Frequency of the steering input is 0.4Hz, and amplitude A is tuned to 

ensure the vehicle has the specified lateral displacement of 1.46m.  

Likewise, the second validation test is a SLC maneuver. However, the 

steering input frequency is 0.2Hz and the amplitude 35.52 degrees [83]. Fig. 3.5 

illustrates the steering wheel angles for the two SLC maneuvers. Here, the angular 

ratio of the steering system is 25. 

 

Figure 3.5 Time history of Steering Wheel Angles for the 1st SLC and the 2nd SLC 
maneuvers. 
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3.3.3. Model Validation Results 

The 4DOF model is validated by comparing the vehicle model’s lateral dynamic 

responses with the TruckSim data. To establish the validity, lateral acceleration 

and yaw rate are compared.  

Fig. 3.6 and 3.7 show the time history of lateral acceleration of the 4DOF 

and the TruckSim models under the SLC test maneuvers.  The three distinct 

curves signify the three vehicle units, the tractor, the first trailer and the second 

trailer. Altogether, the figures display reasonable agreement between the 4DOF 

and TruckSim models. However, notable variation exists in the negative peak 

lateral acceleration for the 1st test maneuver. This variation may be a result of the 

nonlinearity of the TruckSim model. Lateral acceleration curves under the 2nd test 

maneuver, however, show excellent agreement while attaining peak acceleration, 

and overall transient response. 

Yaw rate response of the 4DOF and TruckSim models under the two test 

maneuvers exhibit similar results. Fig. 3.8 shows good agreement between the 

4DOF and TruckSim models despite the variation observed between the yaw rates 

of the second trailer. The 4DOF linear model cannot predict the spike in second 

trailer’s yaw rate caused due to the sudden lane change maneuver. The yaw rate 

response for all three units under the 2nd test show close responses between the 

4DOF and TruckSim models (see Fig. 3.9). The results help establish the validity 

of the 4DOF model. 
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Figure 3.6 Time history of lateral accelerations of the 4DOF model and the 

TruckSim model under the 1st SLC test maneuver.

            
Figure 3.7 Time history of lateral accelerations of the 4DOF model and the 

TruckSim model under the 2nd SLC test maneuver. 
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Figure 3.8 Time history of yaw rates of the 4DOF model and the TruckSim model 

under the 1st SLC test maneuver. 

            
Figure 3.9 Time history of yaw rates of the 4DOF model and the TruckSim model 

under the 2nd SLC test maneuver. 
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3.4. ATS Hydraulic Actuation (AHA) System  

As previously mentioned, this research considers the effects of actuator dynamics 

on the ATS control system. Hence, an ATS hydraulic actuation (AHA) system 

model is developed. The AHA system is defined as a four-way valve controlled 

linear actuator configuration. The selected four-way valve is a two-stage solenoid 

actuated electrohydraulic valve, and the hydraulic configuration is extensively 

applied in the hydraulic control industry [85]. Valve controlled systems offer 

numerous benefits such as low complexity, high flexibility and accurate control. 

Such systems are widely employed for various applications such as industrial 

robots, mobile vehicle, agriculture equipment, and the aerospace industry [85].   

In this section, the AHA system model is developed. The model includes a 

hydraulic actuator and an electrohydraulic valve. Thereafter, the governing 

equations of motion are determined and the system is linearized. Moreover, the 

system design parameters, such as the required piston diameter, nominal supply 

pressure, valve coefficients, and pump displacement, are determined based on the 

steady-state forms of the equations of motion. Finally, the linear model is validated 

using the non-linear Simscape hydraulic model. 

3.4.1. Hydraulic Actuator Modeling 

The AHA system configuration is illustrated in Fig. 3.10. The load to be moved by 

the hydraulic actuator is modelled as a single mass-spring-damper system [85]. 

Since the AHA system manipulates the steering angle of the trailer axles, the 

actuator position is the working objective. Thus, initially the actuator’s load analysis 

is conducted. 
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Figure 3.10 Schematic diagram for the AHA system [85]. 

The governing equation of motion for the load [85] is expressed as, 

𝑚�̈� + 𝑐�̇� + 𝑘𝑦 = 𝜂𝑎𝑓(𝐴𝐴𝑃𝐴 − 𝐴𝐵𝑃𝐵) − 𝐹 − 𝐹𝑜 (3.16) 

where, 𝑚 is the mass, 𝑘 the spring stiffness, 𝑐 the damping coefficient of the load, 𝑦 

the position of the load, 𝐴𝐴 and 𝐴𝐵 are the piston areas, and 𝑃𝐴 and 𝑃𝐵 the fluid 

pressures on the A and B sides of the actuator respectively.  𝜂𝑎𝑓 is the force 

efficiency of the actuator, 𝐹 is the disturbance force, and 𝐹𝑜 is the nominal spring 

and bias load that is applied to actuator when 𝑦 is zero.  
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 𝑦 = 0; 𝑃𝐴 = 𝑃𝐵 =
𝑃𝑠
2
 𝑎𝑛𝑑 𝐹 = 0 (3.17) 

where, 𝑃𝑠 is the nominal supply pressure. Under steady-state nominal operating 

conditions, the conditions mentioned in Eq. (3.17) apply [85]. Moreover, from Eq. 

(3.17), the nominal force exerted on the actuator by the load can be defined as, 

𝐹𝑜 = 𝜂𝑎𝑓(𝐴𝐴 − 𝐴𝐵)
𝑃𝑠
2

(3.18) 

By substituting Eq. (3.18) in Eq. (3.16), the following equation is generated, 

which describes the output dynamics of the load.  

𝑚�̈� + 𝑐�̇� + 𝑘𝑦 = 𝜂𝑎𝑓 [(𝐴𝐴(𝑃𝐴 −
𝑃𝑠
2
) − 𝐴𝐵 (𝑃𝐵 −

𝑃𝑠
2
)] − 𝐹 (3.19) 

It is evident from Eq. (3.19) that the actuator pressure 𝑃𝐴 and 𝑃𝐵 are required 

inputs to control the position of the load. These pressures are a result of changing 

flow and volume conditions within the actuator [85]. Thus, pressure analysis for the 

actuator is performed. To analyze the fluid pressures on sides A and B of the 

actuator, the pressure transient effects are neglected. The omission of pressure 

transient effect is valid for systems where the load dynamics are much slower than 

the pressure dynamics, and transmission distance between the valve and the 

actuator is small [85].  Using these assumptions, the volumetric flow rates in and 

out of the actuator for the system can be defined as,   

{
 

 𝑄𝐴 =
𝐴𝐴
𝜂𝑎𝑣

�̇�

𝑄𝐵 =
𝐴𝐵
𝜂𝑎𝑣

�̇�

(3.20)  
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where, 𝑄𝐴 and 𝑄𝐵 are the volumetric flow rates in and out of the actuator 

respectively, and 𝜂𝑎𝑣 is the volumetric efficiency of the actuator. 

From Fig. (3.10), the flow rates in and out of the actuator can be defined 

(see Eq. (3.21)). The linearized flow equations for fluid passing across the metering 

lands of the four-way spool valve are defined in Eq. (3.22) [85]. 

{
𝑄𝐴 = 𝑄2 − 𝑄1
𝑄𝐵 = 𝑄4 − 𝑄3

(3.21) 

{
 
 
 

 
 
 𝑄1 = 𝐾𝑐

𝑃𝑠
2
− 𝐾𝑞𝑥 + 𝐾𝑐(𝑃𝐴 − 𝑃𝑟)

𝑄2 = 𝐾𝑐
𝑃𝑠
2
+ 𝐾𝑞𝑥 + 𝐾𝑐(𝑃𝑠 − 𝑃𝐴)

𝑄3 = 𝐾𝑐
𝑃𝑠
2
− 𝐾𝑞𝑥 + 𝐾𝑐(𝑃𝑠 − 𝑃𝐵)

𝑄4 = 𝐾𝑐
𝑃𝑠
2
+ 𝐾𝑞𝑥 + 𝐾𝑐(𝑃𝐵 − 𝑃𝑟)

(3.22) 

where, 𝑥 is the spool displacement, and 𝐾𝑞 and 𝐾𝑐 are the flow gain and the 

pressure flow coefficient for the valve respectively. The magnitude valve 

coefficients are the same for each metering land, as the pressure drop across each 

metering land is equal to half the supply pressure [85]. By substituting Eq. (3.22) 

into Eq. (3.21), the volumetric flow rates can be expressed as, 

{
𝑄𝐴 = 2𝐾𝑞𝑥 − 2𝐾𝑐 (𝑃𝐴 −

𝑃𝑠
2
)

𝑄𝐵 = 2𝐾𝑞𝑥 + 2𝐾𝑐 (𝑃𝐵 −
𝑃𝑠
2
)

(3.23) 
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Using Eq. (3.20) and (3.23), the operating pressures on both sides of the linear 

actuator can be written as, 

{
 

 𝑃𝐴 −
𝑃𝑠
2
= 𝐾𝑃𝑥 −

𝐴𝐴
2𝐾𝑐𝜂𝑎𝑣

�̇�

𝑃𝐵 −
𝑃𝑠
2
= −𝐾𝑃𝑥 +

𝐴𝐵
2𝐾𝑐𝜂𝑎𝑣

�̇�

(3.24) 

where, 𝐾𝑝 is valve pressure sensitivity given by the ratio of the flow gain to the 

pressure-flow coefficient (𝐾𝑞 𝐾𝑐)⁄ . Based on the above analysis and using Eq. 

(3.19) and (3.24), the linearized equation of motion for the AHA system is defined 

as, 

𝑚�̈� + (𝑐 +
𝐴𝐴
2 + 𝐴𝐵

2

2 𝐾𝑐
) �̇� + 𝑘𝑦 = 𝜂𝑎𝑓(𝐴𝐴 + 𝐴𝐵)𝐾𝑝𝑥 − 𝐹 (3.25) 

Eq. (3.25) suggests that the mechanical design parameters of the actuator 

and the control valve significantly affect the overall dynamics of the hydraulic 

control system [85]. Eq. (3.26) [85] defines the mechanical design parameters.  

{
 
 
 
 

 
 
 
 𝐴𝐴 = 𝐴𝐵 =

2𝐹𝑤
𝜂𝑎𝑓𝑃𝑠

𝐾𝑞 =
2𝐴𝐴𝑣𝑜
𝑢𝜂𝑎𝑣

𝐾𝑐 =
2𝐴𝐴𝑣𝑜
𝑃𝑠𝜂𝑎𝑣

𝐾𝑝 =
𝐾𝑞

𝐾𝑐
=
𝑃𝑠
𝑢

(3.26) 

where, 𝐹𝑤 is the required working force to be produced by the hydraulic actuator, 

and 𝑣𝑜 the desired no-load velocity. The values for these parameters are listed in 

Table 3.1. 
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3.4.2. Electrohydraulic Valve Modeling 

The two-stage solenoid actuated electrohydraulic valve is modeled as a first-order 

transient system [85, 86]. Equation of motion for the valve is expressed as, 

𝜏�̇� + 𝑥 = 𝜑𝑖 (3.27) 

where, 𝜏 represents the time constant for the transient response of the system, 𝜑 

the steady-state gain, and 𝑖 the input current. The time constant and the steady-

state gain can be approximated by using Eq. (3.28) and (3.29) [85]. 

{
 

 𝜏 ≈
𝐴𝑠
𝑘𝑞𝑠

𝜑 ≈
𝛼

𝑘𝑠

(3.28) 

𝑘𝑞𝑠 = 4𝑢𝐶𝑑√
𝑃𝑝

𝜌
(3.29) 

where, 𝐴𝑠 is the cross-sectional area of the valve, 𝛼 the magnetic coupling 

coefficient, 𝑘𝑠 the spring coefficient of the solenoid feedback spring, 𝐶𝑑 the 

coefficient of discharge, 𝜌 the fluid density, and 𝑃𝑝 the pilot pressure of the 

electrohydraulic solenoid valve. Eq. (3.25) and (3.27) describe the AHA system 

model. The state-space form of the model is defined as, 

�̇�ℎ(𝑡) = 𝐴ℎ𝑥ℎ(𝑡) + 𝐵ℎ𝑢ℎ(𝑡) (3.30) 

𝑥ℎ = [�̇� 𝑦 𝑥]
𝑇                         𝑢ℎ = [𝑖]𝑇 (3.31) 

Matrices 𝑨𝒉 and 𝑩𝒉 are provided in Appendix B, and the operating range of 

input current 𝑖 is ± 20 𝑚𝐴. Table 3.1 provides the values of design parameters. 
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Table 3.1 Design parameters for AHA system [85-89]. 

Symbol Description Nominal Value 

𝐴𝐴 = 𝐴𝐵 Piston cross-sectional area 3.521 × 10−3 𝑚2 

𝐾𝑞 Valve flow gain coefficient 0.6485
𝑚2

𝑠
 

𝐾𝑐 Valve pressure flow coefficient 5.245 × 10−11
𝑚3

𝑃𝑎 𝑠
 

𝐾𝑝 Valve pressure sensitivity 1.2365 × 1010  
𝑃𝑎

𝑚
 

𝑃𝑠 Supply Pressure 20 × 106 𝑃𝑎 

𝑢 Valve underlapped dimension 1.6175 × 10−3 𝑚 

𝐹𝑤 Desired Working Force 32400 𝑁 

𝑣𝑜 Desired no-load velocity 0.2
𝑚

𝑠
 

𝜂𝑎𝑓 Actuator force efficiency 0.92 

𝜂𝑎𝑣 Actuator volumetric efficiency 0.96 

𝜏 Time constant for solenoid 0.01 𝑠 

𝜑 Valve steady-state gain 0.025
𝑚

𝐴
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3.5. AHA System Model Validation 

3.5.1. Non-linear Simscape Model 

In the following chapter(s), the AHA system model discussed in Section 3.4 and 

the ATS controller are integrated. Therefore, it is imperative to examine the 

model’s accuracy and fidelity. Hence, AHA system model is validated using the 

nonlinear Simscape software package.  

Simscape supports the modeling of physical systems using Simulink [90]. 

Moreover, it allows direct integration of physical component models using block 

diagrams. Simscape library consists of physical component models, such as 

electric motors, rectifiers, hydraulic actuators, etc. [90]. The design parameters of 

these components are adjustable. Additionally, Simscape supports hardware-in-

the-loop (HIL) testing, and C-code generation [90]. A system model can be created 

by assembling these components into a schematic. Fig. 3.11 illustrates the non-

linear hydraulic system model. 

Figure 3.11 Block diagram of the Simscape hydraulic model. 
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3.5.2. AHA System Validation 

To validate the linear AHA model, the actuator’s position response is evaluated, 

and the results are compared with the Simscape model. The model is validated 

using two different inputs. The system is first analyzed using a step input to 

evaluate the system’s rise time, followed by a sinewave input to ensure that the 

AHA model can track the Simscape model. The magnitude of input current in both 

cases is 20 𝑚𝐴. 

Fig. 3.12 and 3.13 show the time history of actuator position for the step 

input and sinewave input respectively. Fig. 3.12 shows that both models have 

similar rise times. Moreover, the AHA model can accurately track the Simscape 

model during the sinewave input (see Fig. 3.13). The results help establish the 

validity of the linear AHA model. 

            
Figure 3.12 Time history of actuator position response for the AHA model and the 

Simscape model to the step input. 
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Figure 3.13 Time history of actuator position response for the AHA model and the 

Simscape model to the sinewave input. 

 

3.6. Summary 

This chapter described the vehicle systems modeling and validation. First, a linear 

4DOF model for a B-Train double was derived. The 4DOF model was validated 

using the TruckSim software, under two recommended SLC maneuvers. Both the 

4DOF and the TruckSim models demonstrated reasonable agreement under the 

SLC maneuvers. The 4DOF model has been further utilized in Chapter 4 for 

controller synthesis. Thereafter, the AHA system model was derived, and validated 

using the Simscape software. The AHA system model has been developed to 

analyze the effects of actuator dynamics on the controller’s performance (see 

Section 4.3), and to develop fault diagnosis strategies (see Section 4.5.3). The 

design parameters for the AHA system have been adopted from literature [85-89]. 
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CHAPTER 4                                                       

FAULT TOLERANT CONTROL OF ACTIVE 

TRAILER STEERING SYSTEMS 

4.1. Introduction 

This chapter discusses the fundamental elements of the FTC framework 

necessary for the ATS system. It primarily focuses on selecting the most 

appropriate controller and observer designs for the model-based FTC-ATS 

scheme. First, the effectiveness of LQR and H∞ control techniques is compared 

and their suitability for the FTC-ATS scheme is discussed. Thereafter, the ATS 

Hydraulic Actuation (AHA) system model (see Section 3.4) is integrated with the 

controllers and the effects of actuator dynamics on the closed-loop system are 

analyzed. Moreover, the limitations of the AHA system are examined.  

Considering the widespread acceptance and effectiveness of observer-

based FTC systems (see Section 2.5), this research evaluates the Luenberger 

Observer and Kalman Filter observer designs, for the FTC-ATS scheme. Both 

observer designs are analyzed for their effectiveness in predicting true outputs and 

estimating states using noisy and/or incomplete measurement data. Subsequently, 

the most suitable controller and observer design(s) are selected for designing the 

FTC-ATS scheme. The observers are designed by utilizing the generalized 

observer scheme (see Section 2.5.1), where each observer monitors a specific 

sub-system. Finally, the FTC-ATS scheme is evaluated under simulated failures, 

such as actuator and sensor malfunctions, using the TruckSim vehicle model.  
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Although ATS systems can significantly improve both high-speed and low-speed 

performance of MTAHVs, this research exclusively focuses on the high-speed 

performance. Since the primary concern of this research is fault tolerance, it is 

logical to assume that faults and failures that may occur at high-speeds require 

greater surveillance than those at low-speeds. Therefore, in this chapter the 

performance of the various elements of the FTC-ATS scheme is evaluated using 

the high-speed Single Lane Change (SLC) and Double Lane Change (DLC) 

maneuvers. The SLC and DLC maneuvers are selected with the intention to 

analyze the ATS performance under low and high actuator demands respectively. 

Fig. 4.1 illustrates the steering wheel angle (see Section 3.3.2 for angular ratio of 

the steering system) for the two maneuvers, where the SLC maneuver is adopted 

from [83], and the DLC maneuver from TruckSim. The vehicle forward speed for 

both the maneuvers is a constant 88 km/h. 

             
Figure 4.1 Time history of Steering Wheel Angles for SLC and DLC maneuvers. 
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4.2. Controller Synthesis 

4.2.1. Introduction 

LQR based controllers are widely employed for ATS systems primarily due to their 

simplicity and reasonable performance. However, in the presence of uncertainties 

such as noise, variation in system parameters etc., the LQR controller is unable to 

achieve the desired performance. As mentioned in Section 2.3.2, the H∞ technique 

is a widely accepted control strategy for achieving robust stability and performance 

in presence for uncertainties. Therefore, to select the most effective controller for 

the FTC-ATS scheme, this section compares the performance of the LQR and H∞ 

based ATS controllers. 

Before designing the controller for the ATS system, the location of the ATS 

axle(s) must be finalized. Most studies [6-8, 13, 28-36] assume that in an ATS-

controlled vehicle all trailer axles are assisted with an individual ATS system. 

However, in the real world such an assumption is unreasonable.  For example, the 

B-Train double (see Fig. 3.2) consists of six trailer axles, which means that 

conceptually the vehicle consists of six independently controlled hydraulic 

actuation systems. Such an integrated system will lead to very high complexity and 

unreasonable costs. Although an all-axle ATS system is superior, to address the 

aforementioned economic concerns this study assumes only three axles are ATS 

axles. The first and third axles of the first trailer and the first axle of the second 

trailer are considered as ATS axles. Hereafter, these axles will be referred as Axle 

4, Axle 6 and Axle 7 respectively. Axles 4, 6 and 7 were selected, since they 

illustrated the highest influence on the dynamic behavior of the B-Train double. 
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4.2.2. LQR Control 

4.2.2.1. LQR Control Theory 

A continuous-time system can be described as, 

�̇�(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) (4.1) 

The infinite horizon LQR problem considers the following state-feedback law, 

𝑢(𝑡) = −𝐾𝑥(𝑡) (4.2) 

Which is the result of minimizing the quadratic cost function, 

𝐽 =  ∫ (𝑥𝑇𝑄𝑥
∞

0

+ 𝑢𝑇𝑅𝑢)𝑑𝑡 (4.3) 

The LQR problem mandates that the pair of system matrices (𝑨, 𝑩) is stabilizable. 

The feedback gain 𝐾 is computed by solving the Algebraic-Riccati Equations 

(ARE) [3, 8, 13]. Where, Q and R represent the weighting matrices that penalize 

the magnitude and duration of the states and control inputs respectively. The 

selection of Q and R matrices is discussed in the next sub-section. 

4.2.2.2. Selection of Q and R Matrices 

Q and R matrices define the desired performance of a LQR control system. R is 

the input-weighting matrix that penalizes the control input, whereas Q is the state-

weighting matrix that penalizes the states. In this study, the commonly used trial 

and error method is employed for selecting both matrices; where the values of both 

matrices are fine-tuned to obtain the desired performance while minimizing control 

input based on hardware limitations. 
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4.2.2.3. Simulation Results 

This sub-section presents the comparative results of the baseline vehicle and LQR 

controlled vehicle under the aforementioned high-speed SLC and DLC 

maneuvers. Fig. 4.2 and 4.3 illustrate the time history of lateral accelerations of the 

baseline vehicle and the LQR controlled vehicle under both maneuvers. Fig. 4.2 

suggests that the LQR controller can successfully enhance the vehicle’s stability 

by reducing the peak lateral acceleration of all vehicle units. Moreover, the 

controller significantly reduces the peak lateral acceleration of the rearmost trailer, 

thereby reducing its rollover tendency. Fig. 4.3 shows the LQR controller’s inability 

to enhance the vehicle’s stability during the complex DLC maneuver. As shown in 

the figure, throughout the maneuver, both the baseline and the controlled vehicle 

exhibit approximately the same lateral acceleration responses. 

Fig. 4.4 and 4.5 illustrate the yaw rate responses of the two vehicles under 

SLC and DLC maneuvers respectively. Similar to the lateral acceleration response 

it is evident that the LQR controller exhibits superior performance under the SLC 

maneuver. It is worthy mentioning that the LQR controlled vehicle has lower peak 

values of yaw rate for all vehicle units under both maneuvers. Moreover, the 

controlled vehicle exhibits reduced settling times. Although the reduction of peak 

lateral acceleration and yaw rate is desired, these performance measures cannot 

sufficiently explain the true behavior of the vehicle. Both lateral acceleration and 

yaw rate affect the vehicle’s desired trajectory. Ideally, the controller should 

optimize these performance measures while maintaining the desired trajectory. 
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Figure 4.2 Time history of lateral accelerations for the LQR controlled vehicle and 

the baseline vehicle under the SLC maneuver. 

            
Figure 4.3 Time history of lateral accelerations for the LQR controlled vehicle and 

the baseline vehicle under the DLC maneuver. 
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Figure 4.4 Time history of yaw rates for the LQR controlled vehicle and the 

baseline vehicle under the SLC maneuver. 

            
Figure 4.5 Time history of yaw rates for the LQR controlled vehicle and the 

baseline vehicle under the DLC maneuver. 



56 
 

 
Figure 4.6 Trajectories of the LQR controlled vehicle and the baseline vehicle 

under the SLC maneuver. 

Fig. 4.6 and 4.7 illustrate the trajectories of the three vehicle units under the SLC 

and DLC maneuvers respectively. The lateral displacement achieved under the 

SLC maneuver is 9m. Although in reality, such a high value is not feasible, the aim 

here is to analyze the influence of the control system on the vehicle’s path 

following. Both figures suggest that the LQR controlled vehicle is unable to follow 

the intended path. The intended path following can be improved by employing a 

closed-loop driver model or by adding a reference yaw rate model. 

Figure 4.7 Trajectories of the LQR controlled vehicle and the baseline vehicle 
under the DLC maneuver. 
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4.2.3. H∞ Control 

Considering the drawbacks of LQR control, a robust control strategy is required, 

which is capable of regulating the vehicle’s dynamic behavior during complex 

maneuvers without hampering its intended path. The following sub-sections 

discuss the synthesis of an H∞ based controller for the ATS system. 

4.2.3.1. H∞ Control Theory 

Cost functions represent the design objectives of the closed-loop system, such as 

accurate reference tracking, disturbance rejection and robust stabilization and so 

on [50, 51]. Contrary to the LQR control methodology, a robust control design 

requires multiple cost functions. A suitable design consists of a combination of 

such cost functions. The H∞ control technique deals with the optimization problem 

presented in the frequency domain [50]. Frequency dependent weighting functions 

are employed to minimize the cost functions and achieve the desired closed-loop 

system performance [51].  

In this research, the mixed-sensitivity H∞ synthesis is employed, where the 

objective is to formulate a stabilizing controller K to minimize the output z over all 

external inputs w [50]. Moreover, this technique permits accurate reference 

tracking while minimizing the required control input [50, 51]. Eq. (4.4) depicts the 

nominal performance criteria that must be satisfied by the control system [50]. 

min
K stabilizing

‖
(𝐼 + 𝐺𝐾)−1

𝐾(𝐼 + 𝐺𝐾)−1
‖
∞

(4.4) 
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Figure 4.8 Configuration of a generalized H∞ closed-loop system 

Fig. 4.8 depicts a generalized H∞ closed-loop system with system uncertainties 

and disturbances [50]. Gunc is the uncertain system, K represents the stabilizing 

controller, z denotes the measured output signals to be controlled, w depicts all 

the external inputs, y is the measurements available to the controller K, and u 

represents control signal. System uncertainties represent any external 

disturbances, or un-modeled dynamics. External disturbances may arise as 

unknown inputs, for example, heavy crosswinds that deviate the vehicle from its 

desired path. Whereas, un-modeled dynamics include the variation between the 

physical system and its mathematical representation. 

4.2.3.2. Selection of Weighting Functions 

As mentioned in Section 4.2.3.1, the desired closed-loop performance in a H∞ 

control system is regulated by selecting appropriate weighting functions. The 

control system comprises of performance weighting functions (Wp), disturbance 

rejection functions (Wd) and control-signal weighting functions (Wu).The 

performance weighting functions regulate the system outputs, disturbance 

rejection functions ensure noise rejection, whereas the control-signal weighting 

functions minimize the control signal requirements. 

Gunc 

K 

𝑧 𝑤 

𝑢 𝑦 
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In this study, the H∞ controller is designed to ensure that the vehicle units follow 

their respective desired yaw rates. Section 4.2.3.4 describes the desired yaw rate 

reference model. This strategy simultaneously enhances the vehicle stability and 

ensures minimal deviation of the vehicle from its intended path. Thus, the control 

system comprises of three performance weighting functions depicting the 

respective yaw rates of the vehicle units,  three disturbance rejection functions 

related to the three yaw rate outputs, and three control-signal weighting functions 

responsible for the three ATS axles. The inputs to the controller are the errors 

between the desired and actual yaw rates of the vehicle units, whereas the 

controller’s outputs are the ATS angles. Fig. 4.9 depicts the closed-loop system 

diagram of the B-Train double with the H∞ controller and the various weighting 

functions. 

Figure 4.9 Configuration of the H∞ controller for ATS system. 
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Generally, the weighting functions are modeled as band-pass filters [48, 51], and 

they are fine-tuned using the trial and error method. However, designing a robust 

controller by using the trial and error method can be challenging. Nevertheless, 

certain weighting functions such as the control-signal weighting function, cannot 

be arbitrarily chosen. These functions must consider the actuator limitations.  

Hence, in this study, suitable control-signal weighting functions are chosen based 

on the hydraulic actuators’ frequency bandwidths. Conversely, considering the 

challenging nature of the trial and error method, a Genetic algorithm (GA) 

optimization method is employed to optimize the performance weighting and 

disturbance rejection functions.  

A Genetic Algorithm (GA) is a preferred optimization method for solving 

complex optimization problems. It is a stochastic evolutionary algorithm inspired 

by the principles of natural evolution [48, 92].  The fundamental steps of a GA 

include coding, selection, crossover and mutation. In the beginning, GA selects an 

initial set of random values by employing uniform probability distribution [48, 92]. 

Further, the most suitable values are chosen for crossover and mutation, where 

another set of suitable values are produced from the previous iteration. The 

process continuous until the optimal values are achieved.  

The random selection processes of GA provides it with the capabilities of 

escaping the local domain, and enables it to find the global optima for the problem 

[92]. Table 4.1 displays the final values of the optimized performance weighting 

functions (Wp), disturbance rejection functions (Wd) and control-signal weighting 

functions (Wu). 
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The control-signal weighting functions are adopted from [51] and [93]. Eq. (4.5) 

defines the second-order control-signal weighting functions. 

{
 
 
 
 
 

 
 
 
 
 
𝑊𝑢 = 𝐺𝑂

(
1
2𝜋𝑓𝑙

𝑠 + 1) (
1

2𝜋𝑓𝑢
𝑠 + 1)

(
1

40𝜋𝑓𝑢
𝑠 + 1)

2

𝐺0 = 𝐺
(
∆𝑓

40𝜋𝑓𝑢
+ 1)

2

(
∆𝑓
2𝜋𝑓𝑙

𝑠 + 1) (
∆𝑓
2𝜋𝑓𝑢

+ 1)

∆𝑓 =
2𝜋(𝑓𝑢 + 𝑓𝑙)

2

(4.5) 

where, 𝑓𝑙 and 𝑓𝑢 represent the lower and upper limit frequencies of actuator 

bandwidth, and 𝐺 represents a band pass filter that limits the use of the actuator 

frequencies between 𝑓𝑙 and 𝑓𝑢. 

Table 4.1 Optimal Weighting Functions for the H∞ Controller. 

Performance 

Weighting Functions 

Disturbance 

Rejection Functions 

Control-signal 

Weighting Functions 

[
0.05151𝑠 + 0.002813

𝑠 + 0.05151
] [

0.03782𝑠 + 0.001

0.1827𝑠 + 1
] [

10−5𝑠2 + 0.0168𝑠 + 0.09894

10−8𝑠2 + 0.0006𝑠 + 1
] 

[
0.1848𝑠 + 0.02577

𝑠 + 0.1662
] [

0.01799𝑠 + 0.001

0.3078𝑠 + 1
] [

10−5𝑠2 + 0.0168𝑠 + 0.09894

10−8𝑠2 + 0.0006𝑠 + 1
] 

[
0.2257𝑠 + 0.03731

𝑠 + 0.1667
] [

0.04032𝑠 + 0.001

0.2552𝑠 + 1
] [

10−5𝑠2 + 0.0168𝑠 + 0.09894

10−8𝑠2 + 0.0006𝑠 + 1
] 
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4.2.3.3. Controller Optimization for Variation in Forward Speed 

A robust controller must account for variation in vehicle’s forward speed. As this 

study only considers the high-speed operation, the H∞ controller is optimized for a 

speed range of 40 to 120 km/h. To optimize the controller, the forward speed is 

considered as an uncertain variable and the GA is employed for providing optimal 

results such that the controller achieves robust performance under the entire 

range. The proof of the system robustness is displayed in Fig. 4.10, which shows 

the H∞ norm over a wide frequency range. The desired values of the H∞ norm 

should be less than one for the system to be robust [50] (see Eq. (4.6)). 

‖𝑇𝑧𝑤‖∞ < 1 (4.6) 

            
Figure 4.10 Frequency response of the H∞ closed-loop system in the entire 

range vehicle forward speeds. 
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4.2.3.4. Yaw Rate Reference Model 

In many studies [36, 48, 51, 94-96], the desired yaw rate is calculated by using the 

steady-state yaw rate of a linear bicycle model. The linear bicycle model reflects 

the desired relationship between the steering input and the vehicle yaw rate [95]. 

The steady-state yaw rate is a function of the vehicle forward speed and the 

steering input [94, 95], and effectively defines the vehicle’s desired yaw dynamics. 

However, a vehicle’s yaw rate is limited by the road adhesion coefficient [51, 94-

95]. Thus, the desired yaw rate should include the road adhesion coefficient to 

define the limits of available yaw rate [51, 94]. This ensures that the available grip 

is considered while generating the desired yaw rate signal.  

In this research, the desired yaw rate is generated by employing the linear 

vehicle model presented in Section 3.2. First, the steady-state yaw-rate gain with 

respect to the steering input is computed by disregarding the dynamic elements in 

the bicycle model, and employing Cramer’s rule. Thereafter, the yaw-rate gain and 

steering input are multiplied to generate the steady-state yaw rate signal. Suitable 

time delays [51] and transport delays are added to generate the desired yaw rate 

signals for the vehicle units. Finally, the desired yaw rates are bounded by the road 

adhesion coefficient. Eq. (4.7) depicts the desired and bounded yaw rate signals. 

Application of Cramer’s rule to calculate steady-state yaw rate is provided in [96]. 

{
  
 

  
 �̇�𝑑𝑒𝑠 = [

1

𝑇𝑑𝑒𝑙𝑎𝑦𝑠 + 1
] �̇�𝑠𝑠𝑔𝑎𝑖𝑛𝛿

�̇�𝑙𝑖𝑚 = {

�̇�𝑑𝑒𝑠                         𝑖𝑓�̇�𝑑𝑒𝑠 ≤  0.85
𝜇𝑔

𝑉𝑥

0.85
𝜇𝑔

𝑉𝑥
                  𝑖𝑓�̇�𝑑𝑒𝑠 >  0.85

𝜇𝑔

𝑉𝑥

 (4.7) 
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where, �̇�𝑑𝑒𝑠 depicts the desire yaw rate, 𝑇𝑑𝑒𝑙𝑎𝑦 the induced time-delay, �̇�𝑠𝑠𝑔𝑎𝑖𝑛 the 

steady-state yaw rate gain computed by Cramer’s rule, 𝛿 the steering angle, �̇�𝑙𝑖𝑚 

the bounded yaw rate signal, 𝜇 the road-adhesion coefficient, 𝑔 the gravitational 

constant, and 𝑉𝑥 the vehicle forward speed. 

4.2.3.5. Simulation Results 

This sub-section compares the dynamic performance of the baseline vehicle and 

the H∞ controlled ATS vehicle. Similar to Section 4.2.1., the SLC and DLC 

maneuvers are simulated to establish the efficacy of the H∞ controller. Fig. 4.11 

and 4.12 show the lateral acceleration response of the baseline vehicle and the 

H∞ controlled vehicle under the SLC and DLC maneuvers respectively. Results 

suggest that the H∞ controller successfully augments the dynamic performance of 

the vehicle under both maneuvers. Compared to the LQR controller, H∞ 

successfully reduces the peak lateral acceleration for all vehicle units under the 

DLC maneuver. Fig. 4.13 and 4.14 illustrate the time history of yaw rates for the 

baseline and the controlled vehicles under the SLC and DLC maneuvers. Both 

figures show reduced peak yaw rates. Although, in comparison to the LQR 

controller, similar settling times are observed for both maneuvers.  

Since the H∞ controller tracks a reference yaw rate, the controller’s tracking 

performance of is evaluated. Fig. 4.15 and 4.16 present the reference tracking 

performance of the controller under both the maneuvers. Both figures illustrate 

accurate reference tracking ability of the H∞ controller. Fig. 4.11 to 4.16 aid to 

establish the robustness of H∞ controller under both simple and complex 

maneuvers. 
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Figure 4.11 Time history of lateral accelerations for the H∞ controlled vehicle and 

the baseline vehicle under the SLC maneuver. 

            
Figure 4.12 Time history of lateral accelerations for the H∞ controlled vehicle and 

the baseline vehicle under the DLC maneuver. 
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Figure 4.13 Time history of yaw rates for the H∞ controlled vehicle and the 

baseline vehicle under the SLC maneuver. 

            
Figure 4.14 Time history of yaw rates for the H∞ controlled vehicle and the 

baseline vehicle under the DLC maneuver. 
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Figure 4.15 Time history of yaw rates for the H∞ controlled vehicle, and the 

reference signals under the SLC maneuver. 

            
Figure 4.16 Time history of yaw rates for the H∞ controlled vehicle, and the 

reference signals under the DLC maneuver. 
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Figure 4.17 Trajectories of the H∞ controlled vehicle and the baseline vehicle 
under the SLC maneuver. 

The trajectories of the three vehicle units under the SLC and DLC maneuvers is 

shown in Fig. 4.17 and 4.18. Although noticeable variation in the vehicle’s path is 

observed under the DLC maneuver (see Fig. 4.18), it is apparent that the H∞ 

controlled vehicle follows the intended path accurately. Moreover, the results 

reveal that the H∞ controlled vehicle has reduced overshoot under both 

maneuvers. The H∞ controller simultaneously enhances the vehicle’s dynamic 

behavior and ensures intended path following. 

Figure 4.18 Trajectories of the H∞ controlled vehicle and the baseline vehicle 
under the DLC maneuver. 
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4.3. ATS Hydraulic Actuation (AHA) System Integration 

4.3.1. Introduction 

So far, all ATS related studies have assumed that the actuation system can 

generate the control signals (ATS angles) desired by the controller. However, in 

the real world, such an assumption may be irrational. In certain complex scenarios, 

the demands posed by the controller on the actuation system can be beyond its 

physical limitations. Thus, this research accounts for the effects of actuator 

dynamics on the overall effectiveness of the ATS system(s) by integrating an 

actuator model in the control system.   

The ATS Hydraulic Actuation (AHA) system developed in Section 3.4 is 

integrated with the controllers. A PID controller is employed to ensure that the 

desired ATS angles are generated by the AHA system. Moreover, the actuator 

response characteristics are studied for both LQR and H∞ controllers. This 

approach will aid in assessing the vehicle’s behavior and predicting achievable 

results.  

4.3.2. PID Controller 

Since their invention in the early 1900’s, Proportional-Integral-Derivative (PID) 

control has been the most commonly used control scheme [97]. The simplicity, 

functionality, and feasibility offered by PID is unparalleled. Thus, most industrial 

controllers are implemented using PID algorithms [97]. In this study, PID controller 

assists the AHA system to generate the desired ATS angles, where each active 

axle consists of an individual PID controller. The PID gains are tuned using the 

Simulink environment. 
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4.3.3. Simulation Results 

This sub-section presents the simulation results for the LQR and H∞ controlled 

vehicles integrated with the AHA system. The lateral acceleration and yaw rate 

responses of the controlled vehicle(s) are compared to analyze the effects of the 

actuator dynamics on the vehicle’s directional performance. Moreover, the desired 

ATS angles and the actual ATS angles generated by the AHA system are cross-

examined. Fig. 4.19 to 4.24 show the results for the LQR controller, whereas Fig. 

4.25 to 4.30 illustrate the comparative results for the H∞ controller.  

Fig. 4.19 and 4.20 show the time history of lateral acceleration for the LQR 

controlled vehicle and AHA integrated LQR controlled vehicle under the single-

lane change (SLC) and double-lane change (DLC) maneuvers. Both figures show 

almost identical response and excellent synchronization. Moreover, the yaw rate 

responses for the LQR controlled and AHA integrated vehicles, shown in Fig. 4.21 

and 4.22, display similar behavior.  

Fig. 4.23 and 4.24 illustrate the tracking performance of individual axles of 

the ATS system under both SLC and DLC maneuvers. It is evident that each active 

axle can accurately produce the ATS angles demanded by the LQR controller. 

Results suggest that actuation system is capable of meeting the demands of the 

controller under both the maneuvers. Hence, the desired lateral acceleration and 

yaw rate responses are achievable as demanded by the control system. 
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Figure 4.19 Time history of lateral accelerations for the AHA-LQR controlled 

vehicle and the LQR controlled vehicle under the SLC maneuver. 

            
Figure 4.20 Time history of lateral accelerations for the AHA-LQR controlled 

vehicle and the LQR controlled vehicle under the DLC maneuver. 
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Figure 4.21 Time history of yaw rates for the AHA-LQR controlled vehicle and the 

LQR controlled vehicle under the SLC maneuver. 

            
Figure 4.22 Time history of yaw rates for the AHA-LQR controlled vehicle and the 

LQR controlled vehicle under the DLC maneuver. 
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Figure 4.23 Time history of ATS angles achieved by the AHA-LQR system, and 

the desired ATS angles under the SLC maneuver. 

            
Figure 4.24 Time history of ATS angles achieved by the AHA-LQR system, and 

the desired ATS angles under the DLC maneuver. 
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Comparative results of the H∞ controlled vehicle and the AHA integrated H∞ 

controlled vehicle are shown in Fig. 4.25 to 4.30. Fig. 4.25 and 4.26 illustrate the 

lateral acceleration response of the vehicles under the SLC and DLC maneuvers 

respectively. Even though both figures indicate similar response characteristics, 

noticeable difference is observed under the DLC maneuver, particularly in the 

second trailer’s response.  

Yaw rate response of the vehicles under both the maneuvers, renders 

similar results. Fig. 4.27 suggests excellent agreement under the SLC maneuver. 

However, during the DLC maneuver (see Fig. 4.28), discrepancy is observed for 

the second trailer’s response. Fig. 4.29 and 4.30 show the achieved ATS angles 

and desired angles demanded by the controller. Predictably, the AHA system 

demonstrates excellent synchronization for all active axles under the SLC 

maneuver. Under the DLC maneuver, however, deviations are observed.  

Further analysis reveals that the deviations noticed in the lateral 

acceleration and yaw rate response of the second trailer are caused by Axle 4’s 

inability to generate the desired ATS angles. Although the difference is small, it 

can significantly affect the dynamic performance of the vehicle. The noticeable 

discrepancies have been clearly marked in the relevant figures. 

The dynamic responses of the AHA-integrated vehicle under the DLC 

maneuver help explain the limitations of a physical actuation system. Although the 

actuation system can precisely generate the ATS angles demanded by the 

complex H∞ controller for a major duration of the DLC maneuver, it cannot meet 

the demands that are beyond its capability.  
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Figure 4.25 Time history of lateral accelerations for the AHA-H∞ controlled 

vehicle and the H∞ controlled vehicle under the SLC maneuver. 

            
Figure 4.26 Time history of lateral accelerations for the AHA-H∞ controlled 

vehicle and the controlled H∞ vehicle under the DLC maneuver. 
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Figure 4.27 Time history of yaw rates for the AHA-H∞ controlled vehicle and the 

H∞ controlled vehicle under the SLC maneuver. 

            
Figure 4.28 Time history of yaw rates for the AHA-H∞ controlled vehicle and the 

H∞ controlled vehicle under the DLC maneuver. 
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Figure 4.29 Time history of ATS angles achieved by the AHA-H∞ system, and 

the desired ATS angles under the SLC maneuver. 

            
Figure 4.30 Time history of ATS angles achieved by the AHA-H∞ system, and 

the desired ATS angles under the DLC maneuver. 
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Results presented in Fig. 4.19 to 4.30 for the SLC and DLC maneuvers indicate 

reasonable overall agreement between the AHA system and the controller’s 

demands. Despite the deviation observed in the AHA-integrated H∞ controlled 

vehicle under the DLC maneuver, no major differences are observed in the 

vehicle’s dynamic response. Thus, to examine the limitations of the AHA system 

and to investigate the effects of actuator dynamics, the demand on the AHA 

system is further increased. To generate this increased demand, the H∞ controller 

and the DLC maneuver are selected, and the vehicle forward speed is increased 

from 88 km/h to 120km/h.  

Fig. 4.31 and 4.32 illustrate the lateral acceleration and yaw rate responses 

of the H∞ controlled and AHA-integrated vehicles under the DLC maneuver. Both 

figures clearly indicate large deviations in the dynamic performance characteristics 

of the two vehicles. It is apparent that AHA-integrated vehicle exhibits poor 

stability. Moreover, it is logical to expect that during such a scenario the vehicle 

may experience rollover. 

Further investigation of the tracking performance of the individual active 

axles reveals that the poor stability of AHA-integrated vehicle results from 

diminished performance of axles 4 and 6. Large differences are observed between 

the achieved and desired ATS angles for both axles. Fig. 4.33 provides clear 

evidence that the AHA system is incapable of meeting the controller demands 

under the DLC maneuver and a vehicle forward speed of 120 km/h. 
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Since the entire ATS system is interconnected, a small deviation in the expected 

performance of one active axle increases the demand on the other axles. As a 

result, the whole vehicle experiences poor stability. Moreover, it is possible in 

certain scenarios with high controller demands, that the ATS controlled vehicle 

may exhibit inferior stability characteristics compared to the baseline vehicle 

without ATS.  

The results presented in this section clearly stipulate that integrating the 

actuation system within the control system generates reliable results. Moreover, 

the baseline vehicle provides an incomplete picture of the achievable results, 

whereas by accounting the actuator limitations, the AHA-integrated controlled 

vehicle brings the results closer to reality. 

            
Figure 4.31 Time history of lateral accelerations for the AHA-H∞ controlled 

vehicle and the H∞ controlled vehicle under the DLC maneuver at 120 km/h. 
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Figure 4.32 Time history of yaw rates for the AHA-H∞ controlled vehicle and the 

H∞ controlled vehicle under the DLC maneuver at 120 km/h. 

            
Figure 4.33 Time history of ATS angles achieved by the AHA-H∞ system, and 

the desired ATS angles under the DLC maneuver at 120 km/h. 
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4.4. Observer Selection 

4.4.1. Introduction 

Observers are primarily employed in conjunction with state-feedback (LQR) 

controllers. Although state-feedback control is a powerful tool, it is based on the 

assumption that all state variables are measureable and their measurements are 

available [98]. However, in reality measuring all state variables is impractical. 

Observers allow estimation of the state variables that are necessary to implement 

state-feedback control. Based on known inputs and the available output 

measurements, the observer can predict state variables. Despite the tendency of 

observer predictions to exhibit deviation from the actual outputs, the information 

gained from observers is valuable. Additionally, observers can be employed as 

redundant sensors for control or diagnostic purposes [26]. In this research, two 

observer techniques are explored for their effectiveness as analytical redundancy 

techniques for fault tolerant control. 

As previously discussed (see Section 2.5.1), observer and state-estimation 

based techniques are widely employed to develop effective and reliable fault 

tolerant systems. This research extensively employs observers for defining the 

FTC framework of ATS systems. This section focuses on comparing the suitable 

observer techniques for the FTC-ATS framework, i.e. Luenberger Observer and 

Kalman Filter. Thus, in the subsequent sub-sections, both observer techniques are 

introduced. Thereafter, the effectiveness of both observer techniques is compared 

using simulations under varied conditions. Additionally, the effects of sensor 

dynamics and noise are considered. 
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4.4.2. Observer Design Techniques 

4.4.2.1. Luenberger Observer 

The observer is a dynamic system designed to asymptotically converge to the 

actual estimate of the state variables [98, 99]. Eq. (4.8) defines a linear state 

observer or Luenberger Observer [98]. 

�̇̂�(𝑡) = 𝐴�̂�(𝑡) + 𝐵𝑢(𝑡) + 𝐿[𝑦(𝑡) − �̂�(𝑡)] (4.8) 

�̂�(𝑡) = 𝐶�̂�(𝑡) + 𝐷𝑢(𝑡) (4.9) 

where, 𝑢(𝑡) and 𝑦(𝑡) are the known inputs and measurements, �̂�(𝑡) depicts the 

estimated states, 𝑨,𝑩 are the system matrices which define the system to 

observed, [𝑦(𝑡) − �̂�(𝑡)] is the error between the actual and estimated 

measurement(s), and 𝐿 denotes the observer gain matrix. 𝐿 is designed to 

asymptotically converge the state estimate �̂�(𝑡) to the actual state 𝑥(𝑡). The final 

observer equation is obtained by substituting Eq. (4.9) into (4.8).  

�̇̂�(𝑡) = 𝐴�̂�(𝑡) + 𝐵𝑢(𝑡) + 𝐿[𝑦(𝑡) − 𝐶�̂�(𝑡) − 𝐷𝑢(𝑡)] (4.10) 

�̇̂�(𝑡) = 𝐴�̂�(𝑡) + 𝐵𝑢(𝑡) + 𝐿𝑦(𝑡) − 𝐿𝐶�̂�(𝑡) − 𝐿𝐷𝑢(𝑡) (4.11) 

�̇̂�(𝑡) = (𝐴 − 𝐿𝐶)�̂�(𝑡) + (𝐵 − 𝐿𝐷)𝑢(𝑡) + 𝐿𝑦(𝑡) (4.12) 

Eq. (4.12) defines the final observer equation. The observer will be 

asymptotically stable if the matrices (𝑨 − 𝐿𝐶) and (𝑩 − 𝐿𝐷) that governs the error 

dynamics have negative eigenvalues [98, 99]. The eigenvalues of the observer 

strictly depend on the observer gain matrix 𝐿.  
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The primary objective in observer design is to obtain the gain matrix. Luenberger 

Observer and Kalman Filter techniques follow different approaches for obtaining 

the observer gain matrix. In Luenberger Observer design, the gain matrix is 

obtained by placing the poles of the observer at the desirable locations [98, 99]. 

Ideally, the poles of the observer should be faster than the system it observes. 

Fast poles aid the observer to converge to the true states quickly [99]. However, 

an observer with very fast poles is susceptible to measurement noise [99]. 

Therefore, the observer gains are tuned based on their application. Observer gain 

matrix for Kalman Filter is obtained by solving the Algebraic-Riccati Equations, and 

is discussed in the following sub-section. 

4.4.2.2. Kalman Filter 

A Kalman filter observer can be defined by the generalized observer equation (see 

Eq. (4.8)). However, the observer gain matrix is computed by using process noise 

and measurement noise covariance data. To establish clear distinction between 

Luenberger Observer and Kalman Filter, their gain matrices will be denoted by 

symbols 𝐿 and 𝐾 respectively. 

Consider a continuous-time system (see Eq. (4.13)) subjected to process 

and measurement noise. 

{
�̇� = 𝐴𝑥 + 𝐵𝑢 + 𝐺𝑤

𝑦 = 𝐶𝑥 + 𝐷𝑢 + 𝐻𝑤 + 𝑣
 (4.13) 

where, 𝑤 is the process noise, and 𝑣 the measurement noise, satisfying the 

following conditions. 

𝐸(𝑤𝑤𝑇) = 𝑄𝑘, 𝐸(𝑣𝑣𝑇) = 𝑅𝑘 (4.14) 
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In the Kalman Filter, Qk and Rk represent the process noise and measurement 

noise covariance matrices respectively. Qk reflects the uncertainties, un-modeled 

dynamics or unknown inputs present in the assumed state model, and is vital to 

the observer design [100]. Qk is selected based on the observer’s application and 

the effects of process noise on the system. A larger value of Qk effectively models 

the process uncertainties. However, such an observer risks losing information 

gained from the measurements. Whereas, a small value retains the learning 

potential from the measurements but may leave the estimations redundant [100]. 

For simulation purposes, Qk can be assumed as any value greater than 0, later the 

values can be adaptively updated. Rk is the covariance matrix of the measurement 

noise, which is assumed Gaussian distributed. Generally, the initial value for Rk is 

assumed close to zero. Later, Rk is fine-tuned for desired performance [100]. 

Conversely, a reliable estimate for Rk may be obtained from the sensor noise data. 

4.4.3. Simulation Results 

4.4.3.1. Sensor Measurements 

This sub-section presents the comparative performance of the Luenberger 

Observer and Kalman Filter under varied test conditions. Additionally, the results 

reflect the effects of sensor dynamics and noise on observer performance. To 

investigate the observers’ performance, the linear 4DOF B-Train double model 

(see Section 3.2) is employed. Besides as stated in Section 4.4.1, measuring all 

state variables is impractical. Hence, it is assumed that only the lateral acceleration 

measurements of the three vehicle units are available, whereas the vehicle’s yaw 

rates are estimated. 
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In real systems, the measurements are obtained using physical sensors. Since 

sensors themselves are physical systems with a certain time delay, variations are 

inevitable between true outputs and measured signals. Moreover, sensor 

measurements are inherently noisy. Therefore, the lateral acceleration 

measurements employed in this sub-section are obtained from an accelerometer’s 

dynamic model defined by a first-order high-pass filter [79]. In the subsequent sub-

sections, the measurements are further corrupted using additive noise to 

effectively analyze observes performance.  

{
𝑥�̇� = 𝑎𝑠(𝑎𝑦 − 𝑥𝑠)

𝑎𝑦𝑠 = 𝑘𝑠(𝑎𝑦 − 𝑥𝑠) + 𝑣
 (4.15) 

where, 𝑎𝑠 depicts the sensor eigenvalues, 𝑎𝑦 the true lateral acceleration, 𝑥𝑠 the 

sensor states, 𝑎𝑦𝑠 the sensor output, 𝑘𝑠 the high-pass filter gain, and 𝑣 the additive 

measurement noise. The sensor model is adopted from [79]. 

Fig. 4.34 to 4.37 illustrate the performance of the Luenberger Observer and 

Kalman Filter using sensor measurements in the absence of noise. The output 

(Lateral Acceleration) prediction of both observers under the SLC and DLC 

maneuvers is shown in Fig. 4.34 and 4.35 respectively.  The performance variation 

between the two observers is evident. The Kalman Filter can accurately predict the 

system’s true output for all vehicle units, whereas Luenberger Observer predictions 

illustrate notable differences. The yaw rate (state) estimation results demonstrated 

in Fig 4.36 and 4.37 indicate similar tendencies. Although, the Luenberger 

Observer can predict tractor’s yaw rate, trailer’s yaw rate estimation is inaccurate. 

Whereas, the Kalman Filter demonstrates excellent convergence to true solution. 
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Figure 4.34 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the SLC maneuver using 

sensor measurements. 

            
Figure 4.35 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the DLC maneuver using 

sensor measurements. 
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Figure 4.36 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the SLC maneuver using 
sensor measurements. 

            
Figure 4.37 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the DLC maneuver using 
sensor measurements. 
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4.4.3.2. Sensor Measurements with Additive Noise 

An effective observer is expected to accurately predict the system’s behavior in 

presence of noise.  Thus, both Luenberger Observer and Kalman Filter are further 

evaluated by using the sensor measurements with additive noise. In the 

simulations, the sensor measurements obtained through the sensor model (see 

Section 4.4.3.1), are corrupted with white noise. Even though physical systems 

never experience white noise, it provides a useful theoretical approximation [101]. 

Fig. 4.38 to 4.41 display the prediction performance of both observers by 

using sensor measurements with additive noise. The lateral acceleration 

predictions under the SLC and DLC maneuvers is displayed in Fig 4.38 and 4.39 

respectively. Results indicate that the Kalman Filter’s predictions are accurate and 

display excellent agreement with the true outputs. Whereas, the Luenberger 

Observer’s performance is significantly affected by the presence of noise. 

Fig. 4.40 and 4.41 show the yaw rate estimates of the two observers under 

the SLC and DLC maneuvers respectively. Even though the yaw rate estimates of 

the Luenberger Observer, demonstrate better agreement compared to its lateral 

acceleration predictions, the Kalman Filter illustrates superior performance under 

both the  maneuvers. 

Altogether, the Kalman Filter displays superior noise rejection and output 

prediction. Moreover, it is apparent that the Luenberger Observer is more 

susceptible to noise. Although the Luenberger Observer’s noise rejection 

characteristics can be enhanced by re-tuning the gain matrix, it may further 

deteriorate its estimation performance. 
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Figure 4.38 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the SLC maneuver using 

sensor measurements with additive noise. 

            
Figure 4.39 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the DLC maneuver using 

sensor measurements with additive noise. 
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Figure 4.40 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the SLC maneuver using 
sensor measurements with additive noise. 

            
Figure 4.41 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the DLC maneuver using 
sensor measurements with additive noise. 
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4.4.3.3. Sensor Measurements with Additive Noise and different Initial 

Conditions 

In the results presented in Sections 4.4.3.1 and 4.4.3.2, the observers and the 

vehicle model were simulated using the same initial states. Specifically, the initial 

states were zero. However, true observer performance cannot be evaluated when 

the observer and the observed system have the same initial states. Since, the 

observer is essential a copy of the system, it is bound to produce similar results. 

Moreover, in practical applications, it is unlikely that the observer and physical 

system will have the same initial conditions. Therefore, in this sub-section, the 

Luenberger Observer and Kalman Filter are evaluated using different initial states 

than the vehicle model.  

            
Figure 4.42 Time history of Steering Wheel Angles for the SLC and DLC 

maneuvers utilized for different initial conditions predictions. 
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Under both SLC and DLC maneuvers, the observers are initiated in the middle of 

the maneuver, when the vehicle model has non-zero initial states, whereas the 

observers have zero-initial states. Specifically, under the SLC maneuver the 

observers are initiated after 3 seconds, whereas for the DLC maneuver after 5 

seconds. The steering input for both maneuvers is illustrated in Fig 4.42(see 

Section 3.3.2 for angular steering ratio). The dashed lines in the figures represent 

the part of the maneuver, which has already occurred. Whereas the solid-line 

signifies the remaining maneuver for which the observers are activated.  

            
Figure 4.43 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the SLC maneuver using 

sensor measurements with additive noise and different initial conditions. 
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Fig. 4.43 and 4.44 demonstrate the lateral acceleration predictions of the 

Luenberger Observer and Kalman Filter under the SLC and DLC maneuvers 

respectively. Result suggest that the Luenberger Observer rapidly converges to 

the true output. Conversely, the Kalman Filter is slower to reach the desired output, 

particularly, notable deviations are observed in the lateral acceleration prediction 

of both trailers during the initial seconds. Despite, the altered initial conditions both 

observers are able to converge to a good solution. However, the Luenberger 

Observer’s poor noise handling capability is apparent in both figures. 

            
Figure 4.44 Time history of lateral acceleration predictions for the Kalman Filter 
and Luenberger Observer, and the true outputs under the DLC maneuver using 

sensor measurements with additive noise and different initial conditions. 
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Figure 4.45 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the SLC maneuver using 
sensor measurements with additive noise and different initial conditions. 

Predictably, the yaw rate estimation results indicate similar behavior. Fig 4.45 and 

4.46 suggest that, both Luenberger Observer and Kalman Filter can accurately 

estimate the tractor’s yaw rate. The yaw rate estimates of the trailers suggest that 

Kalman Filter exhibits better overall performance. Although the Luenberger 

Observer responds faster, it is unable to predict the yaw rates of the trailers 

accurately especially under the SLC maneuver. The unreliable sensor 

measurements and additive noise deviate the Luenberger Observer from the 

system’s true states. 
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Figure 4.46 Time history of yaw rate predictions for the Kalman Filter and 

Luenberger Observer, and the true outputs under the DLC maneuver using 
sensor measurements with additive noise and different initial conditions. 

Results obtained in this sub-section help establish that the Kalman Filter is superior 

to the Luenberger Observer. Even though, Luenberger Observer demonstrates 

fast error dynamics, it generates inconsistent results. Thus, with the intention to 

implement state-feedback control, the faster Luenberger Observer is 

recommended. Whereas, the Kalman Filter is suggested for generating accurate 

predictions especially for control and diagnosis systems. 
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4.5. FTC-ATS Framework 

4.5.1. Introduction 

So far, this chapter has discussed several control and diagnosis techniques. In 

Section 4.2, the efficacy of LQR and H∞ control techniques for ATS systems was 

evaluated. Furthermore, in Section 4.4, Luenberger Observer and Kalman Filter 

were examined as potential diagnosis systems. Results obtained indicate that the 

H∞ controller is more robust for real-life applications. The H∞ controlled vehicle 

was able to negotiate both the SLC and DLC maneuvers, while demonstrating 

enhanced dynamic performance and path tracking. Whereas, Kalman Filter 

showed superior overall performance with regard to real-life scenarios, such as 

unreliable sensor measurements, noise etc. Since, a prime objective of this 

research is to aid real-life implementation of ATS systems, the H∞ controller and 

Kalman Filter are chosen to formulate the fault tolerant control system. 

In this section, the FTC framework for the ATS system is presented. 

Specifically, its salient features. First, a general overview of the FTC-ATS scheme 

is presented, involving the system diagram, sub-system distribution and the Fault 

Diagnosis and Detection (FDD) logic. Next, the design of dedicated observers for 

each sub-system is presented. Thereafter, the vehicle’s fail-safe and fail-

operational modes are discussed. Finally, the fault tolerant system is analyzed 

under simulated faults, such as multiple actuator malfunctions and sensor failures. 

The simulations are performed using TruckSim and Simulink environments. 
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4.5.2. Overview of the FTC-ATS Framework 

This sub-section presents a general overview of the FTC-ATS framework. To 

design the scheme, the entire vehicle, comprising of the Vehicle Model, ATS 

Controller, and ATS Hydraulic Actuation (AHA) system is segregated into relevant 

sub-systems. Each sub-system employs a dedicated observer. The sub-division 

considerably decreases the computational load on the FDD system, and allows 

implementation of the robust generalized observer scheme. The FTC-ATS scheme 

is inspired by Jeppesen and Cebon [69, 70]. Fig. 4.47 illustrates the vehicle as a 

set of sub-systems. 

 

Figure 4.47 The schematic representation of the sub-systems structure of the 
vehicle. 
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As illustrated in Fig. 4.47 the entire vehicle is observed using three independent 

observers. Each observer is responsible for a dedicated sub-system. Observer 1 

redundantly computes the yaw rate of the three vehicle units. Observer 2 is 

responsible for fault detection and diagnosis of the actuation (AHA) system. 

Whereas, Observer 3 observes the ATS Controller and the AHA system 

simultaneously. Mathematical models of all observers and their tracking 

performance is presented in Section 4.5.3. 

4.5.3. Fault Detection and Diagnosis 

4.5.3.1. Observer 1 

As explained in Section 4.2.2, the H∞ ATS controller regulates the vehicle’s yaw 

rates by minimizing the errors between the actual and desired yaw rates obtained 

from the reference model. Therefore, it is crucial to obtain an accurate 

measurement of the vehicle’s yaw rates. Usually, a yaw rate sensor provides the 

required measurements. However, if the sensor(s) malfunctions or shuts down, the 

error signal sent to the controller will become large. The controller will try to 

compensate and reduce this error by applying additional ATS angles, which may 

lead to degraded system performance. Thus, it is necessary to generate a reliable 

estimation of the vehicle’s yaw rates that can be employed in such a failure 

scenario. A kinematic estimate of vehicle’s yaw rate can be obtained by using the 

left and right wheel speeds [85, 86]. Nowadays, most vehicles including MTAHVs 

contain ABS (Antilock Braking System) modules, which already tracks these 

signals. Thus, no additional hardware is required for this procedure. Eq. (4.16) 

defines the kinematic relationship between the yaw rate and wheel speeds.  
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 �̇� =
(Ω𝑓𝑟 − Ω𝑓𝑙)

𝑇𝑤𝑓 𝑐𝑜𝑠𝛿
𝑅𝑑𝑦𝑛 (4.16) 

where, �̇� denotes the yaw rate, Ω𝑓𝑟 and Ω𝑙𝑟 the rotational speeds of front right and 

front left wheels respectively, 𝑅𝑑𝑦𝑛 the dynamic tire radius, 𝑇𝑤𝑓 the track width of 

the front axle, and 𝛿 the steering angle. Even though Eq. (4.16), defines the yaw 

rate relationship using front wheel speeds, rear wheel speeds can be employed in 

a similar manner. 

Observer 1 estimates the vehicle’s yaw rates based on the available wheel 

speed measurements from the TruckSim model. However, the wheel speeds 

measurement are inherently noisy [85], thus it is beneficial to utilize a Kalman Filter 

for rejecting noise and generating accurate yaw rate estimates. Since the B-Train 

double is an interconnected system of three vehicle units (tractor and two semi-

trailers); it is advisable that the Kalman Filter has a full knowledge of the vehicle 

geometry. Therefore, the linear 4DOF B-Train double model is employed to model 

the Kalman Filter. The controller requires individual yaw rates of each vehicle unit, 

i.e. tractor, first trailer and second trailer. Thus, for generating the kinetic estimate 

of yaw rates, wheel speed measurements of tractor’s 1st axle, first trailer’s 2nd axle 

and second trailer’s 2nd axle are utilized. Hereon, the axles are denoted as Axle 1, 

Axle 5 and Axle 8 respectively. Furthermore, the tire sideslip angles influence the 

individual wheel speeds [85]. Thus, to compensate the variations in individual 

wheel speeds due to the tire side-slip angle, the tire side-slip angles for Axle 1, 

Axle 5 and Axle 8 are modelled using a first-order transient tire model inspired by 

[85]. Eq. (4.17) defines the tire sideslip angles for the axles. 
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{
 
 
 

 
 
 ∝̇1=

𝑉𝑦1 + 𝑆1�̇�1 + |𝑉𝑥| ∝1− 𝑉𝑥𝛿

𝜎1

∝̇5=
𝑉𝑦2 − 𝑆5�̇�2 + |𝑉𝑥| ∝5

𝜎5

∝̇8=
𝑉𝑦3 − 𝑆8�̇�3 + |𝑉𝑥| ∝8

𝜎8

 (4.17) 

where, ∝𝑖 denotes the tire side-slip angle, 𝑉𝑦𝑗 the lateral velocity, �̇�𝑗 the yaw rate, 

𝑉𝑥 the vehicle forward speed, and δ the steering angle, 𝑖 denotes the axle, and 𝑗 

the vehicle unit. 𝜎 is the tire’s relaxation length, and defines the tire’s time-delay in 

attaining its steady-state value of lateral force [49]. 

The linear B-Train double model is modified by using the tire side-slip 

equations (see Eq. (4.17)). This modified model describes Observer 1, which 

utilizes wheel speeds and steering angle as inputs. Eq. (4.18) defines the 

measurement equations for Kalman Filter based Observer 1. 

{
  
 

  
 �̇�1 =

(Ω1𝑟 − Ω2𝑙)

𝑇1𝑤 𝑐𝑜𝑠 ∝1
𝑅𝑑𝑦𝑛cos(𝛿 −∝1)

�̇�2 =
(Ω5𝑟 − Ω5𝑙)

𝑇5𝑤 𝑐𝑜𝑠 ∝5
𝑅𝑑𝑦𝑛

�̇�3 =
(Ω8𝑟 − Ω8𝑙)

𝑇8𝑤 𝑐𝑜𝑠 ∝8
𝑅𝑑𝑦𝑛

 (4.18) 

where, �̇�𝑗 denotes the yaw rate, Ω𝑖𝑟 and Ω𝑖𝑙 the rotational speeds of right and left 

wheels respectively, 𝑇𝑖𝑤 the track width of the axle, 𝑖 depicts the axle, and 𝑗 the 

vehicle unit. Tracking performance of Observer 1 using TruckSim model under the 

SLC and DLC maneuvers is shown in Fig. 4.48 and 4.49 respectively. It is evident 

that the Kalman Filter based Observer 1 can predict the yaw rates of all vehicle 

units with reasonable accuracy. 
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Figure 4.48 Time history of yaw rate estimates by Observer 1, and the actual 

TruckSim outputs under the SLC maneuver. 

            
Figure 4.49 Time history of yaw rate estimates by Observer 1, and the actual 

TruckSim outputs under the DLC maneuver. 
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4.5.3.2. Observer 2 

The ATS Hydraulic Actuation (AHA) system generates the desired ATS angles 

determined by the H∞ controller. Since, hydraulic systems are complex in nature, 

faults or failures may occur. Therefore, it is necessary to implement fault diagnosis 

for the AHA system. Hydraulic systems are highly dependent on the system 

pressure, and loss of pressure can cause slow response or even total failure. In 

this research, only the faults that may arise due to pressure loss are considered. 

Since the primary objective of the actuators is to generate the desired ATS 

angles, the only measured outputs in the AHA system are the actuators’ positions. 

Besides, in this study the actuators are not a physical system. Thus, it is difficult to 

design an observer by using only one measurement. In addition, during simple 

maneuvers, such as SLC, it is noted that the generated ATS angles are very small 

(less than 2 degrees). Moreover, the AHA system employs a PID controller to 

ensure that the actuators generate the desired ATS angles specified by the 

controller. Thus, in the presence of actual malfunctions caused by slight pressure 

drop, such as minor oil leakage, loss of pump rotation speed etc., there will be 

unnoticeable fluctuations in the system’s performance. As the actuator has to 

move a very limited distance, the faults may go undetected.  

Considering the aforementioned concerns, the observer for the AHA system 

cannot be based exclusively on the positions measurements.  Therefore, Observer 

2 performs fault detection and diagnosis by estimating the force output of the 

system. Since, the force output is very sensitive to minor fluctuations in pressure, 

this procedure should reliably detect any impending faults in the AHA system. 
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The AHA system model defined in Section 3.4 assumes that a constant pressure 

supply of 20 MPa is available. However, in real-life, a hydraulic pump generates 

the pressure. Moreover, to simulate faults in the AHA system, the pressure of the 

system needs to vary. Therefore, during simulations the supply pressure (𝑃𝑠) is 

considered as a function of pump rotation speed defined in Eq. (4.19) [85]. 

𝑉𝑝 =
2𝐾𝑐𝑃𝑠
𝜂𝑝𝑣𝜔

 (4.19) 

where, 𝑉𝑝 defines the pump’s displacement, 𝐾𝑐 the pressure flow coefficient, 𝑃𝑠 

supply pressure of the system, 𝜂𝑝𝑣 pump’s volumetric efficiency , and 𝜔 the pump 

rotation speed. The force output of the actuation system is estimated using Eq. 

4.20, which is a modified version of the equation(s) published in [86].   

{

𝑉𝑡
4𝛽𝑒

Δ�̇� + 𝐾𝑐Δ𝑃 = 𝐾𝑞𝑥 − 𝐴𝐴�̇�

𝐹 = Δ𝑃𝐴𝐴

 (4.20) 

where, 𝑉𝑡 is the trapped volume of oil in the cylinder, 𝛽𝑒 the fluid bulk modulus, and 

Δ𝑃 the pressure difference between the two sides of the piston. 𝑥 and �̇� are the 

spool displacement and the actuator’s velocity respectively, and also the inputs to 

the system. 𝐹 denotes the system’s force output, and 𝐴𝐴 the cross-sectional area 

of the piston. The remaining constants are already defined in the previous sections. 

The system defined by Eq. (4.20) requires two inputs, the spool 

displacement and actuator’s velocity. Spool displacement is the input to the AHA 

system and already known (see Eq. (3.27)). However, the AHA system only 

measures position. Hence, the actuator’s velocity is unknown. 
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To estimate the actuator’s velocity a discrete-time Kalman Filter is employed (see 

Eq. (4.21)). In addition to estimating the velocity, the Kalman Filter provides a 

redundant position measurement to maintain functionality if the actuator’s position 

sensor malfunctions.   

�̂�[𝑛 + 1] − �̂�[𝑛]

𝑇𝑠
=
�̂̇�[𝑛 + 1] + �̂̇�[𝑛]

2
 (4.21) 

where, �̂� is the estimated position, �̂̇� the estimated velocity, 𝑛 the discrete time 

index, and 𝑇𝑠 the time-step size.  

Contrary to the system model defined in Section 3.3, the supply pressure in 

the modified system defined by Eq. (4.20) is variable and defined by the pump 

rotation speed. Since the fundamental constants of the modified system such as 

pressure sensitivity, flow-coefficient, bulk modulus etc., are dependent on the 

supply pressure. The system is expected to show notable variations in the force 

output in cases of fault occurrences. Thus, Observer 2 employs the modified-AHA 

system for FDD purposes. 

 However, for fault detection and diagnoses, a system is required, which 

estimates the force output of the nominal system. Hence, a simple first-order 

system is modeled to mimic to the force output of the modified-AHA system. 

𝑇𝑑�̇� + 𝐹 = 𝐾𝑓𝑖 (4.22) 

where, 𝑇𝑑 depicts the time constant of the system,  𝐹 the force output, 𝐾𝑓 the 

system gain, and 𝑖 the input current.  
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FDD is implemented by assessing the performance variation in the nominal 

system, and the modified-AHA system defined by Eq. (4.20) and (4.22) 

respectively. The nominal system estimates the force output using the known 

input. Whereas, the modified AHA system estimates the force output by utilizing 

the solenoid’s current input and actuator’s velocity prediction by the discrete-time 

Kalman Filter.  

To establish the presence of faults, the maximum variation in force output 

between the nominal and modified-AHA system is calculated. Specifically, a 

residual signal is generated, which signifies the presence of faults. Moreover, the 

described procedure is implemented for all the active trailer axles. Thus, detection 

and diagnosis of individual ATS axles is possible. 

Fig. 4.50 and 4.51 illustrate the tracking performance for Observer 2 under 

the SLC and DLC maneuvers respectively. Observer 2 signifies the nominal 

system and the actual force output signifies the modified-AHA system. Both figures 

indicate excellent agreement between Observer 2’s estimation and the actual force 

output. The simple first-order system can accurately track the system’s force 

output during fault-free conditions.  

Fig. 4.52 to 4.55 illustrate the tracking performance of the discrete-time 

Kalman Filter. The Kalman Filter aids the modified-AHA system to estimate the 

force output. Fig. 4.52 and 4.53 show the velocity tracking performance of the 

Kalman Filter. Moreover, as previously mentioned that the Kalman Filter also acts 

as a redundant position sensor. The position tracking performance is illustrated in 

Fig. 4.54 and 4.55. All results indicate good agreement. 
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Figure 4.50 Time history of force output estimates by Observer 2, and the actual 

force outputs under the SLC maneuver. 

            
Figure 4.51 Time history of force output estimates by Observer 2, and the actual 

force outputs under the DLC maneuver. 
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Figure 4.52 Time history of actuator velocity estimates by the Kalman Filter 

(Observer 2), and the actual velocity outputs under the SLC maneuver. 

            
Figure 4.53 Time history of actuator velocity estimates by the Kalman Filter 

(Observer 2), and the actual velocity outputs under the DLC maneuver. 
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Figure 4.54 Time history of actuator position estimates by the Kalman Filter 

(Observer 2), and the actual position outputs under the SLC maneuver. 

            
Figure 4.55 Time history of actuator position estimates by the Kalman Filter 

(Observer 2), and the actual position outputs under the DLC maneuver. 
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4.5.3.3. Observer 3 

A controller such as the H∞ controller is very complex. Hence, it is not viable to 

compute the controller calculations separately. This contributes towards increased 

computational efforts. Conversely, a simple model allows monitoring and provides 

a reasonable indication of the desired system performance. Observer 3 observes 

the ATS controller and the AHA system simultaneously. Eq. (4.23) defines the 

observer based on a first-order transient model approximation. 

{

𝑇𝑠𝑦𝑠𝛿4̇ + 𝛿4 = 𝐾𝛿41𝑌𝑒1 + 𝐾𝛿42𝑌𝑒2

𝑇𝑠𝑦𝑠𝛿6̇ + 𝛿6 = 𝐾𝛿61𝑌𝑒1 + 𝐾𝛿62𝑌𝑒2

𝑇𝑠𝑦𝑠𝛿7̇ + 𝛿7 = 𝐾𝛿71𝑌𝑒1 + 𝐾𝛿72𝑌𝑒2 + 𝐾𝛿73𝑌𝑒3

 (4.23) 

where, 𝑇𝑠𝑦𝑠 denotes the time constant of the system,  𝛿𝑖 the ATS angles of the 

respective axle, 𝐾𝛿𝑖𝑗the respective gain(s), 𝑌𝑒𝑗 the error between the desired and 

actual yaw rate of the respective unit, 𝑖 depicts the axle, and 𝑗 the vehicle unit. 

The input to the observer is the error between desired and actual yaw rate 

whereas the outputs are the desired ATS angles. A Kalman Filter is used to 

construct this observer, where the noisy position measurements from the AHA 

system are fed into the observer to obtain correct readings. Logical combination of 

Observer 2 and Observer 3 can detect and isolate faults within the controller or the 

actuation system. Fig. 4.56 and 4.57 illustrate the tracking performance of 

Observer 3 under SLC and DLC maneuvers simultaneously. Although, deviations 

are evident specifically for Axle 7’s prediction, Observer 3 provides a reasonable 

estimation of the desired ATS angles. 
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Figure 4.56 Time history of ATS angle estimates by Observer 3, and the actual 

ATS angles under the SLC maneuver. 

            
Figure 4.57 Time history of ATS angle estimates by Observer 3, and the actual 

ATS angles under the DLC maneuver. 
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4.5.4. Fault Tolerance 

4.5.4.1. Residual Generation 

In the previous sub-section, Observer 1, Observer 2 and Observer 3 for FTC-ATS 

scheme were presented, and their capability to predict fault occurrence was 

established. However, to enhance computational efficiency, the observers are 

based on simple mathematical models, and minor differences exist between the 

observer outputs and the systems they observe. These differences between the 

observers and the systems may lead to false fault detections by the FTC system. 

Therefore, to accurately predict fault occurrence, the residual generation technique 

is employed, where the difference between the observer and the system output is 

calculated, and compared to the predefined threshold residual limits to assess fault 

occurrence. In this study, for all observers, the term “residual” indicates the 

maximum error achieved between the observer and the actual system. 

Fig. 4.58 to 4.63 illustrate the residual signal and the residual limits for the 

observers under the SLC and DLC maneuvers. The figures display the residual 

signals and the residual limits during nominal operation. It is evident that during 

nominal operation, the residual signals remain below their respective limits for 

Observer 1, Observer 2 and Observer 3. However, it is observed that the residual 

signals for all observers indicate comparatively higher peak values under the DLC 

maneuver. 
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Figure 4.58 Time history of Observer 1’s residual signals, and the threshold limits 

under the SLC maneuver. 

            
Figure 4.59 Time history of Observer 1’s residual signals, and the threshold limits 

under the DLC maneuver. 
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Figure 4.60 Time history of Observer 2’s residual signals, and the threshold limits 

under the SLC maneuver. 

            
Figure 4.61 Time history of Observer 2’s residual signals, and the threshold limits 

under the DLC maneuver. 
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Figure 4.62 Time history of Observer 3’s residual signals, and the threshold limits 

under the SLC maneuver. 

            
Figure 4.63 Time history of Observer 3’s residual signals, and the threshold limits 

under the DLC maneuver. 



115 
 

4.5.4.2. Fail-Operational and Fail-Safe Modes 

The previous sections have demonstrated the Fault Detection and Diagnosis 

methods for the FTC-ATS scheme. However, to complete a fault tolerant system, 

fail-operational and fail-safe modes are defined, which dictate the system to return 

to a safe state in the case of failures. Fail-operational and fail-safe modes are 

applied sequentially. Fail-operational mode tolerates one failure, and allows the 

active system to remain operational [26]. However, in the case of multiple failures, 

the fail-safe mode is activated, where the active system is brought to a passive 

state using external power [26]. 

The ATS systems are employed to enhance the vehicle’s dynamic 

performance. However, in the case of faults, these systems may deteriorate the 

vehicle’s performance. Thus, in such situations where the ATS-assisted vehicle’s 

performance is worse than the baseline vehicle, it is logical to lock the active axles. 

In this research the fault tolerant modes, specifically the FS mode, is activated 

when the residual signal between the baseline vehicle and ATS-assisted vehicle 

exceeds the threshold limit. The residual signal is a comparison of the peak lateral 

acceleration achieved by the B-Train double’s second trailer. Since in MTAHVs the 

rearmost trailer exhibits the worst stability, a further increase in its peak lateral 

acceleration induced by a faulty ATS system may result in rollover or other unsafe 

situations. The lateral acceleration of the baseline vehicle’s second trailer is 

generated using the linear B-Train double model. If the residual exceeds the 

threshold limit, the system is instructed to lock all active axles. Table 4.2 displays 

the fail-operational and fail-safe modes. 
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Table 4.2 FDD and FTC Modes. 

Faults 

Fault Detection by 

FTC Decision 

Observer 1 Observer 2 Observer 3 

Yaw Rate 

Sensor Failure 
Y N Y* 

Switch to redundant 

Component (FO) 

Axle 4 

Malfunction 
N Y Y* 

Lock all Axles 

(FS) 

Axle 6 

Malfunction 
N Y Y* 

Lock only Axle 6 

(FO) 

Axle 7 

Malfunction 
N Y Y* 

Lock only Axle 7 

(FO) 

Controller 

Failure 
N N Y 

Lock all Axles 

(FS) 

 

In Table 4.2, FO signifies fail-operational, and FS denotes fail-safe. Asterisk (*) 

indicates that the observer may or may not be able to detect the respective fault. 

The fault tolerant modes are defined by considering the simulation results 

presented in the next sub-section. In addition to the aforementioned faults, the FTC 

system will lock all active axles (FS mode), if the residual signal between the 

baseline vehicle and ATS-assisted vehicle exceeds the threshold limit. 
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4.5.4.3. Simulation Setup 

This sub-section presents the simulation setup employed for the FTC-ATS 

scheme. As previously mentioned, TruckSim and Simulink software packages are 

combined to generate the FTC system. Fig. 4.64 depicts the system diagram built 

in Simulink. The system shown is a basic version of the actual Simulink diagram 

simplified to present the salient components. As illustrated in Fig. 4.64, 

measurements, such as wheel speeds, yaw rates, and steering input are obtained 

from TruckSim. The controller computes the desired ATS angles and sends this 

information to the actuation system. Here, the AHA system generates the desired 

ATS angles and sends them to the subsequent block, where the individual angles 

of left and right wheel(s) are computed using a lookup table. The simulations are 

performed under the SLC and DLC maneuvers, where the SLC is an open-loop 

maneuver, and the DLC is a closed-loop maneuver with TruckSim’s driver model.  

Figure 4.64 Simplified Simulink diagram signifying the FTC system built using 
TruckSim and Simulink software. 
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4.5.5. Simulation Results 

4.5.5.1. Sensor Failure 

This sub-section presents the simulation results for a simulated yaw-rate sensor 

failure under the SLC and DLC maneuvers. Moreover, the impact on the vehicle’s 

dynamic performance during the sensor failure is evaluated. Furthermore, the 

efficacy of the yaw rate estimation by Observer 1 is assessed by employing its 

estimation as an input to the H∞ ATS controller. 

To simulate the failure, the yaw rate sensor is switched-off. Fig. 4.65 and 

4.66 display the residual signals of the respective vehicle units under the SLC and 

DLC maneuver respectively. Since the yaw rate sensor has failed, the residual 

signal surpasses the limits, clearly indicating fault occurrence.  

Fig. 4.67 to 4.70 illustrates the dynamic performance of vehicle under both 

the maneuvers. It is apparent that the system performance degrades considerably 

due to sensor failure. Moreover, the lateral acceleration and yaw rate responses 

are worse than the baseline vehicle without ATS system. It is logical to assume 

that in the absence of a FTC system, the vehicle will experience dangerous motion 

modes, such as rollover, jack-knifing etc. However, the system can regain its 

controlled nature by utilizing the yaw rate estimation from Observer 1. Fig. 4.71 to 

4.74 show the vehicle’s dynamic performance achieved by employing Observer 

1’s yaw rate estimation as the input to the controller. Results strongly suggest that 

by utilizing Observer 1’s yaw rate estimation, vehicle’s desired closed-loop 

performance can be ensured even during sensor failure. 
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Figure 4.65 Time history of Observer 1’s residual signals, and the threshold limits 

under the SLC maneuver for the yaw-rate sensor failure. 

            
Figure 4.66 Time history of Observer 1’s residual signals, and the threshold limits 

under the DLC maneuver for the yaw-rate sensor failure. 
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Figure 4.67 Time history of lateral accelerations for the H∞ controlled vehicle and 
the baseline TruckSim vehicle under the SLC maneuver for the yaw-rate sensor 

failure. 

            
Figure 4.68 Time history of lateral accelerations for the H∞ controlled vehicle and 
the baseline TruckSim vehicle under the DLC maneuver for the yaw-rate sensor 

failure. 
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Figure 4.69 Time history of yaw rates for the H∞ controlled vehicle and the 

baseline TruckSim vehicle under the SLC maneuver for the yaw-rate sensor 
failure. 

            
Figure 4.70 Time history of yaw rates for the H∞ controlled vehicle and the 

baseline TruckSim vehicle under the DLC maneuver for the yaw-rate sensor 
failure. 



122 
 

            
Figure 4.71 Time history of lateral accelerations for the H∞ controlled (Observer 
1) vehicle and the baseline TruckSim vehicle under the SLC maneuver for the 

yaw-rate sensor failure. 

            
Figure 4.72 Time history of lateral accelerations for the H∞ controlled (Observer 
1) vehicle and the baseline TruckSim vehicle under the DLC maneuver for the 

yaw-rate sensor failure. 
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Figure 4.73 Time history of yaw rates for the H∞ controlled (Observer 1) vehicle 

and the baseline TruckSim vehicle under the SLC maneuver for the yaw-rate 
sensor failure. 

            
Figure 4.74 Time history of yaw rates for the H∞ controlled (Observer 1) vehicle 

and the baseline TruckSim vehicle under the DLC maneuver for the yaw-rate 
sensor failure. 
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4.5.5.2. Actuator Malfunction(s) 

This sub-section presents the simulation results for actuator malfunctions under 

the SLC and DLC maneuvers. Since it is unlikely that actuators will fail 

simultaneously, in the simulations each actuator is “failed” individually. Unlike the 

sensor-failure fault scenario, here the actuators do not fail completely. To simulate 

actuator malfunction, the system pressure in the actuator model is reduced by 

reducing the motor speed as defined in Eq. (4.19). 

 Fig. 4.75 to 4.78 illustrate the simulation results for actuator failure in Axle 

4. The figures depict the estimation of Observer 2 and Observer 3, and their 

residual signals. It is apparent that under both SLC and DLC maneuvers, Observer 

2 is able to predict the fault occurrence in the actuator. Fig. 4.75 and 4.76 show 

notable deviation between the system, and the residual signals are beyond the 

threshold limits. Conversely, Observer 3 can only predict the fault occurrence 

under the DLC maneuver (see Fig. 4.77 and 4.78).  

Similar results are obtained for actuator malfunctions in Axle 6 and Axle 7 

under the SLC and DLC maneuvers. Fig. 4.79 to 4.86 show the simulation results. 

Predictably, Observer 2 can detect fault-occurrence under both the maneuvers, 

whereas Observer 3 is suitable only during the DLC maneuver.  

Since the generated ATS angles under the SLC maneuver are very small, 

there is negligible difference between the actuator output and Observer 3’s 

estimate. However, during the DLC maneuver, the ATS angles are large, and 

notable difference is observed. The results corroborate the presumption made in 

Section 4.5.3.2 that force estimation is necessary to predict actuator faults.   
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Figure 4.75 Time history of Observer 2’s residual signals, the threshold limits, 
force output estimates, and the actual force outputs under the SLC maneuver for 

Axle 4’s actuator malfunction. 

 

 
Figure 4.76 Time history of Observer 2’s residual signals, the threshold limits, 

force output estimates, and the actual force outputs under the DLC maneuver for 
Axle 4’s actuator malfunction. 
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Figure 4.77 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the SLC maneuver for 

Axle 4’s actuator malfunction. 

 

 
Figure 4.78 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the DLC maneuver for 

Axle 4’s actuator malfunction. 
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Figure 4.79 Time history of Observer 2’s residual signals, the threshold limits, 

force output estimates, and the actual force outputs under the SLC maneuver for 
Axle 6’s actuator malfunction. 

 

 
Figure 4.80 Time history of Observer 2’s residual signals, the threshold limits, 

force output estimates, and the actual force outputs under the DLC maneuver for 
Axle 6’s actuator malfunction. 
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Figure 4.81 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the SLC maneuver for 

Axle 6’s actuator malfunction. 

 

Figure 4.82 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the DLC maneuver for 

Axle 6’s actuator malfunction. 
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Figure 4.83 Time history of Observer 2’s residual signals, the threshold limits, 

force output estimates, and the actual force outputs under the SLC maneuver for 
Axle 7’s actuator malfunction. 

 

 
Figure 4.84 Time history of Observer 2’s residual signals, the threshold limits, 

force output estimates, and the actual force output under the DLC maneuver for 
Axle 7’s actuator malfunction. 
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Figure 4.85 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the SLC maneuver for 

Axle 7’s actuator malfunction. 

 

Figure 4.86 Time history of Observer 3’s residual signals, the threshold limits, 
ATS angle estimates, and the actual ATS angles under the DLC maneuver for 

Axle 7’s actuator malfunction. 
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4.5.5.3. Fail-Safe Operation 

As mentioned in Section 4.5.4.3, the ATS axles are locked (fail-safe mode) if the 

difference in peak lateral acceleration achieved by the second trailer for the 

baseline and ATS vehicle exceeds the threshold. During the numerous fault 

conditions simulated in the above sub-sections, the analytical redundancy in the 

FTC-ATS scheme was able to maintain acceptable performance.  

However, during Axle 4’s simulated malfunction, the residual exceeded the 

prescribed limit. This sub-section illustrates the functioning of the fail-safe 

operation during Axle 4’s malfunction. In Fig. 4.87, the lateral acceleration 

response of the controlled vehicle with the faulty Axle 4 and the vehicle without 

ATS are compared. The degraded performance is noticeable, specifically for the 

second trailer. This is further highlighted in Fig. 4.88, which illustrates the residual 

signal. 

To compensate for the degraded performance of the second trailer, the FTC 

system initiates the Axle locking. Fig. 4.89 and 4.90 illustrate the results. Fig. 4.89 

shows the effects of FTC intervention. It is clear that FTC ensures that the 

performance does not deteriorate. Whereas, Fig. 4.90 shows the generated ATS 

angles with and without FTC intervention. The figure clearly indicates the 

functioning of the FTC system, where the ATS axles are locked if the residual 

signal surpasses the limits. The initiation of Axle locking is marked in the figures. 
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Figure 4.87 Time history of lateral accelerations for the H∞ controlled vehicle and 

the baseline TruckSim vehicle under the DLC maneuver for Axle 4’s actuator 
malfunction. 

            
Figure 4.88 Time history of FTC system’s residual signal and the threshold limit 

under the DLC maneuver for Axle 4’s actuator malfunction. 
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Figure 4.89 Time history of lateral accelerations for the FTC vehicle and the 

baseline TruckSim vehicle under the DLC maneuver for Axle 4’s actuator 
malfunction. 

            
Figure 4.90 Time history of ATS angles generated by the FTC system, and the 
actual ATS angles under the DLC maneuver for Axle 4’s actuator malfunction. 

 

Axles    

locked 
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4.6. Summary 

This chapter presented the FTC-ATS framework. The framework comprises of 

three fundamental elements, the ATS controller, the FDD system, and the FTC 

system. For the ATS controller design, LQR and H∞ techniques were examined 

as the potential control techniques. Compared to the baseline vehicle, both control 

techniques illustrated enhanced vehicle performance. However, the H∞ based 

controller demonstrated superior performance, and was chosen as the appropriate 

ATS controller. Further, the effects of actuator dynamics on the ATS controller’s 

performance were evaluated. The results affirmed the actuator’s capability to meet 

the controller’s demands during most operating conditions. 

Luenberger Observer and Kalman Filter estimation techniques were 

analyzed as prospective observer techniques. Compared to the Luenberger 

Observer, the Kalman Filter demonstrated better overall performance. Hence, the 

Kalman Filter technique was selected as the suitable observer technique for FDD 

system development. 

Thereafter, the FDD and the FTC systems were presented. The FDD 

system employs three independent observers, where each observer monitors a 

dedicated sub-system. All observers illustrated good tracking performance. Then, 

the FTC system and the fault tolerance logic was described. Finally, the simulation 

results for a variety of instigated faults and malfunctions were presented. 

Scenarios such as yaw rate sensor failure and actuator malfunction were 

emulated. The FTC system demonstrated excellent performance during all 

simulated fault scenarios. 
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CHAPTER 5                                                       

CONCLUSIONS and RECOMMENDATIONS FOR 

FUTURE RESEARCH 

5.1. Conclusions 

MTAHVs are essential to the trucking industry. However, their limitations 

overshadow their advantages. To allow MTAHV’s widespread applications, it is 

necessary to address these limitations. Thus, in this research, a Fault Tolerant 

Control of Active Trailer Steering (FTC-ATS) scheme was developed. The scheme 

constitutes primarily of the control system, the Fault Detection and Diagnosis 

(FDD) system, and the FTC system. 

The LQR and H∞ control techniques were investigated for their suitability 

in the FTC-ATS scheme. Although, the LQR control system was effective in 

enhancing the vehicle’s dynamics under the SLC maneuver, the controller could 

not provide desired results under the DLC maneuver. Moreover, the path-following 

of the LQR controlled vehicle was erroneous. Based on the results, it is suggested 

that the LQR controller must be revised. Techniques, such as gain-scheduling and 

reference tracking, are suggested to enhance the suitability of a LQR controller for 

ATS systems. Considering the limitations of the LQR control, a robust H∞ 

controller was synthesized. The H∞ controller for the ATS system demonstrated 

enhanced vehicle performance under both SLC and DLC maneuvers. The yaw 

rate reference model enabled the H∞ control system to exhibit excellent path 

following. Moreover, the controller exhibited excellent yaw reference tracking.  

 



136 
 

To include actuators’ dynamics in the control system, the ATS Hydraulic Actuation 

(AHA) system was integrated with the LQR and H∞ controllers. Based on the 

simulation results, it is suggested that an actuator model should be incorporated 

during control system design. This helps establish the system’s physical 

limitations. 

To develop a comprehensive FDD system, the commonly used observer 

techniques, Luenberger Observer and Kalman Filter, were cross-examined. Both 

observer techniques were compared under different simulation conditions. Results 

suggest that the Luenberger Observer is suitable for application in state feedback 

control as a state estimator. Whereas, the Kalman Filter is suggested for 

generating accurate predictions especially for control and diagnosis systems.  

The FDD system comprises of three individual observers, which monitor the 

designated sub-systems. Observer 1 estimates the yaw rate of the vehicle based 

on the available individual wheel speeds. Observer 2 predicts the force output of 

the system and is responsible for fault diagnosis of the actuation system, whereas 

Observer 3 monitors the controller and hydraulic actuation system simultaneously. 

Observer 1 and 3 employ the Kalman Filter for accurate prediction of the system’s 

states in the presence of measurement noise. Simulation results conclude that 

Observer 1 is capable of accurately predicting the yaw rates. While Observer 2 is 

equipped to diagnose the faults concerning the actuation system, and can predict 

the faults in individual axles. Observer 3 effectively diagnoses the faults in 

actuation system and controller. The combination of these observers generates an 

effective FDD system. 
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By combining the robust H∞ controller and the FDD system, the FTC system was 

synthesized. The FTC system compares the ATS-enabled vehicle’s performance 

with the baseline vehicle to determine the degree of intervention. Specifically, a 

residual signal formulated by comparing the second trailer’s peak lateral 

acceleration response of the controlled and the uncontrolled vehicles quantifies 

the variation in performance. The FTC system’s Fail-Operational (FO) and Fail-

Safe (FS) modes define the different degrees of intervention. The ATS system 

remains operational in the FO mode, until a system failure causes the vehicle to 

exhibit worse dynamics than the uncontrolled vehicle. However, in the FS mode, if 

the controlled vehicle shows worse dynamics, all ATS axles are locked. Simulation 

results suggest that the FTC system prevents the vehicle from exhibiting worse 

dynamic performance. Moreover, the FTC system’s intervention allows the vehicle 

to maintain safe operation.  

A primary objective of this research was to allow the transition of ATS 

systems from laboratory experiments to real world systems. This mandated the 

study to analyze the performance of such systems in presence of fault and failures. 

In this research, the performance of the ATS systems was analyzed under 

numerous simulated fault and failure scenarios. In addition, the impact of failures 

on the vehicle’s dynamic characteristics was examined. To permit the ATS system 

to remain operational in presence of such faults, a novel FTC scheme was 

developed. The results indicate that the combination of the robust H∞ controller 

and FDD system generates a capable FTC scheme. It can be concluded that this 

study will aid the ATS systems to achieve widespread implementation in MTHAVs.  
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5.2. Recommendations for Future Research 

Based on the obtained results and conclusions, the following recommendations 

are provided for future work.  

In this research, the H∞ control system utilizes a yaw rate reference model 

based on a simple steady-state bicycle model. More complex reference models 

maybe explored. Additionally, Driver-In-the-Loop (DIL) simulation is suggested to 

study the impact of human behavior on the system’s performance. DIL will allow 

the study of human-hardware interaction during faults. Furthermore, Hardware-In-

the-Loop (HIL) simulation is suggested to corroborate the ATS Hydraulic Actuation 

(AHA) system.  

Observer 1 estimates the vehicle’s yaw rates by utilizing a linear vehicle 

model. Although the model provides reasonable yaw rate predictions, complex 

non-linear models may be explored. Moreover, extended Kalman Filter may be 

employed for the non-linear model. This strategy would provide accurate 

predictions by accounting the nonlinearities of the system. In this study, the sensor 

noise was approximated using Simulink. In the future studies, realistic sensor noise 

data from real sensors can be considered. This will allow better understanding of 

the noise rejection abilities of the Kalman Filter. 

The presented FTC-ATS framework exhibited good performance under the 

numerical simulation environment. However, its effectiveness cannot be 

adequately evaluated without analyzing it in the real world. The physical 

implementation of such a complex system will involve additional efforts, specifically 
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in the areas of design and testing. For example, to facilitate ATS system’s 

implementation, the controller may require use of different control strategies for 

high-speed and low-speed operations.   

It is well established that ATS systems involve high costs, which usually 

leads to their limited applications. Thus, alternative methods may be explored for 

implementing a low cost ATS system. A low cost ATS system may be developed 

by reducing the number of required ATS axles, and developing a design that 

requires minimum modification to the current hardware. 

In relation to the proposed FTC scheme, a quantitative analyses of the 

computational requirements of the presented analytical model(s) should be 

conducted. Moreover, to analyze the effectiveness of the presented FTC-ATS 

scheme adequately, rigorous road testing is required. Specifically, by using the 

automotive industry standard, CAN bus communication architecture. This study 

will assist in analyzing the limitations of the FTC-ATS scheme. 

Furthermore, the proposed FTC-ATS ensures that the controlled vehicle’s 

performance never degrades below the uncontrolled vehicle’s performance. 

However, FTC systems are capable of ensuring desired (controlled) performance 

despite of the occurrence of faults. This may be achieved by generating individual 

controllers for each fault scenario, such that the functional actuators compensate 

for the loss of the faulty actuator(s). 
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APPENDIX A:                                             

NOTATIONS OF THE 4DOF B-TRAIN DOUBLE 

MODEL PARAMETERS 

Symbol Parameter Description Units 

𝑚1 Total mass of the tractor 𝑘𝑔 

𝑚2 Total mass of the first trailer 𝑘𝑔 

𝑚3 Total mass of the second trailer 𝑘𝑔 

𝐼1 Yaw moment of inertia of the tractor 𝑘𝑔 𝑚2 

𝐼2 Yaw moment of inertia of the first trailer 𝑘𝑔 𝑚2 

𝐼3 Yaw moment of inertia of the second trailer 𝑘𝑔 𝑚2 

𝑉𝑥 Forward speed of the Vehicle 
𝑚

𝑠
 

𝑉𝑦1 Lateral speed of the tractor 
𝑚

𝑠
 

𝑉𝑦2 Lateral speed of the first trailer 
𝑚

𝑠
 

𝑉𝑦3 Lateral speed of the second trailer 
𝑚

𝑠
 

�̇�1 Yaw rate of the tractor 
𝑑𝑒𝑔

𝑠
 

�̇�2 Yaw rate of the first trailer 
𝑑𝑒𝑔

𝑠
 

�̇�3 Yaw rate of the second trailer 
𝑑𝑒𝑔

𝑠
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𝐹𝑦1 Lateral force of the tractor’s 1st axle 
𝑁 

𝐹𝑦2 Lateral force of the tractor’s 2nd axle 
𝑁 

𝐹𝑦3 Lateral force of the tractor’s 3rd axle 
𝑁 

𝐹𝑦4 Lateral force of the first trailer’s 1st axle 
𝑁 

𝐹𝑦5 Lateral force of the first trailer’s 2nd axle 
𝑁 

𝐹𝑦6 Lateral force of the first trailer’s 3rd axle 
𝑁 

𝐹𝑦7 Lateral force of the second trailer’s 1st axle 
𝑁 

𝐹𝑦8 Lateral force of the second trailer’s 2nd axle 
𝑁 

𝐹𝑦9 Lateral force of the second trailer’s 3rd axle 
𝑁 

𝐹ℎ1 Lateral reaction force at the 1st fifth-wheel 
𝑁 

𝐹ℎ2 Lateral reaction force at the 2nd fifth-wheel 
𝑁 

𝐶1 Cornering Stiffness of the tractor’s 1st axle 

𝑁

𝑑𝑒𝑔
 

𝐶2 Cornering Stiffness of the tractor’s 2nd axle 

𝑁

𝑑𝑒𝑔
 

𝐶3 Cornering Stiffness of the tractor’s 3rd axle 

𝑁

𝑑𝑒𝑔
 

𝐶4 Cornering Stiffness of the first trailer’s 1st axle 

𝑁

𝑑𝑒𝑔
 

𝐶5 Cornering Stiffness of the first trailer’s 2nd axle 

𝑁

𝑑𝑒𝑔
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𝐶6 Cornering Stiffness of the first trailer’s 3rd axle 

𝑁

𝑑𝑒𝑔
 

𝐶7 Cornering Stiffness of the second trailer’s 1st axle 

𝑁

𝑑𝑒𝑔
 

𝐶8 Cornering Stiffness of the second trailer’s 2nd axle 

𝑁

𝑑𝑒𝑔
 

𝐶9 Cornering Stiffness of the second trailer’s 3rd axle 

𝑁

𝑑𝑒𝑔
 

∝1 Side-slip angle of the tractor’s 1st axle 
𝑑𝑒𝑔 

∝2 Side-slip angle of the tractor’s 2nd axle 
𝑑𝑒𝑔 

∝3 Side-slip angle of the tractor’s 3rd axle 
𝑑𝑒𝑔 

∝4 Side-slip angle of the first trailer’s 1st axle 
𝑑𝑒𝑔 

∝5 Side-slip angle of the first trailer’s 2nd axle 
𝑑𝑒𝑔 

∝6 Side-slip angle of the first trailer’s 3rd axle 
𝑑𝑒𝑔 

∝7 Side-slip angle of the second trailer’s 1st axle 
𝑑𝑒𝑔 

∝8 Side-slip angle of the second trailer’s 2nd axle 
𝑑𝑒𝑔 

∝9 Side-slip angle of the second trailer’s 3rd axle 
𝑑𝑒𝑔 

𝑆1 Distance between the tractor’s 1st axle and the CG of the 
tractor 

𝑚 

𝑆2 Distance between the tractor’s 2nd axle and the CG of the 
tractor 

𝑚 

𝑆3 Distance between the tractor’s 3rd axle and the CG of the 
tractor 

𝑚 
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𝑆4 Distance between the first trailer’s 1st axle and the CG of 
the first trailer 

𝑚 

𝑆5 Distance between the first trailer’s 2nd axle and the CG of 
the first trailer 

𝑚 

𝑆6 Distance between the first trailer’s 3rd axle and the CG of 
the first trailer 

𝑚 

𝑆7 Distance between the second trailer’s 1st axle and the CG 
of the second trailer 

𝑚 

𝑆8 Distance between the second trailer’s 2nd axle and the CG 
of the second trailer 

𝑚 

𝑆9 Distance between the second trailer’s 3rd axle and the CG 
of the second trailer 

𝑚 

ℎ1 Distance between 1st hitch point and the CG of the tractor 
𝑚 

ℎ2 Distance between 1st hitch point and the CG of the first 
trailer 

𝑚 

ℎ3 Distance between 2nd hitch point and the CG of the first 
trailer 

𝑚 

ℎ4 Distance between 2nd hitch point and the CG of the second 
trailer 

𝑚 
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APPENDIX B:                                                

VEHICLE SYSTEMS MATRICES 

The system matrices 𝑨 and 𝑩 for the 4DOF linear model described in Section 3.2 

are given below. 

𝐴 = 𝑀−1𝑁;  𝐵 = 𝑀−1𝑃  

𝑀 =

[
 
 
 
 
 
ℎ1𝑚1

𝑚1

ℎ2𝑚1

0
1
0

𝐼1
0
0
0
−ℎ1
0

0
𝑚2

0
0
−1
1

0
0
𝐼2
0
−ℎ2
−ℎ3

0
𝑚3

−ℎ3𝑚3

−ℎ4𝑚3

0
−1

0
0
0
𝐼3
0
ℎ4]
 
 
 
 
 

 

𝑁 =
1

𝑉𝑥

[
 
 
 
 
 
𝑛11
𝑛21
𝑛31
0
0
0

𝑛12
𝑛22
𝑛32
0

−𝑉𝑥
2

0

0
𝑛23
𝑛33
0
0
0

0
𝑛24
𝑛34
0
𝑉𝑥
2

−𝑉𝑥
2

0
𝑛25
𝑛35
𝑛45
0
0

0
𝑛26
𝑛36
𝑛46
0
𝑉𝑥
2
]
 
 
 
 
 

 

𝑃 =

[
 
 
 
 
 
−(𝑆1 + ℎ1)𝐶1

−𝐶1
−ℎ2𝐶1
0
0
0 ]

 
 
 
 
 

 

 

𝑛11 = 𝐶1(ℎ1 + 𝑆1) + 𝐶2(ℎ1 − 𝑆2) + 𝐶3(ℎ1 − 𝑆3) 

𝑛12 = 𝐶1𝑆1(ℎ1 + 𝑆1) − 𝐶2𝑆2(ℎ1 − 𝑆2) − 𝐶3𝑆3(ℎ1 − 𝑆3) − ℎ1𝑚1𝑉𝑥
2 

𝑛21 = 𝐶1 + 𝐶2 + 𝐶3 

𝑛22 = 𝐶1𝑆1 − 𝐶2𝑆2 − 𝐶3𝑆3 −𝑚1𝑉𝑥
2 

𝑛23 = 𝐶4 + 𝐶5 + 𝐶6 
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𝑛24 = −𝐶4𝑆4 − 𝐶5𝑆5 − 𝐶6𝑆6 −𝑚2𝑉𝑥
2 

𝑛25 = 𝐶7 + 𝐶8 + 𝐶9 

𝑛26 = −𝐶7𝑆7 − 𝐶8𝑆8 − 𝐶9𝑆9 −𝑚2𝑉𝑥
2 

𝑛31 = ℎ2(𝐶1 + 𝐶2 + 𝐶3) 

𝑛32 = 𝐶1ℎ2𝑆1 − 𝐶2ℎ2𝑆2 − 𝐶3ℎ2𝑆3 − ℎ2𝑚1𝑉𝑥
2 

𝑛33 = −𝐶4𝑆4 − 𝐶5𝑆5 − 𝐶6𝑆6 

𝑛34 = 𝐶4𝑆4
2 + 𝐶5𝑆5

2 + 𝐶6𝑆6
2 

𝑛35 = −ℎ3(𝐶7 + 𝐶8 + 𝐶9) 

𝑛36 = ℎ3(𝐶7𝑆7 + 𝐶8𝑆8 + 𝐶9𝑆9 +𝑚2𝑉𝑥
2) 

𝑛45 = −𝐶7(ℎ4 + 𝑆4) − 𝐶8(ℎ4 + 𝑆8) − 𝐶9(ℎ4 + 𝑆9) 

𝑛46 = 𝐶7𝑆7(ℎ4 + 𝑆4) + 𝐶8𝑆8(ℎ4 + 𝑆8) + 𝐶9𝑆9(ℎ4 + 𝑆9) + ℎ4𝑚2𝑉𝑥
2 
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The system matrices 𝑨𝒉 and 𝑩𝒉 for the AHA system model described in Section 

3.4 are given below. 

𝐴ℎ = 𝑀ℎ
−1𝑁ℎ;  𝐵ℎ = 𝑀ℎ

−1𝑃ℎ 

𝑀ℎ = [
𝑚 𝑐 +

𝐴𝐴
2 + 𝐴𝐵

2

2 𝐾𝑐
0

0 1 0
0 0 𝜏

] 

𝑁ℎ = [
0 −𝑘 𝜂𝑎𝑓(𝐴𝐴 + 𝐴𝐵)𝐾𝑝
1 0 0
0 0 −1

] 

𝑃ℎ = [
0
0
𝜑
] 
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