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Kurzfassung  

In dieser Dissertation wird ein systematisches Verfahren zur Simulation des 

Energiebedarfs bei dynamischen Fahrmanövern auf Gesamtfahrzeugprüf-

ständen mit hoher Realitätsnähe vorgestellt. Verschiedene Prüfstandskon-

zepte werden verglichen und durch modellbasierte Simulation und Messun-

gen bei realen Fahrmanövern auf ihre Tauglichkeit zur Durchführung 

dynamischer Fahrmanöver untersucht. Die entwickelten Methoden zur Re-

produktion dynamischer Fahrmanöver werden erfolgreich mit den vorgese-

henen Anwendungen validiert. Ausgehend von der Zielsetzung einer realitäts-

nahen Fahrversuchsdurchführung werden wesentliche Anforderungen an ein 

für dynamische Fahrmanöver geeignetes Prüfstandkonzept ermittelt. Der 

Schwerpunkt dieser Arbeit liegt auf der Simulation des Energieverbrauchs ei-

nes Elektrofahrzeugs im Straßenverkehr und bei der Durchführung von Fahr-

versuchen auf Gesamtfahrzeugprüfständen. 

Viele Forschungsarbeiten betonen wichtige Faktoren für eine genaue Schät-

zung des Energieverbrauchs von Elektrofahrzeugen, wie die Entwicklung de-

taillierter Fahrzeugdynamikmodelle, die Schätzung der Effizienz des Antriebs-

strangs in hoher Auflösung und die Berücksichtigung von 

Umweltauswirkungen entlang einer bestimmten Route. Allgemein, betrach-

teten diese Arbeiten Verfahren, die sehr komplex sind und es daher sehr auf-

wendig ist, validierte Modelle für den Energieverbrauch von Elektrofahrzeu-

gen zu erhalten, oder es wurden einfachere Methoden entwickelt, die jedoch 

weniger genaue Ergebnisse lieferten. Diese Arbeit schlägt dagegen einen un-

komplizierten Ansatz vor, der einfach zu implementieren ist und genaue Si-

mulationsergebnisse liefert. Nachdem die genaue Modellierung für Elektro-

fahrzeuge erreicht wurde, besteht der nächste Schritt darin, das 

Fahrzeugsystemmodell in verschiedene Arten von Prüfständen für Gesamt-

fahrzeuge zu integrieren. 
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In dieser Arbeit werden vier Hauptschwerpunkte untersucht, um genaue vir-

tuelle Simulationsergebnisse sowohl für Straßenfahrten als auch die experi-

mentelle Simulation für Prüfstandstests zu erzielen: Erstens die Entwicklung 

eines adaptierbaren Modells zur Schätzung des Energieverbrauchs in Elektro-

fahrzeugen. Zweitens soll eine Vorhersagemethode für den Schlupf zwischen 

den Reifen des zu prüfenden Fahrzeugs und den Rollen eines Rollenprüf-

stands vorgeschlagen werden. Drittens ermöglicht der Entwurf eines Regelal-

gorithmus eine realitätsnahe Umsetzung der referenzierten realen Fahrma-

növer auf den Gesamtfahrzeugprüfständen. Viertens die Entwicklung einer 

Lösung zur Ermittlung der physikalischen Ausgangsgrößen des Antriebs-

strangsteuergeräts bei fehlendem Wissen zu den technischen Daten. 

Viele Studien konzentrierten sich auf die Erstellung experimenteller Modelle 

zur Schätzung des Energieverbrauchs von Elektrofahrzeugen. Diese Art der 

Modellierung ist mit mehreren Anforderungen verbunden: lange Strecken 

fahren, geeignete Umgebungsbedingungen sicherstellen und spezielle Mess-

instrumente vorbereiten. Darüber hinaus gelten die Ergebnisse für die jewei-

ligen Testfahrzeuge; die entwickelten Modelle sind möglicherweise nicht für 

andere Fahrzeuge mit anderen Spezifikationen geeignet. In anderen Arbeiten 

wurden physikalische Modelle des gesamten Fahrzeugs erstellt, die Modelle 

müssen jedoch detaillierter sein, um die gewünschte Genauigkeit beim Ener-

gieverbrauch zu erzielen. In dieser Arbeit wird ein detailliertes Simulations-

modell des Energieverbrauchs im Antriebsstrang erstellt, der sich aus dem ge-

schätzten dynamischen Verhalten des Testfahrzeugs ergibt. Darüber hinaus 

wird das Modell mit experimentellen Daten aus einem dynamischen realen 

Straßenfahrversuch validiert. Das in diesem Rahmen vorgeschlagene Batte-

riemodell zeigte in verschiedenen experimentellen Tests eine hohe Präzision. 

Verschiedene mechanische und elektrische physikalische Größen werden ge-

nau geschätzt, so dass nur die Fahrzeuggeschwindigkeit und die Verluste der 

Nebenaggregate als Eingaben für das Simulationsmodell dienen. Das Modell 

ist unter bestimmten Bedingungen gültig, nämlich beim Fahren auf ebenem 

Untergrund, ohne Berücksichtigung der Straßenoberflächenrauheit und bei 

konstanter Umgebungstemperatur. Diese modellbasierte Simulation diente 
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als Referenz für die Genauigkeit der Schätzung des Energieverbrauchs des 

Fahrzeugs auf dem Rollenprüfstands und als Referenzmodell für einen noch 

in der Entwicklung befindlichen Vehicle-in-the-loop-Prüfstand. 

Der Energieverbrauch des elektrischen Versuchsfahrzeugs auf dem Rollen-

prüfstand wird eingehend untersucht. Die experimentellen Daten wurden für 

die Standardfahrzyklustests NEFZ- und WLTP-Klasse-2 erfasst. Die Ergebnisse 

zeigen, dass bei der Schätzung des mit diesen Standardtests verbundenen 

Energiebedarfs auf dem Prüfstand Abweichungen zum Referenzsimulations-

modells auftreten. Diese Ergebnisse sprechen dafür, dass die Ursache in der 

Dynamik des Reifen-Rollen-Kontakts zu suchen ist. 

Mehrere Einschränkungen des Rollenprüfstands machten die Durchführung 

hochdynamischer Fahrmanöver zu einer anspruchsvollen Aufgabe. Aus die-

sem Grund wurde ein weiterer Typ von Gesamtfahrzeugprüfständen unter-

sucht, ein sogenannter Vehicle-in-the-Loop-Prüfstand. Bei diesem Prüf-

standstyp werden die gewünschten Fahrwiderstände durch 

Belastungsmaschinen bei abgenommenen Rädern direkt auf die Radnaben 

des Prüffahrzeugs aufgebracht. Diese Architektur vermeidet die unerwünsch-

ten Einflüsse des Rollen- und Reifenkontakts, wie dies bei Rollenprüfständen 

der Fall ist. Um das dynamische Verhaltendes Vehicle-in-the-loop-Prüfstands 

zu verbessern und seine mechanischen Leistungsverluste zu berücksichtigen, 

wurde ein robuster Regelungsalgorithmus entwickelt. Die Übertragungsfunk-

tion für das Gesamtsystem aus Prüfstand und Testfahrzeug wird erstellt, um 

die Stabilität verschiedener Reglertypen im Frequenzbereich umfassend zu 

analysieren und die Qualität der Rauschunterdrückung zu bewerten. Darüber 

hinaus wurden die Erwartungen aus der Frequenzanalyse im Zeitbereich be-

stätigt. Außerdem wurden Empfindlichkeitsanalysetests durchgeführt, um die 

Robustheit jedes Reglers gegenüber der Unbestimmtheit der Modellierungs-

parameter zu bewerten. Basierend auf den Analyseergebnissen wurde 

schließlich ein Regelalgorithmus entwickelt, der einen LQI-Zustandsraumreg-

ler mit einem PI-Momentregler integriert. Der vorgeschlagene Regelalgorith-

mus soll die Kraftübertragung zwischen den Belastungsmaschinen und den 
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Radträgern des Testfahrzeugs regeln, indem sowohl die Drehzahlen als auch 

die Drehmomente der Räder gesteuert werden. Der vorgeschlagene Regler 

wird in das Vehicle-in-the-loop-Prüfstandsmodell integriert und anschließend 

werden die virtuellen Prüfstandssimulationsergebnisse mit den Simulations-

ergebnissen des Testfahrzeugmodells beim Straßenfahren verglichen. Der 

vorgeschlagene Regelungsalgorithmus ermöglicht eine genaue Schätzung des 

Energieverbrauchs für ein bestimmtes Manöver. Mithilfe des validierten Mo-

dells des Testfahrzeugs wird die Leistung des entsprechenden Antriebsstrangs 

im Fahrzyklus der WLTP-Klasse 3 simuliert. 

Der letzte Schritt der Verbindung des Testfahrzeugs mit der Prüfstandste-

stumgebung besteht darin, das Antriebsdrehmoment des Fahrzeugs auf dem 

Vehicle-in-the-loop Prüfstand zu reproduzieren, um den gleichen Lastfall wie 

beim realen Fahrmanöver zu erreichen. Es wird eine Identifikationstechnik 

vorgeschlagen, um einen Zusammenhang zwischen der Fahrpedalstellung 

und dem entsprechenden Antriebsmoment herzustellen. Dieser Schritt ist 

von Vorteil, um das komplexe physikalische Modell des Fahrzeugsteuergeräts 

zu ersetzen, das möglicherweise mit weiteren Informationen zur Modellie-

rung versorgt werden muss. Das nichtlineare autoregressive exogene (NARX)-

Netzwerk erwies sich als fähiger, langfristige Abhängigkeiten zu lernen als das 

statische neuronale Netzwerk. Darüber hinaus erwies es sich als vielverspre-

chende Technik für die Online-Erkennung in verschiedenen Automobilanwen-

dungen unter realen Fahrbedingungen. Das NARX-Netzwerk in dieser Disser-

tation als dynamisches neuronales Netzwerk mit Feedback- und 

Speicherfunktionen dient der Vorhersage des Elektromotormoments des 

Fahrzeugs unter Berücksichtigung der Fahrpedalstellung, der Winkelge-

schwindigkeit des Motors und der Fahrzeuggeschwindigkeit. Das Modell ist 

jedoch auf Fahrten in der Ebene eingeschränkt, ohne Berücksichtigung der 

Straßenoberflächenrauheit und bei konstanter Umgebungstemperatur. Die-

ses Modell erwies sich als äußerst effizient bei der Abbildung dieses hoch-

komplexen Zusammenhangs. Die für den Identifikationsprozess verwendeten 

Daten stammen aus einer realen dreidimensionalen Route mit dynamischen 

Eigenschaften wie abrupten Änderungen des Fahrmodus, unterschiedlichen 
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Geschwindigkeitsbegrenzungen und Höhenunterschieden. Damit soll der 

Wertebereich des Drehmoments durch variierende Fahrereingaben mög-

lichst umfassend abgedeckt werden. Das Modell wird dann mit Messungen 

aus einem tatsächlichen Feldtestmanöver validiert. Abschließend wird das 

identifizierte Modell in ein größeres Fahrzeugmodell und einen Prüfstand in-

tegriert. Die Ausgabe des identifizierten Antriebsmoments wird einem Mo-

mentregler zugeführt, der das Antriebsmoment des Antriebsstrangs des auf 

dem Prüfstand montierten Fahrzeugs steuert. 

Der vorgeschlagene Rahmen ermöglicht eine präzise Abschätzung des Ener-

gieverbrauchs, während die Abhängigkeit von kostenintensiven und nicht re-

produzierbaren Straßentests reduziert wird. Sowohl Rollenprüfstände als 

auch Vehicle-in-the-loop -Prüfstände weisen spezifische Vor- und Nachteile 

auf, bilden jedoch gemeinsam ein komplementäres Instrumentarium für eine 

effiziente Fahrzeugentwicklung. Die Beiträge dieser Arbeit liegen in der Ent-

wicklung validierter Simulationsmodelle, der fortschrittlichen Modellierung 

von Reibungs- und Reifenverhalten, der Ausarbeitung robuster Regelungsal-

gorithmen sowie in datengetriebenen Methoden zur Identifikation nichtline-

arer Systeme. All dies ist in eine kohärente Methodik integriert, die den drin-

genden Bedarf an reproduzierbaren, genauen und effizienten 

prüfstandsbasierten Fahrzeugtests adressiert.



 

viii 

Abstract  

This dissertation presents a systematic procedure to simulate the energy con-

sumption during dynamic driving maneuvers on complete vehicle test 

benches with high realism. Different test bench concepts are compared and 

examined for their suitability for carrying out dynamic driving maneuvers 

through model-based simulation and measurements recorded during real en-

vironment driving maneuvers. The developed methods for reproducing dy-

namic driving maneuvers are successfully validated with the designated ap-

plications. Based on the objective of realistic driving test implementation, 

essential requirements for a test bench concept suitable for dynamic driving 

maneuvers are identified. This work focuses on simulating the energy con-

sumption of an electric vehicle in case of street driving, and while conducting 

driving tests on complete vehicle test benches. 

Many researches emphasize significant factors for accurately estimating the 

energy consumption in electric vehicles, such as developing detailed vehicle 

dynamic models, estimating high-resolution powertrain efficiency, and con-

sidering environmental effects along a specific route. Generally, those works 

consider procedures are very complex and therefore very time-consuming to 

obtain validated models for the energy consumption of electric vehicles or 

more straightforward methods but with less accurate results. In contrast, this 

work proposes an uncomplicated approach that is easy to implement and cre-

ates accurate simulation results. As a reliable modeling for the electric vehicle 

is achieved, the next step will be integrating the vehicle system model with 

different types of complete vehicle test benches. 

Four main focus topics are investigated in this work, to achieve accurate vir-

tual simulation results for the street driving and the experimental simulation 

for the test bench testing: First, developing an adaptable model to estimate 

the energy consumption in electric vehicles. Second, proposing a prediction 
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method for the slip between the vehicle’s tires under test and rollers of a 

chassis dynamometer test bench. Third, designing a control algorithm that 

enables realistic implementation of the referenced real driving maneuvers on 

the complete vehicle test benches. Fourth, finding a solution to identify the 

physical output quantities from the powertrain control unit without 

knowledge of technical data. 

Many studies focused on creating experimental models to estimate energy 

consumption for EVs. Several requirements accompany this type of modeling: 

driving long routes, assuring suitable environmental conditions, and prepar-

ing specific measurement instruments. Moreover, the results would be valid 

for the particular test vehicles; the developed models might not be valid for 

vehicles with different specifications. Other works built physical models of the 

complete vehicle, but the models must be more detailed to produce the de-

sired energy consumption accuracy. A thorough energy consumption simula-

tion model in the powertrain is created in this work, which results from the 

estimated dynamic behavior of the test vehicle. Moreover, the model is vali-

dated with experimental data from a dynamic real road test. The battery 

model, proposed in this context, proved high precision for different experi-

mental tests. Various mechanical and electrical physical quantities are esti-

mated accurately, giving only the vehicle speed, the road and driving environ-

ment conditions, and auxiliary power losses as inputs for the simulation 

model. The model is valid under certain conditions, which are driving on a 

level ground, without taking road surface roughness into account, and at a 

constant ambient temperature. This model-based simulation served as a ref-

erence for the accuracy of estimating energy consumption using the chassis 

dynamometer test bench and as a reference model for a Vehicle-in-the-loop 

test bench that is still under development. The energy consumption of the 

electric test vehicle on the roller dynamometer test bench is thoroughly in-

vestigated. The experimental data were recorded for the NEDC and the WLTP-

class 2 standard driving cycle tests. The results show that the energy con-

sumption associated with these tests could be estimated using the measured 
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values of the chassis dynamometer. These findings suggest that the cause lies 

in the dynamics of the tire and roller contact. 

Several limitations of the roller dynamometer test bench made highly dy-

namic driving maneuvers a challenging task. Consequently, another type of 

complete vehicle test bench is investigated, which is called the Vehicle-in-the-

loop test bench. In this type of test bench, the desired driving resistances are 

directly applied to the wheel hubs, with wheels removed, of the test vehicle 

by loading machines. This architecture avoids the undesirable influences of 

roller and tire contact, as in the case of roller test benches. In order to im-

prove the Vehicle-in-the-loop test bench dynamic response and to appropri-

ately take into account its mechanical power losses, a robust control algo-

rithm is developed. The transfer function for the entire system that combines 

the test bench and the test vehicle is created to extensively analyze the sta-

bility of different types of controllers in the frequency domain and evaluate 

the noise rejection quality. Moreover, the expectations from the frequency 

analysis were approved in the time domain. Furthermore, sensitivity analysis 

tests were made to evaluate each controller’s robustness against the model-

ing parameters’ uncertainty. Finally, a control algorithm that integrates a LQI 

state space feedback controller with a PI moment controller was developed 

based on the analysis results. The proposed control algorithm is designed to 

regulate power transmission between the loading machines to the test vehi-

cle wheels by controlling both rotational speeds and moments of the wheels. 

The proposed controller is integrated with the Vehicle-in-the-loop test bench 

model. Then the simulation results are compared with the test vehicle model 

on street driving. The proposed controller enables accurate estimation of en-

ergy consumption for a specified maneuver. The validated model of the test 

vehicle is used to simulate the corresponding powertrain’s power during the 

WLTP-class 3 driving cycle. 

The last step of interfacing the test vehicle with the test bench testing envi-

ronments is to reproduce the powertrain torque on the Vehicle-in-the-loop 

test bench to achieve the same load case as in the real-world driving 
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maneuvers. An identification technique is proposed to create a relation be-

tween the accelerator pedal position and the corresponding driving moment. 

This step is beneficial to replace the complex physical model of the vehicle 

control unit, which maybe needs to be provided with more information to 

model it. The nonlinear autoregressive exogenous (NARX) network was 

proven to be more capable of learning long-term dependencies than the 

static neural network. Moreover, it proved to be a promising technique for 

the online recognition of different automotive applications under real driving 

conditions. The NARX network is utilized in this dissertation as a dynamic neu-

ral network with feedback and memory functions to predict the electric mo-

tor moment of the electric vehicle, given the accelerator pedal position, the 

motor's angular speed, and the vehicle's speed. However, the model is limited 

to driving on flat surfaces, without taking into account road surface roughness 

and at constant ambient temperature. This model proved to be extremely ef-

ficient in resembling this highly complex relationship. The data used for the 

identification process is chosen from a real-world three-dimensional route 

with dynamic characteristics of sudden changes in the driving mode, different 

speed limits, and elevations. The aim is to cover the range of torque values as 

comprehensively as possible through varying driver inputs. The model is then 

validated with measurements from an actual field test maneuver. Finally, the 

identified model is integrated into a larger-scale vehicle model and a test 

bench. The output of the identified driving moment is fed to a moment con-

troller, which controls the powertrain driving moment of the vehicle mounted 

on the test bench. 

The proposed framework provides accurate energy consumption estimation 

while reducing reliance on costly and irreproducible road tests. Both, roller 

dynamometer and vehicle-in-the-loop test benches are shown to have spe-

cific advantages and limitations, but together they form a complementary set 

of tools for efficient vehicle development. The contributions of this work lie 

in the development of validated simulation models, advanced friction and tire 

behavior modeling, robust control algorithms, and data-driven methods for 

nonlinear system identification. All integrated into a coherent methodology 
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that addresses the pressing need for reproducible, accurate, and efficient test 

bench-based vehicle testing.
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xlii 

T °C Instantaneous operating temperature 

T* °C Steady-state operating temperature 

Tamb °C Ambient temperature  

Tbatt °C Temperature of the battery 

Tcell °C Temperature of the battery cell 

Td s Time delay in the moment control loop 

Tm s Measurement time delay 

U(s) - Input of the system’s transfer function 

u - Input of the system 

u m Tire deflection in axial directions  

u1 - State space input of the electric machine moment 

u2 - State space input of the differential gearbox out-

put moment 

V m/s Relative tangential velocity between surfaces in 

contact 

v m/s Vehicle speed 

Vbatt V Estimated battery output voltage 

VL V Voltage of the slow transient response battery 

equivalent RC-circuit 

Vlow m/s Low-speed threshold 

VOC V Open circuit voltage 

VOC,ch V Open circuit voltage in case of charging 

VOC,dis V Open circuit voltage in case of discharging 

vr m/s Tire relative speed 

vrel m/s Air relative speed  



Nomenclature 

 

xliii 

vs m/s Stribeck relative velocity 

Vs V Voltage of the fast transient response battery 

equivalent RC-circuit 

Vsx m/s Tire slip longitude velocity  

vw m/s Tire velocity 

vw0 m/s Reference tire velocity 

Vx m/s Longitudinal speed of the wheel center  

Vx m/s Vehicle desired longitudinal velocity  

w - Constant property of the electrolyte 

W - Wheel position 

x - Fraction of the electric motor mechanical power 

x - State variables vector 

X - Vector of regressors 

x ̂ - Estimated state variables vector 

Y(s) - Output of the system’s transfer function 

y - Output of the system 

y - Reference data for system identification 

ŷ - Estimated output vector 

ŷ - Identified model output 

y0 - Scalar output offset 

z - State space disturbance 

α rad Tire slip angle  

α’ rad Transient lateral slip  

αf rad Slip angle of the front axle wheels  

αIn rad Inclination angle of the road 



 

xliv 

αr rad Slip-angle rear axle wheels  

αt - Bandwidth of the electrical part of the VEL test 

bench 

β rad Vehicle sideslip angle  

δ rad Equivalent steering angle calculated from the in-

ner and outer steering angles 

δi rad Steering angle of the inner wheel  

δo rad Steering angle of the outer wheel  

ε 1/K Sensitivity of rolling resistance to temperature  

ε - Emissivity of heat 

ηg % Total gear transmission efficiency  

ηgen % Generator efficiency  

ηmot % Motor efficiency  

ηpe % Efficiency of the power electronics 

ϑ °K Battery cell temperature 

θM rad The loading machine angular position 

θsx rad The differential gear output angular position 

θW rad The wheel hub angular position 

κ - Tire longitudinal slip  

κ* - Tire transient longitudinal slip on the roller 

κ’ - Tire transient longitudinal slip  

λ* - Vehicle equivalent rotational mass factor 

μc - Coulomb friction coefficient  

μh - Static friction coefficient  

ν m Tire deflection in lateral directions  



Nomenclature 

 

xlv 

ξ - State variable for the additional integral control-

ler of the LQI controller 

ρ kg/m3 Air density  

ρk m Vehicle instantaneous turning radius  

ρX,Y - Pearson correlation coefficient 

σ W·m−2·K4 Stefan-Boltzmann constant  

σ0 m-1 Tire longitudinal lumped stiffness factor 

σ2 s/m Tire viscous damping factor 

σmin m Tire minimum relaxation length 

σα m Tire lateral relaxation length 

σα0 m Tire lateral nominal relaxation length 

σκ m Tire longitudinal relaxation length 

σκ0 m Tire longitudinal nominal relaxation length 

φ rad Vehicle rolling angle 

ψ rad Vehicle yawing angle  

ω rad/s Wheel angular speed 

ω rad/s Average angular speed of the driving wheels 

ωi rad/s Angular speed for the corresponding wheel 

ωM rad/s Angular speed of the electrical loading machine 

ωref rad/s Reference angular speed 

ωSx rad/s Angular speed of the differential gear output 

∆ωD rad/s Angular speed difference between the differential 

gear outputs 
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1 Introduction 

Tests on the road are sometimes limited by legislation. Developers and appli-

cation engineers have the major disadvantage of these tests being irrepro-

ducible and expensive. Moreover, they must always include factors that can-

not be fully controlled, such as the driving style, the traffic, and environmental 

conditions. Therefore, road testing is a challenging development environ-

ment. Indeed, it will be more efficient to reproduce the driving conditions for 

development on test benches (Maschmeyer et al., 2016). Driving tests using 

test benches are reproducible, and the influences of many factors can be con-

trolled. In addition, bench tests facilitate various measurement technologies, 

leading to more meaningful measurement results (S. Bauer et al., 2018). Nev-

ertheless, an automation platform is necessitated to achieve reproducible 

and reliable results approved for certification testing on test benches and pro-

mote data acquisition accuracy (Maschmeyer et al., 2016; Paulweber & 

Lebert, 2016). 

Due to the growing emphasis on innovation, there is a rising need for shorter 

development cycles and more efficient testing and development methodolo-

gies (R. Pfeffer & Leichsenring, 2016). However, this also leads to change re-

quirements for the test bench systems. The desire for less development time 

and the increasing complexity of fulfilling the requirements are acting ad-

versely (Paulweber & Lebert, 2016; Vögl et al., 2009), as shown in Figure 1.1. 

Despite the increasing computing capacity and the advanced simulation tools, 

the generation of realistic driving maneuvers tests will always be a crucial part 

of the development process 



1 Introduction 

2 

 

Figure 1.1: Relation between the growing complexity and the development time of 

vehicular systems (Paulweber & Lebert, 2016). 

 

This growing complexity can be justified by the following aspects, among 

other things (R. Pfeffer & Leichsenring, 2016): 

• Greater diversity of vehicle alternatives, 

• Shorter development cycles, 

• Increasing interlinking of systems (interlinking of sensors, electronic 

control units, operator controls, and actuators), 

• Road environment data from several sensors provide the basis for in-

formation used by a single system (sensor data fusion), 

• Greater variety of driving scenarios. 

 

Developing vehicles with new, highly complex driving concepts requires new 

methods and approaches to enable an efficient testing environment. The 
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complexity of these systems makes the development process a challenging 

task (Paulweber & Lebert, 2016). The topics of energy consumption (cus-

tomer-driven) and emission reduction (politics-driven) are two essential goals 

for automotive development (Düser, 2010). Energy consumption estimation 

as a topic for energy management in electric vehicles (EVs) was thoroughly 

investigated in numerous researches (Adaikkappan & Sathiyamoorthy, 2022; 

Asamer et al., 2016; De Cauwer et al., 2015; Manoharan et al., 2022; 

Shrivastava et al., 2022; Smuts et al., 2017; Younes et al., 2013; Y. Zhang et 

al., 2012; Zheng et al., 2018). In addition, practical solutions for major chal-

lenges of trip-level management were also provided. Thus, the electrification 

of commercial, public, and freight delivery vehicles became essential (IEA, 

2017; Kohrs, 2017). 

The development and validation of modern vehicles are increasingly chal-

lenged by the limitations of on-road testing. Such tests are often costly, time-

consuming, and influenced by factors that cannot be fully controlled, such as 

traffic, environmental conditions, and driver behavior. Moreover, the grow-

ing demands for reduced emissions and improved energy efficiency place ad-

ditional pressure on developers to shorten development cycles while ensur-

ing accuracy and reproducibility. Against this backdrop, test benches emerge 

as indispensable tools, providing controlled environments that enable repeat-

able experiments, precise measurements, and the opportunity to explore var-

ious driving scenarios. 

1.1 Motivation 

In the process, existing development methods are reaching their limits, and 

the measurement effort and development costs increase significantly without 

developing new methods. In order to increase the efficiency in the develop-

ment process by shortening the development time and saving costs accord-

ingly, it is vital to generate reliable test results for realistic driving scenarios 

(S. Bauer et al., 2018). Although the road as a test environment, with its 
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multitude of influences, provides the necessary miscellaneous basis to ensure 

that vehicles fulfill the technical requirements and customer desires, it is 

nearly impossible to carry out two measurements under the same conditions 

in actual road tests due to many factors and influences, which are challenging 

to control and compare explicitly with the reference state (S. Bauer et al., 

2018), thus, adapting or extending the existing testing platforms to more re-

alistic driving testing becomes necessary. 

More actual components or assemblies can be integrated into the develop-

ment and validation process up to entire vehicles in the development process. 

Consequently, real road drives are shifted from the road to the test bench for 

development and application activities, enabling carrying them out automat-

ically and independently of weather-related or daytime-dependent influ-

ences (Lensch-Franzen et al., 2017). Doing so can realize various actual effects 

and makes random test conditions possible. These advantages emphasize the 

need to employ test benches as a vehicle development platform (S. Bauer et 

al., 2018). It is, therefore, most important to interface the tools used in the 

testing process, from the conceptual design to the multi systems simulation, 

then through to the complete vehicle testing application, and finally to the 

street driving test (Düser, 2010). 

Many researches are dedicated to enhancing complete vehicle test benches, 

focusing on various key areas. Concept development for highly dynamic driv-

ing maneuvers (Pillas, 2017) and in-depth analysis of dynamic characteristics 

in the integration of the test bench and vehicle (Fietzek, 2014) are among the 

highlighted research topics. Another crucial yet overlooked aspect is the ne-

cessity for a robust control algorithm for the combined system of the test 

bench and the test vehicle's powertrain (Forstinger, 2017). This area deserves 

increased attention from researchers to further develop and optimize perfor-

mance in this field. Still, research work must investigate, more deeply, the test 

benches’ accuracy and reliability extent for real environment driving maneu-

vers. Based upon that, this dissertation aims to develop a comprehensive 

method to accurately execute dynamic driving maneuvers on test benches 
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through model-based simulation. The basis of the model-based simulation 

should enable the reproduction of real-world driving maneuvers applicable to 

different test benches. A major challenge is developing trustworthy proce-

dure to evaluate test benches’ test results. This task is initially achieved by 

creating a precise test vehicle simulation model. Then, the vehicle model will 

be validated with actual results from field driving tests, i.e., physical driving 

tests with a real vehicle on a real road. After that, the test vehicle model will 

be integrated with different test platforms to enable examining the system as 

a whole. The evaluation criterion will compare the mechanical and electrical 

power consumed during reference driving tests between the test vehicle 

model and the results for the developed models of the complete vehicle test 

benches. Test benches have some undesired influences on the measurements 

dictating the implementation of a suitable control algorithm for the complete 

test bench platform. So, several control algorithms will be thoroughly investi-

gated to find the most fitting among them. 

1.2 Outline of the dissertation 

The present work is structured as follows: 

In Chapter 2, a detailed dynamic model for the electric test vehicle is devel-

oped to simulate the mechanical power, which comprises the wheel’s rota-

tional speed and moments on the wheels. The model includes body dynamics, 

driving resistance, and tire slip modeling. In addition, energy consumption is 

estimated using a battery model, a power losses model, and the mechanical 

power estimated from the dynamic model. Then, the chassis roller dynamom-

eter is thoroughly investigated in Chapter 3. First, the limitations of testing on 

this type of test bench are defined from the literature, then approved by the 

experimental results. Moreover, a new tire model for the interaction between 

the tire and the roller is proposed to better anticipate the actual dynamic in-

fluences on the test vehicle during the test maneuver. Finally, the proposed 

model is adapted to the vehicle model developed in Chapter 2. 
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Chapter 4 presents the model development and control algorithm design for 

the Vehicle-in-the-loop test bench. First, the most appropriate control system 

is acquired by performing frequency, time-domain, and sensitivity analyses. 

Next, the complete system of the controlled VEL test bench with the test ve-

hicle underwent different test maneuvers to approve the performance of the 

developed control algorithm. 

The models in Chapter 2 and Chapter 4 are combined with the proposed con-

troller. Building on these foundations, Chapter 5 addresses the implementa-

tion of real-world driving maneuvers on complete vehicle test benches. Be-

ginning with platform configuration and automation, the chapter discusses 

the integration of virtual vehicle components through the Functional Mock-

Up approach, maneuver-based simulation strategies, and the application of 

steerable test benches to expand the range of permissible operating condi-

tions. The integration of the VEL controller with a simulation environment 

such as CarMaker1 enables the execution of realistic test scenarios. This is fol-

lowed by methods for generating representative driving maneuvers on the 

bench platform, supported by empirical and data-driven techniques for non-

linear system identification. In particular, the nonlinear autoregressive exog-

enous (NARX) model, trained on real-world route data, is employed to estab-

lish a robust link between accelerator pedal inputs and vehicle control unit 

behavior. Finally, the performance of the integrated VEL simulation model is 

evaluated, confirming its ability to reproduce dynamic driving maneuvers 

with high fidelity. The dissertation concludes, in Chapter 6, by synthesizing 

the findings into a comprehensive methodology for reproducing real-world 

maneuvers on test benches through simulation-driven approaches. 

 

 
1 CarMaker is a software that is primarily used in vehicle and system development in the auto-

motive industry. In addition, it provides a development environment and corresponding mod-
els to simulate real road test scenarios in the virtual world., retrieved 22.10.2021 
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2 Modeling and simulation of street 
driving with electric vehicles  

To establish a reliable automated testing platform for vehicles, the develop-

ment of a simulation environment is a prerequisite. This environment guar-

antees the consistent replication of driving maneuvers on test benches while 

accurately capturing the essential dynamics of the physical vehicle. This chap-

ter fulfills this requirement through a systematic introduction to the main 

components of the vehicle dynamics and energy consumption models. 

Various models for estimating electric vehicles (EVs) energy consumption 

concentrate on key parameters, including detailed vehicle dynamics, high-

resolution powertrain efficiency, and route-specific environmental effects. 

Existing methodologies typically entail either complex procedures for en-

hanced accuracy or simplified approaches that compromise precision. A re-

view of the literature on EV energy consumption modeling is provided in Sec-

tion 2.2. This chapter presents an adaptable simulation model, whose 

principal advantage is its simplified design, which still yields highly accurate 

results. Furthermore, the simulation results are validated against empirical 

measurements obtained from the test vehicle. The battery model in Section 

2.2.2 was first introduced in (Alhanouti et al., 2016). Sections 2.3 and 2.4 are 

based on material originally published in (Alhanouti & Gauterin, 2024a). 

The vehicle model incorporates driving resistance, tire dynamics, battery 

characteristics, and EV power loss. Moreover, the model is parameterized us-

ing available technical data and empirical testing conducted on the vehicle. It 

is specifically designed to evaluate energy consumption for urban, suburban, 

and highway driving cycles. It's crucial to highlight that the model isn't ideal 

for simulating high lateral slip as it utilizes a linear lateral slip model. The mod-

eling purpose would be to accurately simulate real dynamic driving 
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maneuvers, including estimating the corresponding vehicle’s powertrain driv-

ing moment, rotational speeds, and total energy consumption in electric cars. 

The vehicle dynamics model is based on a backward calculation approach, 

wherein the driving resistance is computed from a predefined vehicle speed 

and without a driver model. To accurately capture tire-road interaction, the 

Pacejka tire slip model is implemented. A single-track vehicle model is em-

ployed and extended with vertical load transfer and rolling motion models, 

allowing for additional degrees of freedom in simulating vehicle body dynam-

ics. Based on the resulting driving power demand and considering power 

losses within the powertrain, the net power requirement is estimated and 

used as an input for a forward calculation battery simulation model. By com-

bining the mechanical dynamics with the electrical and thermal submodels, 

an adaptable energy consumption model is formulated to assess how differ-

ent driving conditions impact the overall efficiency of the electric powertrain. 

The integration of these submodels into a complete vehicle model allows for 

the simulation of complex driving maneuvers with minimal input require-

ments, thus providing an effective reference framework for test bench auto-

mation. The validation process, based on direct comparison with experi-

mental data from the vehicle under test, ensures that the model is not only 

theoretically consistent but also practically reliable. Through this layered ap-

proach, the dissertation demonstrates how the interplay between each sub-

model supports the development of a high performing test bench automation 

platform. 

As the simulation model is validated, the estimated physical quantities from 

it can be employed as reference tracking signals for the test bench control 

algorithms; the estimated rotational speed of the tires would be the refer-

ence signals that the speed controllers should track, and the powertrain 

model would generate the reference signal for the moment controller. Since 

the validated simulation model enables predicting the behavior of the simu-

lated vehicle, it will also be employed to assess the testing accuracy on the 

designated test benches by comparing the expected results from the 
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simulation model with the results from the same maneuver tests performed 

on the designated test benches. 

2.1 Vehicle dynamics model 

The electric vehicle, displayed in Figure 2.1, is employed for research in dif-

ferent projects. In addition to the vehicle's technical specifications, empirical 

maneuver test data will be employed to validate the developed simulation 

model 

 

Figure 2.1: Vehicle under test (Alhanouti & Gauterin, 2023a). 

2.1.1 Driving resistance model 

Different test benches aim to simulate real-world driving resistances by ap-

plying the corresponding resistance moment at the vehicle's driven wheels 

under specific operating conditions (Heißing & Ersoy, 2007).  

Figure 2.2 summarizes the major driving resistances (Gauterin, 2017; Haken, 

2018). Equation (2.1) describes curve resistance (Haken, 2018). Fcurve is a func-

tion of the geometrical distance dimensions from the vehicle’s center of grav-

ity (CG) to the front axle (Sf), the distance to the rear axle (Sr), the wheelbase 
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length (lW), the lateral acceleration (ay), and the slip angles of the front axle 

wheels and rear axle wheels (αf) and (αr), respectively 

𝐹𝑐𝑢𝑟𝑣𝑒 = 𝑚 𝑎𝑦 (
𝑆𝑓

𝑙𝑊
sin(𝛼𝑟) +

𝑆𝑟
𝑙𝑊
sin(𝛼𝑓))  (2.1) 

 

 

Figure 2.2: Driving resistances diagram (The quantities in white boxes are not considered in this 

work). 

According to (R. Bauer, 2011a), the driving force calculation for a powertrain 

test bench is known as the road load simulation. Then, by assuming driving 

on a dry surface and ignoring the toe-in resistance, slip resistance, and the 

tire rolling resistance (FR) part from air ventilation, the total driving force (Fd) 

is expressed by equation (2.2). 

𝐹𝑑 = 𝐹𝐴 + 𝐹𝑅 + 𝐹𝐶 + 𝐹𝑎𝑐𝑐 + 𝐹𝑐𝑢𝑟𝑣𝑒 (2.2) 

where 

FA Air resistance 

FR Rolling resistance 

Facc Acceleration resistance 
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FC Climbing resistance 

Fcurve Curvature driving resistance. 

 

The air resistance (FA) acting in the longitudinal direction is dependent upon 

the vehicle's frontal cross-section area of the vehicle (AF), the air density (ρ), 

air resistance coefficient with frontal flow wind (Cd), and the relative air speed 

in the direction of travel (vrel). These terms are combined in equation (2.3) 

𝐹𝐴 =
1

2
𝜌 𝐴𝐹𝐶𝑑𝑣𝑟𝑒𝑙

2  . (2.3) 

 

Acceleration resistance (Facc) arises during variations in velocity, whereby the 

inertia of the vehicle opposes the direction of motion. The rotational mass 

factor (λ*) is critical for considering the additional mass influence contributed 

by the rotating components of the vehicle. Consequently, the acceleration re-

sistance is determined as a function of the longitudinal acceleration (ax), as 

given by the equation (2.4) 

𝐹𝑎𝑐𝑐 = 𝑚 𝜆
∗𝑎𝑥. (2.4) 

 

During acceleration, the engine, i.e., or the electric motor within an electric 

powertrain, along with other rotating powertrain components such as the 

wheels, must be angularly accelerated. This process generates a reaction 

torque that opposes the motive force, an effect which can be represented as 

an augmentation to the vehicle's actual mass (m). According to (Meywerk, 

2015), λ* is obtained as in equation (2.5). JE, Ja,f, Ja,r are the inertias of the 

engine/motor, front axle, and rear axles. iD, ig are the gear ratios of the differ-

ential gear and the gearbox, respectively, re is the effective dynamic rolling 

radius. 

𝜆∗ = 1 +
(𝐽𝑎,𝑓 + 𝐽𝑎,𝑟 + 𝑖𝐷

2𝑖𝑔
2𝐽𝐸)

𝑚 𝑟𝑒
2

 (2.5) 

 

The climbing resistance (FC) occurs if the roadway is inclined by an angle (αIn). 
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Therefore, equation (2.6) represents FC as a function of the sine of αIn, and 

vehicle weight (FG) 

𝐹𝐶 = 𝐹𝐺 sin 𝛼𝐼𝑛. (2.6) 

 

Considering the approximately linear relationship of rolling resistance with 

the wheel normal load (FzW), a load-dependent characteristic can be estab-

lished using the dimensionless rolling resistance coefficient (fRR). Typical val-

ues for the rolling resistance coefficient fRR are shown in Figure 2.3 

 

Figure 2.3: Rolling resistance coefficient as a function of the vehicle speed for different wheel 

constructions (Mitschke & Wallentowitz, 2004). 

The study by (Ficht & Lienkamp, 2015) indicates that rolling resistance varies 

considerably under dynamic driving conditions, with potential increases of 

approximately 20% above steady-state estimations. Therefore, the tire model 

developed by (Ficht & Lienkamp, 2015), which accounts for the influences of 

temperature and velocity, will be utilized to precisely estimate the tire's roll-

ing resistance on the roller. The model defines the steady-state rolling re-

sistance (FR*) in equation (2.7). The tire's steady-state temperature (T*) is 

given by equation (2.8), while the transient temperature T(t) is derived from 
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solving equation (2.9). The rolling resistance force is subsequently expressed 

in equation (2.10) as a function of speed, temperature, and vertical load 

𝐹𝑅
∗ = 𝑓𝑅𝑅 𝐹𝑧, 𝑊 (2.7) 

  

𝑇∗ =
𝐹𝑅

∗ 𝑣𝑤0
𝑘  𝑣𝑤

1−𝑘

𝐴𝑡𝑖𝑟𝑒  ℎ0
+ 𝑇𝑎𝑚𝑏 (2.8) 

𝑣𝑤𝐹𝑅
∗[1 + 𝜀(𝑇∗ − 𝑇(𝑡))] − ℎ0 (

𝑣𝑤
𝑣𝑤0

)
𝑘

𝐴𝑡𝑖𝑟𝑒((𝑇(𝑡) − 𝑇𝑎𝑚𝑏)) = 𝑚𝑡𝑖𝑟𝑒𝑐𝑝,𝑡𝑖𝑟𝑒
𝑑𝑇

𝑑𝑡
 

(2.9) 

𝐹𝑅(𝑡) = 𝐹𝑅
∗[1 + 𝜀(𝑇∗ − 𝑇(𝑡))] 

(2.10) 

where 

fRR Rolling resistance coefficient 

FzW Normal force on the tire [N] 

Atire Outer tire surface area [m²] 

k Sensibility exponent factor 

h0 Reference heat exchange coefficient for rubber and air [W/m²/K] 

ε Sensitivity of rolling resistance to temperature [1/K] 

Cp Specific heat transfer factor [J/kg/K] 

FR(t) Instantaneous rolling resistance force [N] 

FR* Steady-state rolling resistance force [N] 

mtire Mass of tire [kg] 

Tamb Ambient temperature [°C] 

T* Steady-state operating temperature [°C] 

T(t) Instantaneous operating temperature [°C] 

vw0 Reference tire speed [m/s] 

vw Tire speed [m/s]. 

 

The parameters k and h0 were empirically determined through curve fitting 

(Ficht & Lienkamp, 2015). The tests, conducted at various reference speeds, 

yielded optimal results at vw0 = 80 km/h (22.22 m/s). The total driving re-

sistance is a composite of multiple factors, extending beyond those previously 
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mentioned (Gauterin, 2017; Haken, 2018; Mitschke & Wallentowitz, 2004; 

Haken, 2018).  

2.1.2 Tire slip model 

The tire constitutes a critical element in vehicular dynamic modeling, serving 

as the principal medium of interaction between the automobile and the road-

way. Consequently, it is fundamental to vehicle handling and performance. 

The inherent flexibility and pneumatic properties of tires result in strongly 

nonlinear behavior, complicating their analysis. To characterize the various 

properties of the vehicle under test (VUT) tires, an empirical equation with 

fitted coefficients, known as Pacejka’s Magic Formula, is employed. All subse-

quent equations in this section are sourced from (Pacejka, 2006). 

The contact patch forces acting on the wheel comprise the traction force 

(FxW), i.e., W denotes wheel’s position; front left (FL), front right (FR), rear left 

(RL), or rear right (RR)), the cornering force (FyW), the normal force (FzW), and 

the self-aligning torque (MzW). The traction force is a function of slip and the 

normal force, whereas the cornering force and self-aligning torque are func-

tions of slip angle and normal force. These forces exhibit nonlinear relation-

ships with the normal force. Influenced by rolling resistance and camber pa-

rameters, the tread patch forces are utilized to compute the resulting tread 

patch motions (Pacejka, 2006). The camber steer effect is not considered in 

this analysis. Derivations for all equations in this section are provided by 

(Pacejka, 2006). 

The Magic Formula is an empirical equation frequently employed to model 

contact patch forces, also referred as fore and aft forces, within the tire 

model. The general form of the magic formula is given by 

𝑌 = 𝐷 sin(𝐶 arctan(𝐵∅)) , ∅ = (1 − 𝐸) 𝑋 + (
𝐸

𝐵
) arctan(𝐵𝑋).  (2.11) 

 

The coefficient D is the maximum peak value of the curve, C determines the 
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shape of the curve, B determines the initial slope of the curve when it is mul-

tiplied by the factors C and D, and E is the curvature factor that modifies the 

location of the peak and the curve curvature. Y stands for traction force, cor-

nering force, or self-aligning torque. The variable X means the slip (κ) for trac-

tion force or slip angle (α) for cornering and self-aligning torque. Coefficients 

D, C, B, and E are functions of more than 20  

empirical constants specific to individual tires. These constants are derived 

from extensive experimental data characterizing tire response to varying ver-

tical loads, slip, slip angles, and camber angles. The friction effect is inherently 

captured within these coefficients through the experimental measurements. 

Therefore, the model utilizes pre-existing estimates for parameters D, C, B, 

and E (Bakker et al., 1987; Pacejka, 2006). When torque is applied to the 

wheel's axis of rotation, the longitudinal slip κ occurs, which can be defined 

by the equation (2.12). 

The rolling radius facilitates the calculation of the loaded tire's translational 

velocity. Under free-rolling conditions with no longitudinal forces, it can be 

estimated by dividing the tire's travel distance by its angular displacement. 

Consequently, the effective dynamic rolling radius (re) assumes a value 

bounded by the free unloaded tire radius (rf) and the distance from the wheel 

center to the road surface. The sign convention is such that slip is positive 

when FxW is a driving force and negative during braking. When the angular 

speed (ω) is zero, indicating a locked wheel, the slip ($\kappa$) equals -1. 

Longitudinal slip is further defined by the ratio of the circumferential slip ve-

locity (Vsx) to the longitudinal speed of the wheel center (Vx), as given in equa-

tion (2.13) 

𝜅 = −
𝑉𝑥 − 𝑟𝑒  𝜔

𝑉𝑥
 (2.12) 

𝜅 = −
𝑉𝑠𝑥
𝑉𝑥
∙ (2.13) 

 

Figure 2.4 depicts the wheel slip point S fixed to the wheel rim. Point S’ rep-

resents the tire contact point, situated at the intersection of the plane 
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through the wheel axis and the road plane. The velocity differential between 

these points induces a deflection in the carcass equivalent springs. Conse-

quently, the rate of change of this spring deflection in the longitudinal tire 

direction (u) is given by the equation (2.14) 

 

(a) Side view showing the effective dynamic rolling radius 

 

(b) Top view showing the longitudinal and lateral components 

Figure 2.4: Single contact point tire model (Pacejka, 2006) 
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𝑑𝑢

𝑑𝑡
= −(𝑉𝑠𝑥 − 𝑉𝑠𝑥

′ ) ∙ (2.14) 

 

The internal elastic force generates a tire stiffness coefficient at the road 

level, which equilibrates the slip forces. Under small slip conditions, the lon-

gitudinal tire stiffness at the road level is denoted by (CFx), and the longitudi-

nal slip stiffness by (CFκ). According to equation (2.15), CFκ corresponds to the 

slope of the longitudinal force (FxW) versus slip (κ) curve at low slip values, as 

presented in (Schramm et al., 2014). 

𝐶𝐹𝜅 = (
𝜕𝐹𝑥𝑊  

𝜕𝜅
)
𝜅=0

∙ (2.15) 

 

As in equation (2.16), CFκ can be approximated from the multiplication of the 

longitudinal Pacejka’s coefficients Bx, Cx, and Dx 

𝐶𝐹𝜅 = 𝐵𝑥𝐶𝑥𝐷𝑥 ∙ (2.16) 

 

The relaxation length is a key parameter governing the lag in slip force re-

sponse to the input slip. Under low slip conditions, the longitudinal relaxation 

length (σκ) is given by equation (2.17) 

𝜎𝜅 =
𝐶𝐹𝜅
𝐶𝐹𝑥

∙ (2.17) 

 

From equation (2.14), the differential equation for the deflection u is derived. 

The relationship between u and σκ is defined by the differential equation 

(2.18) 

𝑑𝑢

𝑑𝑡
+
1

𝜎𝜅
 |𝑉𝑥| 𝑢 =  |𝑉𝑥| 𝜅 =  −𝑉𝑠𝑥  . (2.18) 

 

For linear and small slip conditions, the transient longitudinal slip (κ’) and the 

correspondence FxW are determined using equation (2.19) 
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𝜅′ =
𝑢

𝜎𝜅
 , 𝐹𝑥𝑊 = 𝐶𝐹𝜅 𝜅

′. (2.19) 

 

A similar formulation applies to the lateral force response. The lateral relaxa-

tion length (σα) is defined in equation (2.20) as the ratio of tire lateral stiffness 

at the road level (CFy) to the cornering stiffness as (CFα). The differential equa-

tion for lateral deflection (ν) is derived from equation (2.21), where the wheel 

slip angle (α) is approximated as α ≈ -Vsy /|Vx|, with Vsy representing the tire 

lateral slip velocity. Under linear and small slip conditions, the transient lat-

eral slip (α’) and the corresponding FyW are given by equation (2.22). The value 

of CFα is obtained from the slope of the lateral force (FyW) versus α' curve at 

low slip values, as expressed in equation (2.23). Alternatively, it is approxi-

mated by the product of the lateral Pacejka’s coefficients By, Cy, and Dy, ac-

cording to equation (2.24) 

𝜎𝛼 =
𝐶𝐹𝛼
𝐶𝐹𝑦

 (2.20) 

 

𝑑𝜈

𝑑𝑡
= −(𝑉𝑠𝑦 − 𝑉𝑠𝑦

′ ) (2.21) 

 

𝛼′ ≈ tan𝛼′ =
𝑣

𝜎𝛼
 , 𝐹𝑦𝑤 = 𝐶𝐹𝛼  𝛼

′ (2.22) 

 

𝐶𝐹𝛼 = (
𝜕𝐹𝑦𝑊 

𝜕𝛼
)
𝛼=0

 (2.23) 

 

𝐶𝐹𝛼 = 𝐵𝑦𝐶𝑦𝐷𝑦 . (2.24) 

 

Under conditions where the longitudinal velocity Vx approaches zero, equa-

tion (2.18) exhibits integrator behavior, which can produce excessive deflec-

tion. To maintain physical plausibility and ensure numerical stability, con-

straints on the longitudinal deflection 𝑢 are necessary when Vx < Vlow and the 

deflection from (2.18) exceeds realistic limits. An approximate value for the 
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slip at peak longitudinal force, derived from equation (2.25), can be utilized 

to mitigate simulation instabilities 

𝜅′𝐹𝑥𝑊,𝑚𝑎𝑥
= 𝐴 (

3𝐷𝑥
𝐶𝐹𝜅

) . (2.25) 

 

Employing a scaling factor A with a default value of 1, an increased value may 

enhance performance (Pacejka, 2006). Consequently, the formulation for 

identifying σκ presented in the linear equation (2.17) can be augmented with 

the nonlinear equation (2.26). Here, σκ0 and σmin represent the nominal longi-

tudinal relaxation length and the minimum relaxation length, respectively. 

σmin is introduced to prevent instability and excessive computational demand. 

Substituting equation (2.19) into (2.18) yields the differential equation (2.27) 

𝜎𝜅 = max [𝜎𝜅0 (1 −
𝐶𝐹𝜅
3𝐷𝑥

 |𝜅′|) , 𝜎𝑚𝑖𝑛] (2.26) 

 

𝜎𝜅
𝑑𝜅′

𝑑𝑡
+ |𝑉𝑥|𝜅

′ = −𝑉𝑠𝑥  . (2.27) 

 

At a standstill, the tire operates as a spring (Pacejka, 2006). This is verified 

from equation (2.14) at Vx = 0, where the longitudinal deflection u functions 

as an integrator u = -ʃ Vsx dt, provided the lateral deflection is disregarded, i.e., 

V’sy = 0. The longitudinal force is expressed as FxW = CFκ κ’ = CFκ u/σκ, which 

equals to CFx u. These relationships indicate that a tire initiating motion from 

the standstill, it acts like a longitudinal or tangential spring, which transforms 

into an artificial damper with a rate of CFκ/|Vx| as rolling begins. Conse-

quently, the tire's damping characteristic exhibits high stiffness at low veloci-

ties. At higher speeds, the tire primarily functions as a damper, whereas at 

low speeds, particularly during initial acceleration or final deceleration, its be-

havior is more akin to a deformable spring. This transient spring-damper dy-

namic is illustrated in Figure 2.5. The damping diminishes as speed increases 

from zero. The damping coefficient kV,low, defined in equation (2.28), is 
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progressively suppressed to zero as the travel speed Vx approaches a specified 

low-speed threshold Vlow from a standstill, according to the formula (2.29) 

 

Figure 2.5: A mechanical model of transient tangential tire behavior (Pacejka, 2006) 

𝜅′ = (
𝑢

𝜎𝑘
−
𝑘𝑉𝑙𝑜𝑤
𝐶𝐹𝜅

 𝑉𝑠𝑥) (2.28) 

 

𝑘𝑉,𝑙𝑜𝑤 =

{
 
 

 
 1

2
𝑘𝑉,𝑙𝑜𝑤0  (1 + cos (𝜋

|𝑉𝑥|

𝑉𝑙𝑜𝑤
)) 𝑖𝑓 |𝑉𝑥| ≤ 𝑉𝑙𝑜𝑤

0 𝑖𝑓 |𝑉𝑥| > 𝑉𝑙𝑜𝑤 .

 (2.29) 

2.1.3 Vertical load distribution and rolling model 

The wheel load (FzW) is a critical parameter for the determination of contact 

patch forces. The longitudinal distribution of the total vehicle weight FG is pre-

dominantly governed by the position of the center of gravity (CG). Key geo-

metric parameters, including the longitudinal distances from the CG to the 

front (Sf) and rear (Sr) axles, as well as the CG height (h), are illustrated in 

Figure 2.6. The air drag lift forces are neglected in this model. The front axle 

wheel loads are derived from the moment equilibrium about the rear tire con-

tact patch, while an analogous procedure, establishing torque balance about 
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the front tire contact point, yields the rear axle wheel loads (Gauterin, 2017; 

Haken, 2018). Furthermore, road inclination and vehicular acceleration in-

duce dynamic shifts in axle load distribution, resulting in static and dynamic 

load components. The static load component for the front and rear axles is 

computed via the following equations (2.30) and (2.31) 

 

Figure 2.6: Determination of axle load for the typical case of an accelerated up-hill drive 

(Alhanouti & Gauterin, 2023a) 

𝐹𝑧,𝑓 𝑠𝑡𝑎𝑡𝑖𝑐⁄ =
𝑆𝑟
𝑙𝑤
𝐹𝐺  cos 𝛼𝐼𝑛 −

𝐹𝐺
𝑙𝑤
ℎ sin 𝛼𝐼𝑛 (2.30) 

𝐹𝑧,𝑟 𝑠𝑡𝑎𝑡𝑖𝑐⁄ =
𝑆𝑓

𝑙𝑤
𝐹𝐺  cos 𝛼𝐼𝑛 +

𝐹𝐺
𝑙𝑤
ℎ sin 𝛼𝐼𝑛. (2.31) 

 

Acceleration influences wheel load, as the inertial force generated during ac-

celeration acts upon the vehicle's center of gravity in opposition to the accel-

eration vector. Consequently, the dynamic component of the vertical load on 

the axles is quantified by equations (2.32) and (2.33) (Gauterin, 2017; Mey-

werk, 2015) 
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𝐹𝑧,𝑓/𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = −𝑚 𝑎𝑥  
ℎ

𝑙𝑤
 (2.32) 

𝐹𝑧,𝑟/𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑚 𝑎𝑥  
ℎ

𝑙𝑤
∙ (2.33) 

 

The total axle loads for the front (Fz,f/total) and rear (Fz,r/total) axles are subse-

quently derived by summing the static terms from equations (2.30) and (2.31) 

with the dynamic terms in equations (2.32) and (2.33), respectively, resulting 

in equations (2.34) and (2.35), which are applicable to straight driving 

𝐹𝑧,𝑓/𝑡𝑜𝑡𝑎𝑙 =
𝑆𝑟
𝑙𝑤
𝐹𝐺 cos 𝛼𝐼𝑛 −

𝐹𝐺
𝑙𝑤
ℎ sin 𝛼𝐼𝑛 −  𝑚 𝑎𝑥  

ℎ

𝑙𝑤
 (2.34) 

𝐹𝑧,𝑟/𝑡𝑜𝑡𝑎𝑙 =
𝑆𝑓

𝑙𝑤
𝐹𝐺 cos 𝛼𝐼𝑛 +

𝐹𝐺
𝑙𝑤
ℎ sin 𝛼𝐼𝑛 +  𝑚 𝑎𝑥  

ℎ

𝑙𝑤
∙ (2.35) 

 

During curve driving, lateral load transfer induces variations in individual 

wheel loads (ΔFz,FL, ΔFz,FR, ΔFz,RL, ΔFz,RR). This transfer is a consequence of sus-

pension system reaction forces and the centrifugal force (Haken, 2018; Jazar, 

2008; Schramm et al., 2014), with the resultant axle loads described by equa-

tions (2.36) and (2.37) 

𝐹𝑧,𝑓 = 𝐹𝑧,𝑓/𝑡𝑜𝑡𝑎𝑙 + ∆𝐹𝑧,𝐹𝐿 + ∆𝐹𝑧,𝐹𝑅  (2.36) 

𝐹𝑧,𝑟 = 𝐹𝑧,𝑟/𝑡𝑜𝑡𝑎𝑙 + ∆𝐹𝑧,𝑅𝐿 + ∆𝐹𝑧,𝑅𝑅 . (2.37) 

 

A linear rolling model, which is valid for small roll angles (φ) and assuming the 

lateral inertial force acts perpendicular to the direction of motion through the 

center of mass, can be employed to determine the load distribution across all 

four wheels during cornering (Schramm et al., 2014). Figure 2.7 demonstrates 

the forces acting on the vehicle’s chassis during corning. The rolling dynamics 

about the roll center (CR) are governed by several quantities, including the 

chassis inertia about the x-axis, the heights of the roll center (hCR) and center 

of gravity (h), and the forces from springs (FF,W), dampers (FD,W), and anti-roll 

bars (FSt,W) at each wheel’s position (W). W is specified for each quantity, as 
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front left (FL), front right (FR), rear left (RL), or rear right (RR)). The distances 

of the action points of the front and rear springs (SF,f), (SF,r) are measured from 

the middle plane of the symmetrically assumed vehicle’s body. Likewise, the 

distances of the front and rear dampers (SD,f), (SD,r), also the distances of the 

front and rear anti-roll bars (SSt,f), (SSt,r). 

 
(a) Linear rolling model with front and rear forces 

 
(b) Free body diagram for the rolling model 

Figure 2.7: Illustration of the roll dynamics according to (Schramm et al., 2014). 
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Equation (2.38) expresses the moments’ equilibrium of the vehicle around CR 

in the x-axis direction, where the positive direction is considered, as shown in 

Figure 2.8 (Schramm et al., 2014) 

 

Figure 2.8: Passive anti-roll bar mechanism (Schramm et al., 2014) 

𝐼𝑥𝜑̈ = 𝑚 𝑎𝑦 (ℎ − ℎ𝐶𝑅) cos 𝜑 + 𝑚 𝑔 (ℎ − ℎ𝐶𝑅) sin𝜑 

+ 𝑆𝐹,𝑓(𝐹𝐹,𝐹𝐿 − 𝐹𝐹,𝐹𝑅) + 𝑆𝐹,𝑟(𝐹𝐹,𝑅𝐿 − 𝐹𝐹,𝑅𝑅) 

+ 𝑆𝐷,𝑓(𝐹𝐷,𝐹𝐿 − 𝐹𝐷,𝐹𝑅) + 𝑆𝐷,𝑟(𝐹𝐷,𝑅𝐿 − 𝐹𝐷,𝑅𝑅) 

+ 𝑆𝑆𝑡,𝑓(𝐹𝑆𝑡,𝐹𝐿 − 𝐹𝑆𝑡,𝐹𝑅) + 𝑆𝑆𝑡,𝑟(𝐹𝑆𝑡,𝑅𝐿 − 𝐹𝑆𝑡,𝑅𝑅). 

(2.38) 

 

The forces exerted by the spring-damper systems are a function of their coef-

ficients (cF, dD), the rolling angle (φ), and the rolling rate (𝜑̇). The forces for 

the front suspension, which are given by equations (2.39) – (2.42), have anal-

ogous equations that are applicable to the rear (Schramm et al., 2014). Simi-

larly, the forces from the front anti-roll bar, dependent on torsional stiffness 

(cSt) and beam geometry of length, and width (lSt, bSt), are stated in equations 

(2.43) and (2.44). By substituting equations (2.39) – (2.44) along with their 

rear counterpart equations into the general dynamic equation (2.45), φ is de-

termined by solving the differential equation (2.45) 

𝐹𝐹,𝐹𝐿 = −𝑐𝐹,𝑓 𝑆𝐹,𝑓 sin𝜑  ≈  −𝑐𝐹,𝑓 𝑆𝐹,𝑓 𝜑 (2.39) 

𝐹𝐹,𝐹𝑅 = 𝑐𝐹,𝑓 𝑆𝐹,𝑓 sin𝜑  ≈  𝑐𝐹,𝑓 𝑆𝐹,𝑓 𝜑 (2.40) 
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𝐹𝐷,𝐹𝐿 = −𝑑𝐷,𝑓 𝑆𝐷,𝑓 cos 𝜑 𝜑̇ ≈  −𝑑𝐷,𝑓 𝑆𝐷,𝑓𝜑̇ (2.41) 

𝐹𝐷,𝐹𝑅 = 𝑑𝐷,𝑓 𝑆𝐷,𝑓 cos𝜑 𝜑̇ ≈  𝑑𝐷,𝑓 𝑆𝐷,𝑓𝜑̇ (2.42) 

𝐹𝑆𝑡,𝐹𝐿 = −
𝑐𝑆𝑡,𝑓 

𝑏𝑆𝑡,𝑓
arcsin (

𝑙𝑆𝑡,𝑓 

2𝑏𝑆𝑡,𝑓
 sin𝜑) ≈ −

1

2

𝑐𝑆𝑡,𝑓 𝑙𝑆𝑡,𝑓 

𝑏𝑆𝑡,𝑓
2 𝜑  (2.43) 

𝐹𝑆𝑡,𝐹𝑅 =
𝑐𝑆𝑡,𝑓 

𝑏𝑆𝑡,𝑓
arcsin (

𝑙𝑆𝑡,𝑓 

2𝑏𝑆𝑡,𝑓
 sin 𝜑) ≈

1

2

𝑐𝑆𝑡,𝑓 𝑙𝑆𝑡,𝑓 

𝑏𝑆𝑡,𝑓
2 𝜑  (2.44) 

 

𝐼𝑥𝜑̈ + 2(𝑆𝐷,𝑓
2  𝑑𝐷,𝑓 + 𝑆𝐷,𝑟

2  𝑑𝐷,𝑟)𝜑̇ 

+2(𝑆𝐹,𝑓
2  𝑐𝐹,𝑓 + 𝑆𝐹,𝑟

2  𝑐𝐹,𝑟 +
𝑆𝑆𝑡,𝑓 𝑐𝑆𝑡,𝑓 𝑙𝑆𝑡,𝑓 

2𝑏𝑆𝑡,𝑓
2 +

𝑆𝑆𝑡,𝑟 𝑐𝑆𝑡,𝑟 𝑙𝑆𝑡,𝑟 

2𝑏𝑆𝑡,𝑟
2 )𝜑 

= 𝑚 𝑎𝑦 (ℎ − ℎ𝐶𝑅) + 𝑚 𝑔 (ℎ − ℎ𝐶𝑅) sin𝜑. 

(2.45) 

The lateral load transfer for the front and rear axles is derived from equilib-

rium conditions in the lateral and vertical directions, as well as the moments’ 

equilibrium around CR (Schramm et al., 2014). The summation of vertical 

forces transmitted to the chassis by the suspension is provided for the front 

and rear axles in equations (2.46) and (2.47), respectively. Under steady-state 

cornering, the lateral tire forces per axle would be equivalent to the centrifu-

gal force, as expressed in equations (2.48) and (2.49). On the other hand, the 

torque equilibrium around CR for each axle is given by equations (2.50) and 

(2.51), with the resulting moments at the front (MA,f) and the rear axles (MA,r) 

are defined by equations (2.52) and (2.53) 

∆𝐹𝑧,𝑓 = ∆𝐹𝑧,𝐹𝐿 + ∆𝐹𝑧,𝐹𝑅 = 𝐹𝐹,𝐹𝐿 − 𝐹𝐹,𝐹𝑅 + 𝐹𝐷,𝐹𝐿 − 𝐹𝐷,𝐹𝑅 + 𝐹𝑆𝑡,𝐹𝐿 − 𝐹𝑆𝑡,𝐹𝑅 (2.46) 

∆𝐹𝑧,𝑟 = ∆𝐹𝑧,𝑅𝐿 + ∆𝐹𝑧,𝑅𝑅 = 𝐹𝐹,𝑅𝐿 − 𝐹𝐹,𝑅𝑅 + 𝐹𝐷,𝑅𝐿 − 𝐹𝐷,𝑅𝑅 + 𝐹𝑆𝑡,𝑅𝐿 − 𝐹𝑆𝑡,𝑅𝑅  (2.47) 

𝐹𝑦,𝐹𝐿 + 𝐹𝑦,𝐹𝑅 =
𝑆𝑟
𝑙𝑤
𝑚 𝑎𝑦 (2.48) 

𝐹𝑦,𝑅𝐿 + 𝐹𝑦,𝑅𝑅 =
𝑆𝑓

𝑙𝑤
𝑚 𝑎𝑦 (2.49) 

(∆𝐹𝑧,𝐹𝑅 − ∆𝐹𝑧,𝐹𝐿)𝑆𝑊 − (𝐹𝑦,𝐹𝐿 + 𝐹𝑦,𝐹𝑅) ℎ𝐶𝑅 = 𝑀𝐴,𝑓 (2.50) 

(∆𝐹𝑧,𝑅𝑅 − ∆𝐹𝑧,𝑅𝐿)𝑆𝑊 − (𝐹𝑦,𝑅𝐿 + 𝐹𝑦,𝑅𝑅) ℎ𝐶𝑅 = 𝑀𝐴,𝑟  (2.51) 

𝑀𝐴,𝑓 = −𝑆𝐹,𝑓(𝐹𝐹,𝐹𝑅 − 𝐹𝐹,𝐹𝐿) − 𝑆𝐷,𝑓(𝐹𝐷,𝐹𝑅 − 𝐹𝐷,𝐹𝐿) − 𝑆𝑆𝑡,𝑓(𝐹𝑆𝑡,𝐹𝑅 − 𝐹𝑆𝑡,𝐹𝐿) (2.52) 

𝑀𝐴,𝑟 = −𝑆𝐹,𝑟(𝐹𝐹,𝑅𝑅 − 𝐹𝐹,𝑅𝐿)−𝑆𝐷,𝑟(𝐹𝐷,𝑅𝑅 − 𝐹𝐷,𝑅𝐿) − 𝑆𝑆𝑡,𝑟(𝐹𝑆𝑡,𝑅𝑅 − 𝐹𝑆𝑡,𝑅𝐿) . (2.53) 
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By solving equations (2.46) – (2.53), the solution for the load change distribu-

tion of each tire is obtained as in equations (2.54) – (2.57) 

∆𝐹𝑧,𝐹𝐿 = −
𝑀𝐴,𝑓

2𝑆𝑊
+
𝑆𝑟
2𝑙𝑤

ℎ𝐶𝑅
𝑆𝑊

𝑚 𝑎𝑦 (2.54) 

∆𝐹𝑧,𝐹𝑅 =
𝑀𝐴,𝑓

2𝑆𝑊
−
𝑆𝑟
2𝑙𝑤

ℎ𝐶𝑅
𝑆𝑊

𝑚 𝑎𝑦 (2.55) 

∆𝐹𝑧,𝑅𝐿 = −
𝑀𝐴,𝑟
2𝑆𝑊

+
𝑆𝑓

2𝑙𝑤

ℎ𝐶𝑅
𝑆𝑊

𝑚 𝑎𝑦 (2.56) 

∆𝐹𝑧,𝑅𝑅 =
𝑀𝐴,𝑅
2𝑆𝑊

−
𝑆𝑓

2𝑙𝑤

ℎ𝐶𝑅
𝑆𝑊

𝑚 𝑎𝑦 . (2.57) 

2.1.4 Single-track vehicle model 

The tire contact patch forces (i.e., FxW, FyW, and MzW) contribute to the vehicle 

body movement since tires are interfacing elements between the vehicle and 

the road. As shown in Figure 2.9, the vehicle’s movement results from the 

contact patch forces acting at the contact area between the tires and the 

road. In the Ackermann steering system, the front wheels have different 

steering angles. 

The vehicle model permits the analysis of fundamental driving dynamics rela-

tionships within lateral acceleration. First, some quantities need to be defined 

to develop a reliable model. The equivalent steering angle (δ) is computed 

according to (Jazar, 2008) by averaging the cotangent of the steering angles 

of the outer and inner wheels δo, δi, respectively, as in equation (2.58). The 

instantaneous turning radius (ρk) of the vehicle is a function of the vehicle 

speed (v), yawing angle (ψ), and vehicle sideslip angle (β). ρk is determined 

using equation (2.59) 

cot(𝛿) =
cot(𝛿𝑜) + cot(𝛿𝑖)

2
 (2.58) 

𝜌𝑘 = 
𝑣

𝜓̇ + 𝛽̇
 (2.59) 
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Figure 2.9: Tires forces acting in xy-plane for a vehicle with Ackermann steering system (Jazar, 

2008). 

The model describes the vehicle motion regarding front and rear axles, as de-

fined in (Schramm et al., 2014). Hence summation of front tires’ cornering 

stiffness (CFα,f), as well as rear tires’ cornering stiffness (CFα,r), are introduced 

in equations (2.60) and (2.61), respectively. Furthermore, CFα can be deter-

mined using equations (2.23) and (2.24) 

C𝐹𝛼,𝑓 =  C𝐹𝛼,𝐹𝐿 +  C𝐹𝛼,𝐹𝑅  (2.60) 

C𝐹𝛼,𝑟 =  C𝐹𝛼,𝑅𝐿 +  C𝐹𝛼,𝑅𝑅. (2.61) 

 

The cornering acceleration (ay), yawing angle (ψ), and vehicle sideslip angle 

(β) can be determined in correspondence to a single input that is the steering 

angle (δ) as stated in equation (2.62) and as in the differential equations sets 

(2.63) (Jazar, 2008; Schramm et al., 2014), where Jzz is the vehicle inertia 

around the z-axis 

𝑎𝑦 =
𝑣2

𝜌𝑘
,    for small 𝛽 

(2.62) 
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 𝛿(𝑡) . (2.63) 

2.1.5 Hydraulic braking simulation model 

The pressure distribution among the wheels is determined by CarMaker sim-

ulation model. Figure 2.10 shows the power-assisted braking system within 

the vehicle 

 

Figure 2.10: Schematic diagram of a vehicle brake system (Reif, 2010). 

The braking actuation from the driver is applied to the brake pedal which is 

mechanically transformed into a braking input force for the brake booster 

(FBooIn). The brake booster, in turn, amplifies the input braking force and 

passes its output force (FBooOut) to the master brake cylinder. Then, the piston 

rod force is converted into the pressure of the master cylinder (pMC), as shown 

in Figure 2.11. The master cylinder has two hydraulic ports one for the front 

wheels braking circuit and the other one is for the rear wheels, as illustrated 

in Figure 2.12 
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Figure 2.11: Amplification of braking actuation force by the brake booster (IPG Automotive 

GmbH, n.d.) 

 

Figure 2.12: master brake cylinder (IPG Automotive GmbH, n.d.). 

The brake system in this work is modeled as a conventional hydraulic brake 

system with disc brakes for the front wheels. Since the rear wheels of the VUT 

are not driven, they are not included in the powertrain model. However, their 

effect is considered on the vehicle dynamic model. The disc brake model is 

available in physical modeling toolbox in SIMULINK library. Figure 2.13 shows 

the side and front views of a disc brake. Rm is the mean radius of brake pad 

force applied on the brake disc, Ro is the outer radius of brake pad, Ri is the 

inner radius of brake pad 
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Figure 2.13: Front and side views of a disc brake system (Mathworks Inc., 2023). 

The brake is performed as the master cylinder transfers the pressure to the 

friction pads. Then, the applied pressure causes the pads to exert friction 

force as they are been pressed against the brake disc. 

2.2 Energy consumption estimation in electric 
vehicles 

Over the past decade, interest in sustainable energy and conservation 

measures has accelerated the adoption of electric vehicles (EVs). Common 

powertrain configurations include hybrid (HEVs), plug-in hybrid (PHEVs), bat-

tery-electric (BEVs), and fuel-cell EVs (FCEVs) (Yao et al., 2013; Contestabile 

et al., 2011). 

(Travesset-Baro et al., 2015). compared internal combustion engine (ICE) and 

electric vehicles along mountainous routes and found that although BEVs are 

generally heavier, regenerative braking leads to lower overall energy use. 

BEVs can achieve nearly double the efficiency of ICEs due to superior power-

train performance (Asamer et al., 2016; Alhanouti & Gauterin, 2024a). 



2.2 Energy consumption estimation in electric vehicles 

31 

Moreover, electric motors can provide a high torque for a wide-ranging rota-

tional speed. Hence, a single-gear transmission is necessitated, which im-

proves the powertrain's efficiency even more. Generally, a BEV contains 

fewer rotating parts than an ICE vehicle, causing lower maintenance costs 

(Prandtstetter et al., 2013). Other researchers focus on estimating the re-

maining driving range of EVs, and precise estimation of the battery’s state of 

charge (SOC) are popular areas of study (Adaikkappan & Sathiyamoorthy, 

2022; Asamer et al., 2016; De Cauwer et al., 2015; Manoharan et al., 2022; 

Shrivastava et al., 2022; Smuts et al., 2017; Younes et al., 2013; Y. Zhang et 

al., 2012; Zheng et al., 2018). The factors influencing the remaining range of 

electric vehicles were systematically investigated in (Smuts et al., 2017) The 

authors comprehensive survey resulted in a classification of these factors into 

five key categories: Route and terrain, weather and environment, driving be-

havior, vehicle modeling, and battery modeling. An experimental investiga-

tion of the energy consumption in electric vehicles was presented by (Younes 

et al., 2013) based on driving course type, driving style, and ambient temper-

ature. The remaining driving range is a sophisticated concept affected by mul-

tiple factors complicating its estimation. The vehicle's driving conditions pri-

marily include the reference speeds and the altitude curves. Vehicle speeds 

and altitude changes are determined based on information such as driving 

routes, driver's behavior, road traffic, environment conditions, and vehicle 

dynamics models (Mei et al., 2023). 

Several research projects are oriented to establish accurate energy consump-

tion estimations that achieve the optimal energy economy to drive to a par-

ticular destination by modeling the driving condition, considering driving 

style, and selecting the optimal driving route (Wang & Lukic, 2011). Likewise, 

the authors of (Ahn et al., 2002) developed a mathematical model for vehicle 

energy consumption based on eight different test vehicles’ instantaneous 

speed and acceleration measurements. The authors considered different in-

fluential factors on energy consumption: The roadway grade and roughness, 

the vehicle interaction with the traffic, and the driver behavior. Developing 

energy estimation algorithms under realistic conditions became imperative. 

Subsequently, various concepts are adopted to calculate the accumulated 
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energy consumption during real driving routes. Some methods are based on 

sparse GPS observations (J. Wang et al., 2017), where readings from 68 EVs 

were used in a linear regression approach to calibrate an energy consumption 

prediction model. In comparison, some other approaches adapted to kinetic 

and potential energy changes during the trip, as in (Wu et al., 2015), in which 

a measured and estimated energy consumption process in a customized con-

version electric vehicle was realized by collecting the data for energy con-

sumption for different routes with alternating driving modes. Another ap-

proach for energy consumption modeling oriented toward quantifying 

correlations between energy consumption in electric vehicles and its kine-

matic parameters using real-world data has been developed (R. Zhang & Yao, 

2015). 

Two main approaches are used to model EVs (Mapelli & Tarsitano, 2012). The 

first is forward modeling, also known as the “dynamic approach.” The second 

is the backward modeling, also known as the “quasi-static approach.” The For-

ward approach is characterized by a causal structure that solves the differen-

tial equations governing component dynamics and their interactions. This 

method does not presume a driving cycle but requires a driver or controller 

model to manage vehicle speed. Its foundation in dynamic equations yields 

high precision, though this comes at the expense of significant computational 

resources. The Backward approach adopts an inverse simulation strategy. It 

begins with a predefined reference velocity trajectory and calculates the cor-

responding forces at the wheels. This demand is then propagated backward 

through the powertrain to determine the necessary motor moment and, 

eventually, the energy to be supplied by the battery. This method relies on 

analytical models of vehicle dynamics and efficiency maps for loss estimation, 

resulting in a computationally efficient solution that forgoes high dynamic 

resolution. Consequently, the choice of methodology is dictated by the 

study’s focus—whether it prioritizes the accurate simulation of transient dy-

namics (favoring the forward approach) or the rapid estimation of energy 

consumption over a standard cycle (favoring the backward approach) (Fiori et 

al., 2016). In general, computational models require more processing than 

analytical models. However, they are more precise as they operate based on 



2.2 Energy consumption estimation in electric vehicles 

33 

data analysis and prediction. Besides, analytical models can only respond to 

changes in vehicle performance as they are vehicle dynamics-dependent and 

based on physical modeling. More details about the advantages and disad-

vantages of these approaches are available in (Horrein et al., 2012; Miri et al., 

2021). 

The authors of (Asamer et al., 2016) conducted a sensitivity analysis to evalu-

ate the precision of battery electric vehicle (BEV) energy demand estimation. 

Their methodology employed a mechanical modeling approach, incorporat-

ing driving resistances and powertrain losses. The analysis identified the un-

certainty associated with powertrain efficiency and the rolling resistance co-

efficient as the most influential factors on estimation accuracy. Furthermore, 

their findings indicated that the uncertainty in auxiliary power demand, par-

ticularly for cabin climate control systems, has a substantial impact on accu-

racy at lower velocities. In a subsequent study, the authors of (Miri et al., 

2021) emphasized the necessity for a high-fidelity, power-based model for EV 

energy consumption. Their research utilized a forward-looking simulation ar-

chitecture integrating a powertrain system, longitudinal vehicle dynamics, 

and a driver model. Efficiency maps for the electric motor and power elec-

tronics were derived from technical specifications of a specific vehicle. The 

model's input was a reference driving cycle, which the driver model was de-

signed to track. Validation was performed against standard driving cycles 

within a simulation environment, without recourse to physical field testing. It 

is noted, however, that the model's applicability may be constrained by its 

dependency on efficiency maps unique to a particular EV and its incorpora-

tion of a simplified battery model with static parameters. 

The battery system is one of the most vital components of an electric vehicle. 

Within the spectrum of developing technologies for energy storage, lithium-

ion batteries (LiBs) are widely regarded as the most promising alternative, a 

status attributed to their distinctive advantages including high energy density, 

minimal maintenance requirements, and extended cycle life (Kohrs, 2017; 

Shrivastava et al., 2022). A critical parameter for battery management is the 
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SOC, which represents the available remaining charge. Accurate estimation of 

SOC is particularly vital for LiBs, as their operational integrity is compromised 

by both over-charging and over-discharging, thereby necessitating highly pre-

cise SOC prediction (Manoharan et al., 2022). The methodologies for SOC es-

timation can be categorized into five primary approaches based on battery 

modeling: the tank model, empirical models, lumped-parameter equivalent 

circuit models (ECMs), machine learning models, and electrochemical model-

based estimation (Asamer et al., 2016). Among these, ECM-based estimation 

has become the predominant technique for online applications, such as in 

electric vehicles, due to its capacity to simulate the voltage response of an 

actual LiB to a given current excitation. However, in reality, some character-

istics of the LiBs might not be adequately represented by circuit elements, 

such as the hysteresis effect. 

The authors of (R. Zhang & Yao, 2015) developed a regression model depend-

ing on instantaneous speed, acceleration, and the SOC. The developed model 

encloses four driving modes: Acceleration, deceleration, cruising, and idling. 

Likewise, in (De Cauwer et al., 2015), the developed models have regression 

parameters that were attained based on the aggregated data from the real-

world trips. Which is extended in (De Cauwer et al., 2017) by creating a mul-

tiple linear regression model to estimate energy consumption. Many other 

studies reviewed the latest SOC estimation methods to define the pros and 

cons of each approach, including physical modeling state estimation (Adaik-

kappan & Sathiyamoorthy, 2022; Shrivastava et al., 2022) or Artificial Intelli-

gence techniques (Adaikkappan & Sathiyamoorthy, 2022; Manoharan et al., 

2022). Moreover, the authors added a neural network model to predict mi-

croscopic driving parameters. In a similar context, a model to estimate the 

energy consumption for EVs was proposed in (Qi et al., 2018). The authors of 

(Younes et al., 2013) benefit from the acceleration distribution and altitude 

difference. They are classified as positive kinetic energy, relative positive ac-

celeration, and the standard deviation of the variation of the battery current. 

In (Yi & Bauer, 2017), an adaptive multiresolution approach was proposed for 

real-time energy consumption estimation in electric vehicles. A two-step 
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nonlinear iterative algorithm was utilized to approximate three key parame-

ters: Powertrain efficiency, wind speed, and rolling resistance. The first step 

involves a linear estimation with a Kalman filter, while the second step entails 

a nonlinear optimization search. 

The precise modeling of battery dynamics across diverse operational scenar-

ios is fundamental to the accurate forecasting of energy consumption in elec-

tric vehicles (Alhanouti et al., 2016). Within this context, the reliable estima-

tion of the SOC is a critical parameter. Techniques such as empirical open-

circuit voltage (OCV) modeling and look-up table interpolation are character-

ized by their low computational demands. The direct OCV-based method for 

SOC estimation, in particular, achieves a favorable balance between compu-

tational efficiency and estimation accuracy (Alhanouti et al., 2016). Further-

more, when integrated with an Equivalent Circuit Model (ECM), the OCV-

based approach can be effectively extended to dynamic operating conditions 

(Asamer et al., 2016). A significant advantage of this method is the fundamen-

tal consistency of the OCV curve across LiBs, permitting the application of ex-

perimentally derived curves in online estimation systems, thereby establish-

ing OCV-based estimation as a highly practical solution. Nevertheless, the 

relative stability of OCV characteristics in LiBs, they are subject to variation 

due to factors such as cycle life and temperature (Lavigne et al., 2016; Ma-

rongiu et al., 2016). Consequently, establishing a robust SOC-OCV correlation 

necessitates empirical data that quantifies the influence of these aging and 

environmental conditions (Adaikkappan & Sathiyamoorthy, 2022). Despite 

these dependencies, the methodological error associated with OCV-based 

SOC estimation remains comparatively lower than that of alternative ap-

proaches, as shown in Figure 2.14 
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Figure 2.14: Estimation error and computational complexity for the common SOC estimation 

methods (Zheng et al., 2018). 

Although the OCV area is located in the online feasible region, special atten-

tion should be given to the influences of temperature, aging, and hysteresis 

(Zheng et al., 2018). Our prior research (Alhanouti et al., 2016) successfully 

addressed these limitations by integrating an empirical OCV model, expressed 

as a function of SOC and temperature, with an ECM. Furthermore, the com-

ponents of the internal resistance model were also formulated as functions 

of SOC and temperature. The model additionally accounts for charge-dis-

charge hysteresis and incorporates capacity fade to represent battery aging. 

This integrated model has demonstrated high accuracy in simulating highly 

dynamic maneuvers from real-world driving profiles. Consequently, based on 

these established results and the supporting investigation by (Marongiu et al., 

2016), the model from (Alhanouti et al., 2016) is adopted for the LiB modeling 

in the present work. 
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This study identifies critical factors influencing the accuracy of electric vehicle 

energy consumption estimation, such as the formulation of detailed vehicle 

dynamics models, high-resolution assessments of powertrain efficiency, and 

the effect of route-specific environmental conditions. Prior research has often 

utilized either methodologies of excessive complexity, which hinder general-

ization, or oversimplified approaches that compromise precision. To address 

these shortcomings, this work proposes a generalized modeling framework. 

This framework employs predefined efficiency maps for different electric mo-

tor sizes and delivers an approximated efficiency map for power electronics. 

Furthermore, it integrates a sophisticated battery model, established in ear-

lier work by the authors, to substantially enhance estimation accuracy. Sub-

sequently, a comprehensive vehicle model incorporating the battery system 

is presented. A principal feature of this model is its systematic method for 

forecasting both energy consumption and variations in the battery SOC. 

Model inputs consist of measured vehicular speed during a driving maneuver, 

initial SOC, and auxiliary power demand, enabling precise calculation of en-

ergy consumption. Validation is conducted using empirical data from a test 

vehicle, with due consideration given to auxiliary devices owing to their sig-

nificant effect on estimation accuracy. The methodology is furthermore struc-

tured for compatibility with a wide array of motor and power electronic sys-

tems. 

2.2.1 Adaptable energy consumption model for the electric 
powertrain 

The authors of (Genikomsakis & Mitrentsis, 2017) proposed a computational 

model for energy consumption in EVs. They introduced an adaptable battery 

model based on technical data. The model’s accuracy is promoted by incor-

porating the technical specifications of electric machines, which are em-

ployed to generate efficiency curves for both motor and generator operation 

phases. This study enhances the model established by (Genikomsakis & 

Mitrentsis, 2017) through the integration of more detailed models for driving 

resistance and the battery system. The driving resistance formulation is 
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detailed in Section 2.1.1. A precise battery model is necessary to accurately 

estimate the energy consumption associated with a maneuver test. Electric 

motors typically achieve optimal operational efficiency at approximately 75% 

of their rated load, with effective performance generally sustained between 

50% and 100% of full load. Efficiency declines significantly when operating 

below 50% load. Figure 2.15 illustrates load-efficiency curves for standard 

electric motors across various rated power levels, with motor sizes indicated 

in horsepower (hp). These curves, developed using curve fitting methods, cat-

egorize motors with analogous efficiency characteristics; each curve thus rep-

resents all motors within the specified power range (US Department of En-

ergy, 2014) 

 

Figure 2.15: Motor load efficiencies for motors with different power (US Department of Energy, 

2014). 

According to (Genikomsakis & Mitrentsis, 2017), motor efficiency can be esti-

mated as a function of the fraction (x), which is defined as the ratio of the 

absolute value of the mechanical output power (Pmo) in W to the rated motor 

power (Pmr) in kW, expressed as x = 0.001|Pmo|/Pmr. The generalized efficiency 

for an electrical machine, applicable in both motor (ηmot) and generator (ηgen) 

modes, is given by equation (2.64). The coefficients for this equation, 
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obtained through curve fitting of data from multiple motors, are provided in 

Table 2.1 

efficiency(𝑥) = {

cout1 𝑥 + cout2

𝑥 + cout3
 , 0 ≤ 𝑥 < 0.25

dout1 𝑥 + dout2 , 0.25 ≤ 𝑥 < 0.75
eout1 𝑥 + eout2 , 𝑥 ≥ 0.75 .

 (2.64) 

 
Table 2.1: Coefficients for determining efficiency in equation (2.64) (Genikomsakis & Mitrentsis, 

2017) 

 Induction electric machine Synchronous electric machine 

Coefficient Motor mode Generator mode Motor mode Generator mode 

cout1 0.924300 0.925473 0.942269 0.942545 

cout2 0.000127 0.000148 0.000061 0.000067 

cout3 0.012730 0.014849 0.006118 0.006732 

dout1 0.080000 0.075312 0.060000 0.057945 

dout2 0.860000 0.858605 0.905000 0.904254 

eout1 −0.073600 −0.062602 −0.076000 −0.066751 

eout2 0.975200 0.971034 1.007000 1.002698 

 

A principal characteristic of electrical machines is that their efficiency in-

creases with their physical size (McCoy & Douglass, 2014). Consequently, 

when determining the efficiency of an electrical machine for a given output 

power, the initial efficiency value obtained from equation (2.64) must be mul-

tiplied by a normalization factor (fnorm) a scaling coefficient derived from the 

motor's rated power. For operations involving regenerative braking, this effi-

ciency must be further multiplied by a regenerative factor (fregen) as detailed 

by (Genikomsakis & Mitrentsis, 2017). The data from this source are derived 

from empirical measurements on multiple engines across various power 

ranges. Figure 2.16 illustrates the relationship between the efficiency normal-

ization factor and the rated output power. According to this figure, the value 

of fnorm for a 45 kW motor is 0.978 for the test vehicle 
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Figure 2.16: Normalization factor curve (Genikomsakis & Mitrentsis, 2017). 

The total gear transmission mechanical losses are evaluated by the efficiency 

(ηg) (Kurczveil et al., 2014). The test vehicle model considers the losses in the 

transmission, differential, and shaft joints. The authors of (Fiori et al., 2016) 

also developed an energy consumption model for EVs with a deceleration-

dependent regenerative braking efficiency model. They validated their model 

with different electric vehicles over several typical driving cycles. The energy 

consumption of EVs depends on the traction energy, as well as the auxiliary 

device consumption (Ramsey et al., 2022; Wang & Lukic, 2011).Therefore, the 

vehicle model must comprise them for more accurate energy consumption 

estimation (Miri et al., 2021; Ramsey et al., 2022). The authors of (De Cauwer 

et al., 2015) analyzed the impact of auxiliary systems load on energy con-

sumption by performing the simulation at three different ambient tempera-

tures. Consequently, the total power output from the battery must also sup-

ply the auxiliary load (Paux) in addition to providing power to the motor or 

absorbing power from the generator. As energy consumption from auxiliary 

devices is influenced by multiple variables, certain devices are deactivated 

during testing to minimize uncertainty in estimating Paux (Yao et al., 2013). To 

simplify the analysis, average power values are assigned to represent the typ-

ical consumption of each auxiliary device in an EV. The effective power 
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consumption during testing is subsequently calculated according to the oper-

ational duration of each active device (Miri et al., 2021). It is noted that the 

energy consumption for Paux is measured empirically in this study, rather than 

being derived from a model. In the model proposed by (Genikomsakis & 

Mitrentsis, 2017),, a constant correction factor is applied to the power model 

to account for the round trip efficiency loss. Conversely, the present study 

utilizes a detailed physical battery model that integrates multiple variable loss 

factors to determine the terminal battery voltage. 

Losses in the power electronics result from the conversion of direct current 

from the battery to a three-phase current for the motor. Motor torque is di-

rectly proportional to current. Therefore, in high-torque operating regions, 

typically depicted in the upper section of the efficiency map, the current pass-

ing through the power electronics rises substantially. This elevated current 

induces greater conduction losses, which are particularly pronounced at 

lower rotational speeds (RPM), where high motor moment is required to 

overcome inertia and load resistance. In contrast, motor speed determines 

the inverter switching frequency. At high RPM, especially under low torque 

conditions, the increased switching frequency leads to higher switching 

losses, despite the relatively low current. Thus, the efficiency of the power 

electronics (ηpe) can be represented using an efficiency map similar to that of 

the electric machine, as illustrated in Figure 2.17. The power electronics used 

for this efficiency map estimation are the insulated-gate bipolar transistor 

(IGBT), consistent with the VUT. The data presented in this figure correspond 

to a motor with a maximum power of 100 kW (März, 2010). The front-wheel-

driven VUT powertrain topology is shown in Figure 2.18. The VUT motor is 

powered by alternating current (AC), delivered from the power electronics 

that convert the battery’s direct current (DC) 
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Figure 2.17: Power electronics efficiency map as a rotational speed vs moment resresentation 

(März, 2010) 

 

Figure 2.18: Basic drive train topology of the Mercedes A-Class research vehicle (Fritz et al., 

2012). 
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The battery management system (BMS) regulates charging and discharging 

processes while monitoring the temperature of the battery pack modules. A 

signal indicating “torque demand”, generated by the accelerator pedal, is in-

terpreted by the vehicle control unit (VCU) and converted into an appropriate 

output based on the vehicle's current driving operational state, battery con-

dition, motor, and pedals inputs. The asynchronous machine specifications of 

the VUT are listed in Table 2.2. 

Table 2.2: Technical data of the VUT electric motor (Alhanouti & Gauterin, 2023b) 

Parameter Value 

Rated power 45 kW 

Peak power 68 kW 

Peak torque 210 Nm 

Rated speed 3000 RPM 

Maximum Speed 13000 RPM 

Number of poles 6 

2.2.2 Battery model 

The battery pack of the VUT consists of 19 battery modules. Each module en-

compasses 300 lithium iron phosphate (LiFePO4)–graphite cells (Alhanouti et 

al., 2016). The battery module specifications are given in Table 2.3. 

Table 2.3: Technical data of LiFePO4 Battery module (Valence Technology Inc., 2011) 

Parameter  Value Unit 

Nominal battery module voltage 19.2 V 

Nominal battery module capacity 69 Ah 

Nominal battery voltage 364.8 V 

Max continuous battery load current 120 A 

Peak battery current for 30 s 200 A 
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The VUT comprises battery cell units of a LiFePO4 cathode. These cells are dis-

tinguished from other battery types, such as lead-acid, Nickel Metal Hydride, 

and Nickel-Cadmium, by their open-circuit voltage curves that remain almost 

constant over the SOC range from 20% to 80%, even at different ambient tem-

peratures (Alhanouti et al., 2016). The same model developed in (Alhanouti 

et al., 2016), which accurately simulates the changes in the battery during 

dynamic maneuvers, will also be employed in this work. The proposed battery 

model is capable of simulating the OCV curves of LiFePO₄ batteries across a 

range of temperatures, accounting for both charging and discharging states, 

in addition to the variations in the battery internal resistance. Furthermore, a 

lumped thermal model is incorporated to capture the temperature evolution 

within the battery. The battery model requires the following inputs: The bat-

tery current, the SOC signal, the corresponding capacity rates (C-rate), the 

ambient and battery temperatures, and the number of charging and discharg-

ing cycles the battery underwent. The battery circuit model diagram is shown 

in Figure 2.19 

 

Figure 2.19: Battery circuit model (Alhanouti et al., 2016) . 

The open circuit voltage (VOC) is influenced by SOC and temperature. The re-

maining circuit part, which involves the equivalent resistances and capaci-

tances elements, is responsible for determining the voltage drop. The battery 

circuit model also comprises a variable ohmic resistance (RO), which signifies 

the electric conductivity of the electrolyte, anode, cathode, and separator, 

with the separator playing a crucial role in preventing direct contact between 

the anode and cathode, facilitating ion transport. The battery circuit model 
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considers also the capacity fading effect by adding resistance in series (Rcyc). 

Additionally, two variable RC circuits: RSCS that characterizes the fast transient 

response to voltage changes, and RLCL contributes to the slower time re-

sponse effect. The corresponding voltage to RSCS is VS. Similarly, VL represents 

the voltage of the RLCL circuit. Ibatt is the input current of the battery voltage 

model, and Vbatt is the battery model output voltage. The filtered battery cur-

rent (Ibatt*), which is used to avoid inserting the noise of the current signal to 

the battery model, and the integration of the battery current over time (It) 

are required inputs for determining the open-circuit voltage (VOC). The pro-

posed VOC model in (Alhanouti et al., 2016), as a function of the battery SOC 

and temperature, is represented by equations (2.65) and (2.66). According to 

(Alhanouti et al., 2016), the open voltage is modeled by separate equations 

in case of discharging, i.e., VOC,dis and charging, i.e., VOC,ch. The corresponding 

constant values are given in Table 2.4. 

Table 2.4: VOC parameter values (Alhanouti et al., 2016) 

Constant Unit Value Constant Value Unit 

a1 V −1.166 b1 −0.9135 V 

a2 - 35 b2 −35 - 

a3 V 3.344 b3 3.484 V 

a4 V 0.1102 b4 0.1102 V 

a5 V −0.172 b5 −0.1718 V 

a6 - 2 ×10−3 b6 8 ×10−3 - 

dVOC,d /dT V/K 0.00125 dVOC,c /dT 0.00069 V/K 

 

The effect of the temperature on the discharge and charge curves over SOC 

are taken into account through the constant gradients dVOC,d/dT and dVOC,c/dT 

respectively  

𝑉𝑂𝐶,𝑑𝑖𝑠(𝑆𝑂𝐶, 𝑇) = 𝑎1 e
−𝑎2 𝑆𝑂𝐶 + 𝑎3 + 𝑎4 𝑆𝑂𝐶 + 𝑎5 e

−
𝑎6

1−𝑆𝑂𝐶 + 𝑇𝑏𝑎𝑡𝑡
𝑑𝑉𝑂𝐶,𝑑
𝑑𝑇

 (2.65) 

𝑉𝑂𝐶,𝑐ℎ(𝑆𝑂𝐶, 𝑇) = 𝑏1 e
−𝑏2 𝑆𝑂𝐶 + 𝑏3 + 𝑏4 𝑆𝑂𝐶 + 𝑏5 e

−
𝑏6

1−𝑆𝑂𝐶 + 𝑇𝑏𝑎𝑡𝑡  
𝑑𝑉𝑂𝐶,𝑐
𝑑𝑇

∙ (2.66) 
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By neglecting the temperature differences between the cells in the same bat-

tery block, the temperature variations of the battery module (Tbatt) can be 

described in equation (2.67) (Wijewardana et al., 2016) 

𝑀𝑏𝑎𝑡𝑡  𝐶𝑝
𝑑𝑇batt
𝑑𝑡

= 𝐼𝑏𝑎𝑡𝑡(𝑉OC − 𝑉batt) − ℎ 𝐴𝑏𝑎𝑡𝑡∆𝑇 − ϵ σ 𝐴𝑏𝑎𝑡𝑡(𝑇cell
4 − 𝑇amb

4 ) (2.67) 

where ΔT is the temperature difference between the battery cell and the am-

bient (Tcell – Tamb). The constants of equation (2.67) are defined and evaluated 

in Table 2.5. 

Table 2.5: Battery thermal model parameter list (Alhanouti et al., 2016) 

Symbol Description Value Unit 

Abatt Battery module surface area 0.284  m2 

Mbatt Battery module mass 12 kg 

Cp Specific heat capacity 1360 J·kg−1·K−1 

σ Stefan-Boltzmann constant  5.67 ×10−8 W·m−2·K4 

ε Emissivity of heat 0.950 - 

h Natural heat convection constant  4 W·m−2·K−1 

 

Rcyc is identified in (Wijewardana et al., 2016), as shown in equation (2.68), as 

a function of the number of charging and discharging cycles (ncyc). The usable 

battery capacity (Cusable) is a function of ncyc and temperature (Erdinc et al., 

2009). Figure 2.20 shows the percentage of Cusable from the initial capacity (C0) 

over the ncyc and at a reference ambient temperature of 23 °C. A simple defi-

nition for the change in SOC is made by equation (2.69) (Wijewardana et al., 

2016), where SOC0 is the initial state of charge. The values of the internal re-

sistance components of resistances and capacitors are determined through 

equations (2.70) – (2.74) (Lam et al., 2011). Where ϑ is the battery cell tem-

perature [K], and the constants c1–c39 values are listed in Table 2.6 
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Figure 2.20: Measured discharge capacity performance for a single battery module at 23 °C 

(Valence Technology Inc., 2011). 

The equations (2.75) and (2.76) incorporates multiple nonlinear and dynamic 

terms to capture the complexity of battery discharging and charging. Vbatt is 

expressed as a function of OCV, which varies with the SOC and temperature, 

and is reduced by ohmic and cycle-induced voltage drops represented by 

(RO+Rcyc)⋅Ibatt. Additional dynamic voltage contributions VS and VL model 

short- and long-term effects, respectively. The nonlinear terms involving 

KpcQ/(Q−It)⋅ It, KprQ/(Q−It)⋅ I*batt, and KprQ/(It-0.1Q)⋅ I*batt account for voltage 

losses due to charge depletion and hysteresis. An exponential decay term 

Ae−B⋅It is included to capture short-term voltage recovery. This hybrid empiri-

cal electrical model enables accurate voltage prediction across varying load 

profiles by integrating electrochemical, thermal, and aging effects. 

These parameters apply to the same battery cell type (LiFePO4–graphite). Fur-

thermore, the simulation results using these parameters will be validated by 

measurements. The total estimated battery output voltage (Vbatt) is modeled 

as in equation (2.75) (Alhanouti et al., 2016). According to (Tremblay & Des-

saint, 2009), the hysteresis effect between the discharge and charge behav-

iors is considered in Vbatt by implementing two different equations, i.e., (2.75) 
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for discharging and (2.76) for charging. This work enhances the Vbatt model 

proposed in (Tremblay & Dessaint, 2009) by adding variable internal re-

sistances and open-circuit voltages. The parameters of the equations (2.75) 

and (2.76) are defined and evaluated in Table 2.7 

𝑅𝑐𝑦𝑐 = 0.0015 (𝑛𝑐𝑦𝑐)
0.5

 (2.68) 

  

𝑆𝑂𝐶(𝑡) =  𝑆𝑂𝐶0 −∫ (𝐼𝑏𝑎𝑡𝑡 𝐶𝑢𝑠𝑎𝑏𝑙𝑒)⁄ 𝑑𝜏
𝑡

0

. (2.69) 

 

The battery internal resistance parameters in equation (2.77) are acquired by 

multiplying the corresponding battery cell internal resistance parameter, cal-

culated by equations (2.70)–(2.74), by the total number of cells. Q defines the 

exponential part of the discharge characteristic curve, upon which the dis-

charged voltage changes exponentially regarding to the capacity of the bat-

tery. Ibatt is the battery current, I*
batt is the filtered battery current, and It is 

the integration over time of the battery current, as shown in Figure 2.19 

 

𝑅𝑠,𝑐𝑒𝑙𝑙(SOC, 𝜗) = (𝑐1𝑒
(𝑐2SOC) + 𝑐3 + 𝑐4SOC) + 𝑐5∆𝜗 + 𝑐6 SOC ∆𝜗 

 
(2.70) 

𝐶𝑠,𝑐𝑒𝑙𝑙(SOC, 𝜗) = (𝑐7SOC
3 + 𝑐8SOC

2 + 𝑐9SOC + 𝑐10) + 𝑐11SOC ∆𝜗 + 𝑐12∆𝜗 

 
(2.71) 

𝑅𝑙,𝑐𝑒𝑙𝑙(SOC, 𝜗, 𝐼𝐶−𝑟𝑎𝑡𝑒) = ((𝑐13e
(𝑐14SOC) + 𝑐15 + 𝑐16SOC) + 𝑐17∆𝜗e

(𝑐18SOC)

+ 𝑐19 ∆𝜗) × (𝑐20 (𝐼𝐶−𝑟𝑎𝑡𝑒)
𝑐21 + 𝑐22) 

 

(2.72) 

𝐶𝑙,𝑐𝑒𝑙𝑙(SOC, 𝜗) = (𝑐23SOC
6 + 𝑐24SOC

5 + 𝑐25SOC
4 + 𝑐26SOC

3 + 𝑐27SOC
2

+ 𝑐28SOC + 𝑐29) + 𝑐30e
𝑐31
𝜗  

 

(2.73) 

𝑅𝑜,𝑐𝑒𝑙𝑙(SOC, 𝜗) = (𝑐32SOC
4 + 𝑐33SOC

3 + 𝑐34SOC
2 + 𝑐35SOC + 𝑐36) 𝑐37 e

𝑐38
𝜗−𝑐39 

 
(2.74) 

𝑉batt = 𝑉OC,dis(SOC, 𝑇) − (𝑅𝑂 + 𝑅cyc) ∙ 𝐼𝑏𝑎𝑡𝑡 + 𝑉𝑆 + 𝑉𝐿 − 𝐾𝑝𝑐
𝑄

𝑄 − 𝐼𝑡
∙ 𝐼𝑡

− 𝐾𝑝𝑟
𝑄

𝑄 − 𝐼𝑡
∙ 𝐼𝑏𝑎𝑡𝑡
∗ + 𝐴 e−𝐵∙𝐼𝑡 

 

(2.75) 
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𝑉batt = 𝑉OC,ch(SOC, 𝑇) − (𝑅𝑂 + 𝑅cyc) ∙ 𝐼𝑏𝑎𝑡𝑡 + 𝑉𝑆 + 𝑉𝐿 − 𝐾𝑝𝑟
𝑄

𝐼𝑡 − 0.1𝑄
∙ 𝐼𝑏𝑎𝑡𝑡
∗

− 𝐾𝑝𝑐
𝑄

𝑄 − 𝐼𝑡
∙ 𝐼𝑡 + 𝐴 e−𝐵∙𝐼𝑡 

(2.76) 

  
𝑑𝑉𝑆
𝑑𝑡

=
𝐼𝑏𝑎𝑡𝑡
𝐶𝑆

−
𝑉𝑆
𝑅𝑆𝐶𝑆

 , 

 
𝑑𝑉𝐿
𝑑𝑡

=
𝐼𝑏𝑎𝑡𝑡
𝐶𝐿

−
𝑉𝐿
𝑅𝐿𝐶𝐿

∙ 

(2.77) 

Table 2.6: Constants values of equations (2.70)–(2.74) (Lam et al., 2011) 

Con-

stant 
Value 

Con-

stant 
Value 

Con-

stant 
Value 

Con-

stant 
Value 

c1 1.080×10−2 c11 −6.580 c21 −6.919×10−1 c31 −2.398×103 

c2 −11.03 c12 12.11 c22 2.902×10−1 c32 1.298×10−1 

c3 1.827×10−2 c13 2.950×10−1 c23 2.130×106 c33 −2.892×10−1 

c4 −6.462×10−3 c14 −20.00 c24 −6.007×106 c34 2.273×10−1 

c5 −3.697×10−4 c15 4.722×10−2 c25 6.271×106 c35 −7.216×10−2 

c6 2.225×10−4 c16 −2.420×10−2 c26 −2.958×106 c36 8.980×10−2 

c7 1.697×102 c17 6.718×10−3 c27 5.998×105 c37 7.613×10−1 

c8 −1.007×103 c18 −20.00 c28 −3.102×104 c38 10.14 

c9 1.408×103 c19 −5.967×10−4 c29 2.232×103 c39 2.608×102 

c10 3.897×102 c20 6.993×10−1 c30 3.128×103   

 

The equations (2.75) and (2.76) incorporates multiple nonlinear and dynamic 

terms to capture the complexity of battery discharging and charging. Vbatt is 

expressed as a function of OCV, which varies with the SOC and temperature, 

and is reduced by ohmic and cycle-induced voltage drops represented by 

(RO+Rcyc)⋅Ibatt. Additional dynamic voltage contributions VS and VL model short- 

and long-term effects, respectively. The nonlinear terms involving 

KpcQ/(Q−It)⋅It, KprQ/(Q−It)⋅I*batt, and KprQ/(It-0.1Q)⋅I*batt account for voltage 

losses due to charge depletion and hysteresis. An exponential decay term A 
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e−B⋅It is included to capture short-term voltage recovery. This hybrid empirical 

electrical model enables accurate voltage prediction across varying load pro-

files by integrating electrochemical, thermal, and aging effects. 

Table 2.7: Parameters list for the battery discharge voltage model (Tremblay & Dessaint, 2009) 

Symbol Description Value Unit 

Kpc Polarization constant  0.012 V/(Ah) 

Kpr Polarization resistance  0.012 Ω 

Q Battery capacity Variable Ah 

A Exponential zone amplitude 0.271 V 

B Exponential zone time constant inverse  152.130 (Ah)−1 
 

The battery voltage model is already validated in (Alhanouti et al., 2016). 

However, all test maneuvers are performed with relatively low speeds and 

short testing periods due to the size of the testing site. Therefore, the VUT 

underwent the Worldwide harmonized Light vehicles test procedure class 

two (WLTP2) driving cycle on a roller dynamometer test bench, shown in Fig-

ure 2.21, to validate the model for higher speeds and a more extended test 

period 

 

Figure 2.21: WLTP2 cycle tracking performance (Alhanouti & Gauterin, 2023b). 
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Figure 2.22 displays that the battery model estimated the total battery-pack 

output voltage, corresponding to the measured battery current, with a high 

Pearson correlation coefficient (ρX,Y) (Montgomery & Runger, 2010) of 0.981 

and a root mean square error (RMSE) is equal to 0.948 V 

 

Figure 2.22: The correlation between the measured and estimated Vbatt for the WLTP2 cycle test 

(Alhanouti & Gauterin, 2023b). 

This high accuracy is related mainly to the variable internal resistance model, 

shown in Figure 2.19, and to considering the temperature influences 

(Alhanouti et al., 2016). The battery model must be as accurate as possible 

because the total energy consumption will be linked directly to the accuracy 

of the estimated Vbatt and Ibatt. Several factors are considered in the battery 

model to accurately estimate the output voltage using the measured battery 

current as an input. The most significant factors for battery modeling are 

charging-discharging different behaviors, changes in internal resistance, open 

circuit voltage, and battery temperature influences. The simulated battery 
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voltage was validated using measurements from real driving maneuvers. 

Based upon the available data shown in Figure 2.20, the battery aging factor 

is taken into account as the percentage change of the usable battery capacity 

(Cusable) as a function of the number of charging and discharging cycles. Nev-

ertheless, it must be emphasized that the estimation of SOC using the am-

pere-hour counting method, represented by equation (2.69) is not reliable for 

long-time simulations without continuous regulation for the accumulated 

measurement error in Ibatt and the error from estimating Cusable, which is af-

fected by several factors, such as temperature (Manoharan et al., 2022; Zheng 

et al., 2018). Because of these reasons, the measured SOC signal is considered 

in this work for estimating Vbatt and Ibatt. Further tests are conducted in 

(Alhanouti & Gauterin, 2023b, 2024a) to validate the energy consumption us-

ing the estimated values of Vbatt and Ibatt. The Ibatt estimation will be explained 

in the next section. 

2.3 Creation and validation of the complete 
vehicle energy consumption model 

The complete model of the VUT is shown in Figure 2.23. This model is 

integrated from the submodels developed in Sections 2.1 and 2.2. Instead of 

requiring multiple inputs to simulate a particular driving maneuver, the model 

can determine the physical quantities of the assigned maneuver. The 

reference speed initiates the computation process within the backward 

simulation model, which comprises two main submodels of the vehicle 

dynamics model. By entering the vehicle’s desired longitudinal velocity (Vx) as 

an input to the simulation model, the corresponding traction force (FxW), cal-

culated from the tire slip model, will take part in estimating the angular speed 

for each wheel. The road gradient contributes an additional climbing force, 

thereby increasing the total resistance force acting on the vehicle. First, the 

vertical load (FzW,i) on each tire is determined as described in Sections 2.1.3 

and 2.1.4. Then it determines the contact patch forces according to the tire 

model in Section 2.1.2. The method used to estimate the wheel angular speed 
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is a further improvement to the concepts developed in (R. Bauer, 2011a, 

2011b; Pillas, 2017), considering more detailed models of the driving re-

sistance and the tire. Figure 2.24 demonstrates the relation between the driv-

ing moment on the wheel (Mdrive,i), determined from equation (2.2) of the 

driving resistance model, and the moment from FxW multiplied by re. As in 

equation (2.78), the rotational acceleration for the corresponding wheel (ω̇i) 

is estimated by dividing the equation by the wheel inertia (JW). Then ωi is de-

termined according to equation (2.79), while the tire slip is considered in the 

quantity FxW of the corresponding tire 

𝐽𝑊 𝜔̇𝑖 = 𝑀𝑑𝑟𝑖𝑣𝑒,𝑖 − 𝐹𝑥𝑊,𝑖  𝑟𝑒  (2.78) 

  

𝜔𝑖 = ∫
1

𝐽𝑊
(𝑀𝑑𝑟𝑖𝑣𝑒,𝑖 − 𝐹𝑥𝑊,𝑖  𝑟𝑒)𝑑𝜏

𝑡

0
. (2.79) 

 

Then, the mechanical power at the wheels (Pmech) can be estimated according 

to equation (2.80). The Pmech sign indicates whether the vehicle is in driving or 

braking modes. In the case of driving, the battery provides an equivalent 

power that covers the Pmech demands plus the powertrain power losses (Ploss) 

and the power demand of the auxiliary systems (Paux). Next, the battery 

current (Ibatt) corresponds to each of the estimated mechanical power at the 

wheels, the powertrain power losses, and the corresponding battery voltage 

(Vbatt) is estimated using equation (2.81). The total cumulative energy con-

sumption E(t) is calculated as integrating the total power over time, as shown 

in equation (2.82) 

𝑃𝑚𝑒𝑐ℎ =∑ 𝑀𝑑𝑟𝑖𝑣𝑒,𝑖  𝜔𝑖
4

𝑖=1
 (2.80) 

  

𝐼𝑏𝑎𝑡𝑡 =
𝑃𝑚𝑒𝑐ℎ + 𝑃𝑙𝑜𝑠𝑠 + 𝑃𝑎𝑢𝑥

𝑉𝑏𝑎𝑡𝑡
  (2.81) 
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Figure 2.23: Integrated energy consumption model for electric vehicles (Alhanouti & Gauterin, 

2023a). 

The approach proposed in (Genikomsakis & Mitrentsis, 2017) to simplify the 

regenerative braking modeling is also implemented in this work. Further-

more, the combined mechanical and regenerative braking systems are com-

plementary due to the electrical machine's physical limitations and the maxi-

mum limit of the battery SOC. Suppose the braking moment exceeds the 

moment limits; in that case, the rest of the braking power is dissipated as heat 

due to the mechanical braking (Y. Gao & Ehsani, 2009; Kubaisi, 2018). More-

over, the percentage of regenerative braking taking effect has a speed-de-

pendent regeneration factor fregen, as a function of vehicle speed Vx: below 

the speeds lower threshold limit, no regenerative braking is produced, and 

therefore, the mechanical braking system is exclusively responsible for decel-

erating the vehicle to a standstill. Mainly, a lower threshold speed must be 

surpassed so that the electrical machine regenerates energy, while it achieves 

its maximum regeneration capability for speeds higher than an upper thresh-

old speed. For speeds between these two thresholds, the percentage of re-

coverable power follows a linear interpolation with vehicle speed. The same 

lower and upper threshold speeds implemented in (Genikomsakis & 
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Mitrentsis, 2017) are 1.39 m/s (5 km/h) and 4.72 m/s (17 km/h), which are 

considered for this work as well. Equation (2.83) describes the instantaneous 

power at the time (t) 

 

Figure 2.24: Relation between Mdrive,i , FxW,i, and ωi (Alhanouti & Gauterin, 2023a). 

𝐸(𝑡) =  ∫ 𝑃𝑖𝑛𝑠(𝜏)𝑑𝜏
𝑡

𝑡0

 (2.82) 

𝑃𝑖𝑛𝑠(𝑡) = {

𝑃𝑚𝑒𝑐ℎ(𝑡)

𝜂𝑝𝑒 𝜂𝑔 𝜂𝑚𝑜𝑡(𝑥) 𝑓𝑛𝑜𝑟𝑚
+ 𝑃𝑎𝑢𝑥 , 𝑃𝑚𝑒𝑐ℎ(𝑡) ≥ 0 

𝑃𝑚𝑒𝑐ℎ(𝑡) 𝜂𝑝𝑒𝜂𝑔𝜂𝑔𝑒𝑛(𝑥) 𝑓𝑛𝑜𝑟𝑚 𝑓𝑟𝑒𝑔𝑒𝑛(𝑉𝑥) + 𝑃𝑎𝑢𝑥 𝑃𝑚𝑒𝑐ℎ(𝑡) < 0 

 (2.83) 

where 

Pins Total powertrain’s instantaneous power (electrical power at the battery) 

Pmech Mechanical power 

ηpe Power electronics efficiency 

ηg Total gear transmission efficiency 

ηmot Motor efficiency 

ηgen Generator efficiency 

x Fraction of the motor’s mechanical power 

fnorm Normalization factor 

fregen Regenerative braking factor as a function of Vx 

Paux Auxiliary power. 
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There are several significant advantages to forming that long sequence of 

computations. Primarily, the power transformation in the VUT system from 

mechanical to electrical power can be estimated, including the different 

involving quantities, as elaborated in Sections 2.1 and 02.2. Moreover, the 

influence on the energy consumption of different factors that reform the 

speed profile can be investigated using this model, such as the roadway 

grade, roughness, and vehicle interaction with the traffic (Brundell-Freij & Er-

icsson, 2005). 

2.4 Validation of the complete vehicle model 

The developed vehicle model is validated using the measured data of the test 

vehicle. The validation target is to determine the estimation accuracy of the 

power transferred through the electric vehicle’s powertrain, i.e., the electrical 

power consumed from the battery and then transformed into mechanical 

driving power and power losses. The test vehicle was driven in a circular path 

with a 30 m turning radius of about 385 s. The driver applied a dynamic pedal 

input to create a very dynamic response. The test results are displayed in Fig-

ure 2.25. 

The positive battery current corresponds to the discharged current during the 

driving mode, whereas the negative values occur during the braking. It can be 

noticed that the voltage dropped drastically during the high acceleration 

driving, then remained around 370 V while braking. After the total gear ratio 

transmission, the final drive moment is produced, responding similarly to the 

battery current. Finally, the electric motor rotational speed along the 

maneuver is also shown. The parameters employed in the test vehicle 

dynamics model are demonstrated in Table 2.8. 
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Figure 2.25: Measured data from the VUT field driving test (Alhanouti & Gauterin, 2023a) 

The average rotational speed of the front axle is estimated for both wheels, 

then the car’s motor rotational speed is calculated considering the total gear 

ratio. The motor’s rotational speed is estimated accurately with a correlation 

of 0.997 to the measured rotational speed, as illustrated in Figure 2.26. The 

corresponding wheels’ driving moment estimation is also accurate, with a cor-

relation of 0.984 to the measured moment. 
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Table 2.8: Parameters list for the VUT dynamic models 

Symbol Description Value Unit 

m Vehicle mass 1528 kg 

Jxx Moment of inertia about the longitudinal axis 482 kg·m2 

Jzz Moment of inertia about the vertical axis 2585 kg·m2 

lw Wheelbase 2.59 m 

Sf Distance between center of gravity and the front axle 1.47 m 

Sr Distance between center of gravity and the rear axle 1.11 m 

h Height of the vehicle’s center of gravity 0.45 m 

ig Transmission gear ratio 4 - 

iD Differential gear ratio 2.5 - 

JE Vehicle engine/motor inertia 0.03 kg·m2 

Ja,f  Front axle inertia 3.7x10-3 kg·m2 

Ja,r Rear axle inertia 3.7x10-3 kg·m2 

Jt Tire inertia 0.87 kg·m2 

JW Wheel inertia 1.33 kg·m2 

fRR Rolling resistance coefficient 0.015 - 

Atire Outer tire surface area 0.6 m² 

k Sensibility exponent factor 0.5 - 

h0 Reference heat exchange coefficient for rubber and air 55 W/m²/K 

ε Sensitivity of rolling resistance to temperature 0.014 1/K 

Cp Specific heat transfer factor 1670 J/kg/K 

mtire Mass of tire 12 kg 

Tamb Ambient temperature 298.15 K 

vw0 Reference tire speed 22.2 m/s 

hCR Height of the vehicle’s rolling center 0.31 m 

SW Half-track width between front wheels or rear wheels 0.78 m 

SF,f Distances of the front suspension from the middle 0.78 m 

SD,f Distances of the front damper from the middle 0.78 m 

SSt,f Distances of the acting point of the front anti-roll beam 0.78 m 

SF,r Distances of the rear suspension from the middle 0.78 m 

SD,r Distances of the rear damper from the middle 0.78 m 

SSt,r Distances of the acting point of the rear anti-roll beam 0.78 m 

cF,f Spring stiffness front 21269 N/m 

dD,f Damping coefficient front 2244 N·s/m 

cSt,f Stiffness of the front anti-roll bar  7019 Nm/rad 

cF,r Spring stiffness rear 17374 N/m 

dD,r Damping coefficient rear 1551 N·s/m 
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cSt,r Stiffness of the rear anti-roll bar  5733 Nm/rad 

lSt,f Length of the front anti-roll bar  1.49 m 

lSt,r Length of the rear anti-roll bar  1.49 m 

bSt,f Width of the front anti-roll bar  0.37 m 

bSt,r Width of the rear anti-roll bar  0.37 m 

Bx Longitudinal force initial slope in Pacejka formula 23.64 - 

Cx Longitudinal force shape factor in Pacejka formula 1.35 - 

Dx Longitudinal force peak factor in Pacejka magic formula 6.3 kN 

Ex Longitudinal force curvature factor in Pacejka formula 1.37 - 

By Lateral force initial slope in Pacejka formula 18.05 - 

Cy Lateral force shape factor in Pacejka formula 2.17 - 

Dy Lateral force peak factor in Pacejka magic formula 7.83 kN 

Ey Lateral force curvature factor in Pacejka formula 0.99 - 

Bz Aligning torque initial slope in Pacejka formula 16.37 - 

Cz Aligning torque shape factor in Pacejka formula 1.13 - 

Dz Aligning torque peak factor in Pacejka magic formula 1.17 - 

Ey Aligning torque curvature factor in Pacejka formula 0.89 - 

re Tire-effective dynamic rolling radius 0.31 m 

CFx Tire longitudinal stiffness coefficient 134 kN/m 

CFα Tire cornering stiffness coefficient 19.53 kN/rad 

σκ0 Tire longitudinal nominal relaxation length 1.5 m 

σα0 Tire lateral nominal relaxation length 1.35 m 

σmin Tire minimum relaxation length 0.05 m 

Vlow Low-speed threshold 2.50 m/s 

kV,low0 Tire damping coefficient at low speed  770 N·s/m 

- Tire’s width 186 mm 

- Tire’s ratio of height to width 65 - 

- Tire’s size R15  - 

- Tire’s load Index 88 - 

- Tire’s speed Index T - 
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Figure 2.26: Comparison between the measured and estimated values for both the motor 

angular speed and the final driving moment at the wheels during the field maneuver test 

The RMSE values are 58.474 RPM and 71.187 Nm for the estimated motor’s 

rotational speed and the final driving moment on the wheels, respectively. 

Given the measured speed, as shown in Figure 2.23, the VUT Simulation 

model was able to estimate the mechanical power that needs to be delivered 

by the powertrain to overcome the corresponding driving resistances. The ac-

curacy of Pmech, attained from the multiplication of the estimated angular 

speed and moment, has a correlation of 0.983 compared to the expected, as 

in Figure 2.27 and a RMSE value of 2.309 kW. After confirming the accuracy 

of Pmech, the power losses in the powertrain need to be taken into account to 

estimate the total powertrain’s power (Pins) 
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Figure 2.27: The correlation between the measured and estimated VUT powertrain’s 

mechanical power during the field maneuver test (Alhanouti & Gauterin, 2023a). 

Referring to equation (2.83), fnorm, ηpe, ηg, and Paux are required to determine 

Pins(t): 

- fnorm for the VUT electrical machine class is 0.978, according to Table 2.2 

and Figure 2.16, 

- ηpe is determined from Figure 2.17 at each motor’s rotational speed, 

- ηg is set to 0.97, similar to the VUT in (Genikomsakis & Mitrentsis, 2017). 

Paux is determined based on the best match to the experimental results. 

The value of 300 W yielded the best match with measurements, which is 

also similar to the Paux value in (Genikomsakis & Mitrentsis, 2017). As 

shown in Figure 2.28, an excellent overall match is achieved with a corre-

lation of 0.973 and a RMSE of 3.022 kW. 

 

Paux could have a wide range of variations depending on the operation of 

other energy-consuming devices, such as air conditioning (De Cauwer et al., 

2015, 2017). The next step is to estimate the electrical power factors, which 
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are the Vbatt during the maneuver and the resulting Ibatt from the battery pack. 

They are estimated using the model shown in Figure 2.23 

 

Figure 2.28: The correlation between the measured electrical power and the estimated Pins 

during the field maneuver test (Alhanouti & Gauterin, 2023a). 

Figure 2.29(a) reveals that the estimation of Ibatt from this complex model is 

remarkably accurate, with a correlation of 0.973 relative to the corresponding 

measurements, as shown in Figure 2.29(b). Due to the low precision of the 

voltage measurements, as shown in Figure 2.29(c), the correlation of Vbatt to 

the measured voltage has slightly diminished to 0.964, as shown in Figure 

2.29(d). The battery current RMSE value is equal to 8.749 A, while the voltage 

RMSE reached 1.771 V. The accuracy of results is ascribed to the detailed 

modeling and accurate parametrization, especially for the battery model. De-

spite the frequent and severe fluctuations of different physical quantities 

along the measurements, the integrated model of several submodels did not 

accumulate high errors after this series of calculations 
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Figure 2.29: The correlation between the measured and estimated values for Ibatt and Vbatt 

during the field maneuver test (Alhanouti & Gauterin, 2023a). 

2.5 Conclusion 

The foundation of this work lies on the development of a reliable vehicle 

model that can capture the essential dynamics of driving in real-world condi-

tions. By constructing detailed representations of resistive forces, load distri-

butions, tire behavior, and energy consumption, it becomes possible to create 

virtual vehicles that serve both as predictive tools and as references for ex-

perimental validation. Such models are critical not only for simulation but also 

for their integration into physical test benches, where they guide the config-

uration of complete vehicle test benches and ensure that test accurately rep-

licates the road conditions.
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3 Chassis roller dynamometer 

The chassis dynamometers are widely used in test environments in vehicle 

development due to their relatively simple configurations and versatility 

(Mayyas et al., 2013; Paulweber & Lebert, 2016). Their scope involves vehi-

cles, from motorcycles to heavy industrial machinery. Roller test benches can 

be easily integrated into diverse research and development applications. In 

addition, they play a chef role in developing the advanced functionalities of 

modern mobility. A typical use for a chassis dynamometer will be to assign a 

standard driving cycle as a reference speed with time. Then, the performance 

of the test vehicle is evaluated after it undergoes the designated driving cycle. 

As regulatory frameworks increasingly demand precise energy consumption 

and emission measurements under standardized driving cycles, it becomes 

crucial to refine the methodologies applied to roller bench testing. This re-

quires not only careful consideration of the mechanical setup, such as the re-

straining system and roller configuration, but also advanced modeling ap-

proaches to better represent real-world conditions. Central to this effort are 

improved models of tire–roller interaction, friction estimation techniques, 

and thermal influence assessments, all of which impact the credibility of test 

results. 

This chapter therefore focuses on systematically addressing these interre-

lated aspects of chassis dynamometer testing. First, the fundamental princi-

ples and applications of chassis roller dynamometers are introduced, fol-

lowed by a detailed analysis of the restraining point height and its effect on 

traction force transmission. This is complemented by experimental evalua-

tions of energy consumption under standard driving cycles, with particular 

attention given to the role of restraint systems. The dissertation then pro-

poses an approach to estimate tire–roller friction and develops an enhanced 

tire model to better capture dynamic behavior on the test bench. Finally, the 

thermal influence of rollers on tire performance and the validation of an 
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improved power estimation model are discussed, aiming to provide a com-

prehensive framework for enhancing test bench accuracy and applicability. 

3.1 Introduction 

The loading machines of the chassis dynamometer generate moments ac-

cording to a driving resistance curve corresponding to the rollers’ rotational 

speeds, considering the rollers inertias and the bearing friction losses. The 

driving resistance curve is commonly identified as an n-order polynomial 

whose coefficients are determined by regression methods on the results of 

several experiments (Düser et al., 2011). According to (Martyr & Plint, 2012), 

there is a noticeable difference between running a tire on a flat road and run-

ning it on rollers of different diameters. The modified rolling resistance at the 

roller is approximated in (Clark, 1976) as in equation (3.1) 

𝐹𝑅𝑅 = 𝐹𝑅 (1 +
𝑟

𝑅𝑟
)

1
2
 . (3.1) 

The rolling resistance force on the road (FR) depends on the ratio between the 

tire’s unloaded radius (r) to the roller radius (Rr), producing an effective rolling 

resistance on the roller (FRR). (Unrau, 2013) refined the rolling resistance 

model by introducing a correction factor eFR to equation (3.1), which can be 

expressed simply as eFR = 0.195 p/FZp, where p denotes the tire’s pressure (in 

bar), and FZp is the normalized tire’s load, compared to the full load, according 

to the ETRTO1 standard. More details are available in (Unrau, 2013). Finally, 

the corrected effective rolling resistance on the roller is given by equation 

(3.2) 

𝐹𝑅𝑅 = 𝐹𝑅 (1 + 𝑒𝐹𝑅
𝑟

𝑅𝑟
)

1
2
 . (3.2) 

 
1 European Tire and Rim Technical Organization (ETRTO), retrieved 23.08.2018 

https://www.etrto.org/
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Coast-down and acceleration behaviors are influenced not only by longitudi-

nal dynamics but also by lateral effects, particularly during cornering where 

each wheel may rotate at different speeds and advanced systems like torque 

vectoring are active. Since a chassis dynamometer keeps the wheel axes par-

allel to the rollers, realistic testing requires a four-wheel, individually driven 

roller configuration. In this context, the 4x4 roller dynamometer provides the 

most accurate results (Albers et al., 2013). 

The following Sections 3.2 and 3.3 are entirely adapted from our previous 

work (Alhanouti & Gauterin, 2023b). The study begins by conducting a de-

tailed literature survey to identify key limitations of chassis roller dynamom-

eter testing for electric vehicles, particularly regarding tire-roller contact, dy-

namometer loading, and energy-consumption measurement deviations. 

Next, we performed experimental tests on an electric test vehicle using two 

standardized cycles (NEDC and WLTP class 2) on a roller test bench, capturing 

vehicle speed, traction force, and battery power data. Simultaneously, we de-

velop an integrated physical simulation model that combines a vehicle dy-

namics (road-load) model, an electric-powertrain loss model, and an en-

hanced tire-roller contact submodel, which is based on the LuGre friction 

model modified for roller geometry and slip behavior. Model calibration is 

achieved using the test bench data. Finally, we evaluate the model’s accuracy 

in estimating total energy consumption under driving, and propose correction 

factors for tire friction modelling. 

3.2 Limitations of chassis roller dynamometer 

To address the limitations of real-world testing, the use of test benches has 

become an indispensable methodology in modern vehicle development. 

Among these, the chassis roller dynamometer stands out as one of the most 

versatile and widely adopted tools, enabling controlled, reproducible, and 

cost-effective evaluations of vehicle performance. However, the accuracy and 

reliability of results obtained on chassis dynamometers depend strongly on a 
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variety of influencing factors that are not trivial to manage. For instance, the 

manner in which a vehicle is restrained on the test bench can significantly 

affect the measured traction forces, while the rolling resistance on the dyna-

mometer may differ considerably from that experienced on the road due to 

roller size, tire behavior, and thermal effects. 

It was emphasized that testing on a chassis dynamometer requires additional 

corrections so that the results would be more relevant to the corresponding 

road driving tests. The chassis dynamometer itself, however, creates an "en-

vironment" that adversely influences the experimental results. Depending on 

the focus of the investigations in a test bench facility, there is usually a conflict 

of objectives. 

A study was made in (Brace et al., 2009) to investigate the influence of altering 

some test conditions of a chassis dynamometer on fuel consumption. In the 

chassis dynamometer setup, some factors significantly influenced the fuel 

consumption measurement, such as pedal operating, speed error, vehicle 

alignment, tire type, tire pressure, and the simulated vehicle mass. According 

to (Sato et al., 2010) tire loss is the major contributor to vehicle mechanical 

losses in fuel economy tests on roller dynamometers. The tire losses are most 

significant at speeds less than 40 km/h. 

Another issue is the conflict between acoustics experiments and controlling 

the climatic conditions of the chassis dynamometer test bench. The test con-

cept for acoustic examinations of the test vehicle requires minimizing the 

noise from the test bench (Pillas, 2017). According to (Martyr & Plint, 2012), 

heating and distortion effects may damage tires used even for a short time 

on rolling roads. As a solution, some dynamometer systems would be 

equipped with tire-cooling systems to reduce tire damage, as investigated by 

(Nakajo & Tsuchiya, 2009). Nevertheless, the operating of an extensive air 

conditioning system would significantly impact acoustics (Pillas, 2017). It was 

shown in (Hendrick et al., 2003) that even different retaining methods affect 

the acoustic signature and the noise level of the test vehicle in various 

amounts. 
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3.2.1 Effect of the restraining point height on the maximum 
transmissible traction force 

A fundamental component in the chassis dynamometer apparatus is the ve-

hicle fastening system, which holds the test vehicle over the rollers. The vehi-

cle is aligned on the rollers with a particular retention system. Moreover, re-

straining the test vehicle with conventional securing via straps or chains 

substantially affects the test results (Nehlsen et al., 2006; Pillas, 2017). Alter-

natively, the vehicle may be tied to the rear of the trailer hitch or a towing 

lug. This bondage does not establish any constraints to the vertical axis, how-

ever, it should be sufficiently stiff in dynamic operations to prevent displace-

ments during the test course (Hendrick et al., 2003; Nehlsen et al., 2006; Pil-

las, 2017). Two types of retaining the test vehicle on a chassis dynamometer 

are examined by (Hendrick et al., 2003): The typical strap tie-down restraint 

and an adjustable barrier/corner restraint. The second type is shown in Figure 

3.1. The advantage of employing the barrier/corner design over other types 

is their minimal effect on the vehicle dynamics. Moreover, they add no addi-

tional loading to the tires, from the restraint system. Also, the test vehicle 

may be accurately centered on the rollers 

 

Figure 3.1: Adjustable barrier/corner restraint (Hendrick et al., 2003). 

The maximum transmissible force between the driven wheels and the roller 

depends on many factors, such as the restraining points’ heights of the vehicle 
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compared to the location of the vehicle’s center of gravity, as proven in (Pillas, 

2017). The free body diagram in Figure 3.2 demonstrates the forces acting on 

the test vehicle when using the rear restraint type to avoid introducing addi-

tional vertical load on the tires. For convenience, the analysis of the dynamic 

influences of testing on the chassis dynamometer is performed for the Mer-

cedes A-Class test vehicle. By forces and moments equilibrium, the vertical 

loads on the front axle (Fz,f) and rear axle (Fz,r) are described in equation (3.3) 

𝐹𝑧,𝑓 = 𝑚 𝑔
𝑆𝑟
𝑙𝑤
− 𝐹𝑟𝑒𝑠𝑡  

ℎ𝑟𝑒𝑠𝑡
𝑙𝑤

, where 𝐹𝑟𝑒𝑠𝑡 = 𝐹𝑥,𝑓 + 𝐹𝑥,𝑟 

𝐹𝑧,𝑟 = 𝑚 𝑔
𝑆𝑓

𝑙𝑤
+ 𝐹𝑟𝑒𝑠𝑡  

ℎ𝑟𝑒𝑠𝑡
𝑙𝑤

 

(3.3) 

 

 

Figure 3.2: Free body diagram of a restrained vehicle (Alhanouti & Gauterin, 2023b). 

The traction force on the front axle (Fx,f) is calculated by dividing the driving 

moment at the front axle by the effective dynamic rolling radius (re). The static 

friction coefficient (μh) between rollers and tires is assumed to equal 1, and 

the height of the vehicle’s center of gravity (h) is determined experimentally 

equal to 0.3 m. The maximally transmissible force of the front axle (AV,max) is 

achieved as in equation (3.4). By varying restraint height (hrest) and Frest, we 

get the corresponding AV,max values, demonstrated by a plane in Figure 3.3. 

On the other hand, the demanded driving force (Fx) that equals the driving 

moment (Mdrive) divided by the effective rolling radius (i.e., Fx = Mdrive/re, is a 

linearly increasing surface independent of hrest. At the end the intersection 
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between the AV,max and Fx surfaces, identify the range of reachable traction 

force for a specific μh 

𝐴𝑉,𝑚𝑎𝑥 = 𝜇h 𝐹𝑧,𝑓 = 𝜇h (𝑚 𝑔
𝑆𝑟
𝑙𝑤
− 𝐹𝑟𝑒𝑠𝑡  

h𝑟𝑒𝑠𝑡
𝑙𝑤

). (3.4) 

 

If the driving moment exceeds the traction potential of the axle, the wheels 

begin to spin. Furthermore, the vertical loads of the front axle decrease with 

increasing either hrest or Fx. While it increases for the rear axle drive, as proven 

in (Pillas, 2017). In addition, the driving resistance force must be accurately 

reproduced on the test bench to match the real environment driving 

 

Figure 3.3: Estimating the maximum transmissible drive force corresponding to hres by the front-

drive wheels of Mercedes A-Class test vehicle when mounted on the chassis dynamometer, the 

friction coefficient between rollers and tires is assumed to be equal to 1 (Alhanouti & Gauterin, 

2023b). 
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High slipping between the tire and roller will occur when the driving moment 

exceeds the traction potential. If the slip exceeds a critical slip value, the coat-

ing material of the roller and the tire surface will wear faster, so more errors 

will occur in the test results (Baker & Presnell, 2006; Pillas, 2017). The conse-

quence would be decreased adhesion between the tire and the roller. There-

fore, the driving moment must always be maintained at less than the maxi-

mum transmissible force depending on the normal force and the adhesion 

coefficient. In other words, the frictionally engaged contact between the tire 

and the roller can critically limit the range of mobility in dynamic driving ma-

neuvers. Therefore, this incident must be avoided to prevent damaging the 

coating of the roll surface and the attached tire. Figure 3.4 shows how much 

friction influences the traction force capacity. For hrest = 0.3 m, the maximum 

Fx is diminished from 5015 N to 3775 N by reducing μh from 1 to 0.7 

 

Figure 3.4: Effect of reducing μh on Fx (Alhanouti & Gauterin, 2023b). 
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3.2.2 Evaluation of the energy consumption testing on roller 
dynamometer test benches 

The evaluation is made using the Mercedes A-Class test vehicle’s experi-

mental results from the New European driving cycle (NEDC) and WLTP2 driv-

ing cycles. The restraint used in this experiment is shown in Figure 3.5. It also 

does not restrict the wheels loads changes during driving and braking. This 

feature helps to evaluate the testing results with the influence of the restraint 

system. The vehicle’s center of gravity height (h) is estimated at 0.3 m, while 

the restraint point (hrest) height equals 0.3 m 

 

Figure 3.5: Mounting the test vehicle on the roller dynamometer test bench (Alhanouti & 

Gauterin, 2023b). 

3.2.2.1 NEDC and WLTP2 driving cycle results from the dynamometer 

test bench 

The first performed driving cycle was the NEDC. It can be seen from Figure 3.6 

that the reference speed was tracked with a good performance with a root 

mean square error of 1.2168 km/h. The validated model for the VUT, devel-

oped earlier in Section 2.3, would be of great advantage in assessing the plau-

sibility of the test measurement results. It can be seen from Figure 3.7 that 

the total reaction forces on the rollers attached to the front tires (correspond-

ing to Fx,f and Fx,r in Figure 3.2) reach comparatively lower positive values than 

the expected values from the VUT model during acceleration. While braking, 

the force behavior matches the expectations from simulated street driving of 
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the VUT. The divergence between the measured and the simulated forces is 

ascribed to the fact that the influence of the rolling resistance force of the 

tires is not captured in the measurements 

 

Figure 3.6: NEDC cycle tracking performance (Alhanouti & Gauterin, 2023b) 

 

Figure 3.7: Traction force simulation of the front axle wheels of the VUT model (Fd) vs. the 

actual force measurements on the roller test bench for the NEDC cycle (Alhanouti & Gauterin, 

2023b). 
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Correspondingly, the mechanical power measured from the test bench sys-

tem (PTrac,Dyno), which is determined by multiplying the measured traction 

force with the measured vehicle’s speed, has relevant mismatches with the 

street driving estimated mechanical power at the wheels (PMech,Street) of the 

same driving cycle estimated by equation (2.2), as shown in Figure 3.8. The 

test bench automation system is calibrated by executing a group of coast-

down tests on the VUT prior to the desired maneuver tests. Nevertheless, this 

did not change the fact that the VUT underwent different driving resistances 

than street driving, which dictates the need to implement specific corrections 

on the dynamometer test bench results to simulate the corresponding street 

driving maneuvers. It is worth mentioning that high slipping between the tires 

and rollers was observed during the experimental test period from 894 to 

1160 seconds, which is expected to cause an error in power estimation for 

the high-speed part of the cycle 

 

Figure 3.8: A comparison between the estimated mechanical power (PMech,Street) with the 

estimated traction power from the roller dynamometer (PTrac,Dyno) test bench for the NEDC 

driving cycle test (Alhanouti & Gauterin, 2023b). 

Next, the WLTP2 test is performed on the same car. This test was explicitly 

chosen because it has a lower maximum speed (85 km/h) than the NEDC cycle 

(120 km/h). Moreover, WLTP2 is more dynamic than the NEDC cycle. 
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Consequently, the slipping due to high speed would be reduced in this ma-

neuver, and the acceleration influence on the slip (due to the more dynamic 

course at lower speeds) could be emphasized. Figure 3.9 shows the speed 

tracking performance accuracy for the WLTP2 reference driving cycle, which 

was also performed well with a root mean square error of 0.9786 km/h. Fig-

ure 3.10 illustrates the measured reaction force from the test bench and the 

expected traction force for the validated VUT model for street driving simula-

tion. Since the test bench reacted the same way as it did with the NEDC cycle, 

the diagram for comparing the power for the WLTP2 cycle is excluded here 

 

Figure 3.9: WLTP2 cycle tracking performance (Alhanouti & Gauterin, 2023b). 

It was shown in (Pelkmans & Debal, 2006) that significant divergences exist 

between the on-road emissions and fuel consumption measurements and the 

driving cycles’ measurements on the chassis dynamometer. It was also proven 

in (Baker & Presnell, 2006) that slip at the contact point between the vehicle’s 

tires and the dynamometer’s rollers leads to unmanageable inconsistency in 

emission measurements. While tightening the vehicle restraints may increase 

emissions and energy consumption. A conclusion was made in (El-Sharkawy, 

2007) that the uncertainty in determining the road load coefficients, i.e., 
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typically the so-called ABC factors, will significantly affect the reliability of the 

test measurements for the vehicle system. In addition, a comparison was 

made in (Duarte et al., 2016) between the on-road data and the measured 

fuel consumption and pollutant emission from the roller dynamometer for 16 

different vehicles. The comparison criteria were based on the vehicle’s spe-

cific power and portable emission measurement systems. The vehicles under 

test underwent the NEDC and WLTP-class three (WLTP3) driving cycles on a 

chassis roller dynamometer. The results show significant differences between 

street and driving cycle measurements, especially for internal combustion en-

gine vehicles 

 

Figure 3.10: Traction force simulation of the front axle wheels of the VUT model (Fd) vs. the 

actual force measurements on the roller test bench for the WLTP2 cycle (Alhanouti & Gauterin, 

2023b). 

As a final point, it must be indicated that chassis dynamometers are continu-

ously moving away from being employed as certification tools, development 

platforms for calibration, or system optimization and validation tasks (Mayyas 

et al., 2013; Paulweber & Lebert, 2016; Pfister et al., 2009). 
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3.2.2.2 Improving the results from the roller dynamometer test bench  

It was previously presented that there are several limitations and sources of 

errors when testing with the chassis dynamometer. The slip is the major prob-

lem that caused the substantial mismatch between the expected and the 

measured energy consumption. Therefore, an analytical study and additional 

adjustments are proposed in the tire model in this section to interpret the 

deviation of the actual testing measurements on chassis dynamometers from 

the expected results from street driving. So, to compensate for this differ-

ence, the additional power calculated from the rolling resistance model in 

equation (2.10), i.e., FRVx valid for the flat road surface, with the correction 

equation (3.2) is added to the results of the roller test bench, i.e., PMech,Dyno = 

(DYNO Measured force + FRR) Vx, valid for simulating driving resistance of the 

flat road surface, given the roller dynamometer test measurements. Conse-

quently, the estimated mechanical power from the roller dynamometer leads 

to very well-matching results with the simulation of the VUT model, as 

demonstrated in Figure 3.11 

 

Figure 3.11: A comparison between the estimated mechanical power (PMech,Street) with the 

estimated mechanical power from the roller dynamometer (PMech,Dyno) test bench for the WLTP2 

driving cycle test, the additional power due to rolling resistance is considered (Alhanouti & 

Gauterin, 2023b). 
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Therefore, the proposed power estimation models of the street driving and 

the roller dynamometer should have analogous results when estimating the 

total power consumption, Pin, determined from equation (2.83), as Figure 

3.12 and Figure 3.13 show 

 

Figure 3.12: A comparison between the simulated total power in the street driving (PStreet) with 

the estimated total power from the roller dynamometer test bench (PTotal,Dyno) for the NEDC 

driving cycle test, the additional power due to rolling resistance is considered (Alhanouti & 

Gauterin, 2023b). 

The root mean squared error concerning Pins between the test bench with re-

spect to the street driving estimation concerning the VUT model is deter-

mined for both NEDC and WLTP2 tests. The RMSE results for the NEDC and 

WLTP2 tests are 1.693 kW and 1.156 kW, respectively 
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Figure 3.13: A comparison between the simulated total power in the street driving (PStreet) with 

the estimated total power from the roller dynamometer test bench (PTotal,Dyno) for the WLTP2 

driving cycle test, the additional power due to rolling resistance is considered (Alhanouti & 

Gauterin, 2023b). 

3.3 A proposed approach for estimating the 
friction between the tire and the roller 

The classical road load simulation (RLS) is calculated with only three constant 

parameters: A, B, and C, attained from the test vehicle’s coast-down test (R. 

Bauer, 2011b; Maschmeyer et al., 2016; T. Weber et al., 2014). Furthermore, 

the influences of road inclination, route curvature, acceleration dynamics, 

and ambient conditions, such as temperature and pressure, can be consid-

ered. After getting these parameters, a driving resistance force as a speed 

function is formulated. The attained experimental function is equivalent to 

the driving force Fd in equation (2.2). Thus, standard driving cycles such as 

NEDC and WLTP can be performed using this technique. Moreover, it could 

be employed for evaluating the development goals, such as real driving emis-

sions (RDE) analysis (Lensch-Franzen et al., 2018; Maschmeyer et al., 2016). 

Figure 3.14 demonstrates an exemplary approach for adjusting the driving 
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resistances model of the chassis dynamometer which was proposed in (T. We-

ber et al., 2014). The authors introduced some adjustment factors to repro-

duce the chassis dynamometer’s driving resistances correctly 

 

Figure 3.14: Driving resistances model parametrization approach for curve driving simulation on 

the chassis dynamometer (T. Weber et al., 2014). 

The procedure begins with data acquisition from on-road testing. Next, an 

offline simulation verifies the vehicle model by comparing the coast-down 

test results of actual and simulated values. Finally, an online simulation is ex-

ecuted on the test bench. The scaling factors for the rolling resistance model 

are tuned by a compensation model in the final stage. The adjustment factors 

were verified by comparing the results of the coast-down tests between the 

real-world measurements, simulation results, and test bench measurements. 

The accuracy of the results varied with speed. The maximum error for the 

driving test was about 8 % at a 10 km/h velocity. Nevertheless, the RLS with-

out tire slip considerations causes deviation between the actual driving re-

sistance in the real driving environment and the simulated driving resistance 

on the test bench. For this reason, it is denoted as a non-slip model in some 
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researches (Pillas, 2017). Moreover, acceleration resistance is neglected in 

this approach. This makes it a driving resistance model only for constant or 

slowly changing speeds. 

The authors of (Hendrick et al., 2003) developed a chassis dynamometer with 

a twin roller for each tire and a vehicle longitudinal dynamics model consid-

ering the contact between tire and rollers. By employing a Pacejka tire model 

to simulate the vehicle dynamics, they achieved accurate results compared to 

measured data. However, the error value was substantially higher for a slip-

independent tire model. Mechanical power loss in the tire is the main con-

tributor to vehicle losses in fuel economy tests on roller dynamometers (Sato 

et al., 2010). Consequently, several research works have emphasized devel-

oping detailed dynamic tire models for determining high-resolution power-

train efficiency, such as modeling the tire deformation with a flexible ring 

model that extended with dynamic pressure distribution as it underwent 

high-speed rolling conditions (X. Gao et al., 2021). In another work shown by 

(O’Neill et al., 2022), a brush-type tire model was proposed intending to 

achieve tire behavior similar to Pacejka's model results but using a more 

straightforward approach while considering rubber friction characteristics. A 

relevant work (Yamashita et al., 2015) proposes a hybrid tire model of the 

absolute modal coordinate formulation with the LuGre tire model. One of the 

recent works for a detailed physical model for the contact between the tire 

and a twin-roller was developed in (Lourenço et al., 2023). The creation of this 

model is based on substituting the normal force from the twin roller in a 

Pacejka tire model. However, the rolling resistance increases in case of the 

double contact between the two rollers and traction tire compared to the flat 

contact patch on the road or to a single roller dynamometer (Eckert et al., 

2017; Lourenço et al., 2023). The authors of (Lourenço et al., 2023) validated 

their model with two coast-down tests, starting at 60 km/h and 100 km/h. 

Since there are insufficient thorough tire-roller analytical studies for dynamic 

driving maneuvers, this work investigates the adaptation of different tire 

models to predict the traction force behavior of the tire on the roller of the 

chassis dynamometer test bench. Moreover, the examination proposed in 
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this article concentrates on reproducing the total bench resistance forces for 

both driving and braking cases and modeling the slip tire-roller interactions 

based on different driving cycle maneuvers. 

3.3.1 Friction tire model 

Understandably, tire contact with the roller is an important matter when 

modeling the vehicle's dynamic behavior. Hence, it is highly relevant for ac-

curate vehicle dynamic simulation models. Therefore, the tire contact on the 

bench must be analyzed thoroughly for chassis benches (Hendrick et al., 

2003). The tires of the drive wheels are placed on the rollers and are engaged 

with the rollers by means of friction forces. Therefore, regarding constraints 

and potential sources of error, the chassis dynamometer directly influences 

the measurement results. These mainly concern the measurement of losses 

in the drive train and tires, such as the rolling resistance of the tire mounted 

on the roller differs significantly from its actual value on the flat road. Fur-

thermore, there is a clear difference between running it on rollers of different 

diameters (Martyr & Plint, 2012), since the rollers’ size affects the rolling re-

sistance significantly (Pexa et al., 2020). Moreover, in the same study, other 

influential quantities on the rolling were also investigated for each roller size: 

vertical load, angular speed, and inflation pressure. The results showed that 

the smaller the roller size, the more sensitive the rolling resistance would be 

to changing other quantities. 

Friction is a complex interaction between the surface and the near-surface 

regions of two bodies moving relative to each other. The tire dynamic friction 

model (Canudas-de-Wit et al., 2003; de Wit et al., 1995; de Wit & Tsiotras, 

1999) combines the Dahl model (Canudas-de-Wit et al., 2003) with steady-

state friction characteristics, which comprises both the tire’s transient and 

steady-state behavior. In addition, the authors developed an ordinary differ-

ential equation called the LuGre model (de Wit et al., 1995), a surface- and 

velocity-dependent model on the contact patch length (L) between the tire 

and the ground to approximate the distributed friction model, as represented 
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in Figure 3.15. The model simulates several longitudinal tire friction phenom-

ena, such as the Stribeck effect, spring-like characteristics, and stick-slip mo-

tion 

 

Figure 3.15: Normal load distribution along with the contact patch (Guo & Ren, 1999). 

As shown in Figure 3.16, the Stribeck effect (Lantos & Márton, 2011) appears 

as a drop in the forces at low speeds, where V represents the relative tangen-

tial velocity between the surfaces in contact. A Stribeck relative velocity pa-

rameter shapes the Stribeck curve, i.e., the velocity of the tire surface relative 

to the velocity of the tire’s body, as defined in equation (3.5), shapes the 

Stribeck curve. Moreover, it incorporates the tire’s longitudinal lumped stiff-

ness factor (σ0) and a viscous damping factor relative to the longitudinal 

speed (σ2). This tire model also includes a viscous damping term (g(s)) as a 

function of longitudinal slip (s), static friction coefficient (μh), Coulomb friction 

coefficient (μc), and the Stribeck relative velocity (vs). vs describes how the 

coefficient of friction between two surfaces decreases as the relative sliding 

speed increases. This behavior is most noticeable in low-speed or near-stic-

tion conditions and can lead to nonlinear and hysteretic friction behavior. vs 

is manually tuned in this work to enhance the fitting between the simulated 

and measured forces. The model proposed in (de Wit et al., 1995) distin-

guishes between driving and braking modes based on the relative speed (vr). 

The slip (s) is defined according to (de Wit et al., 1995) as in equation (3.6). 
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The wheel rotational speed (ω) is evaluated by the proposed model previ-

ously in Section 2.3. After that, the driving mode, i.e., driving, braking, or 

standstill modes, are classified according to the test car traction force meas-

urements. Since the slip estimation is more extensively defined in Pacejka’s 

model (Section 2.1.2) than in equation (3.6), the slip defined in equation 

(2.28) will be employed instead 

 

Figure 3.16: Static and kinetic friction models (Lantos & Márton, 2011). 

𝑣𝑟 = 𝑟𝑒𝜔 − 𝑉𝑥  (3.5) 

  

𝑠 =

{
 
 

 
 𝑠𝑑 = 1 −

𝑉𝑥
𝑟𝑒𝜔

 , 𝑓𝑜𝑟 𝑑𝑟𝑖𝑣𝑖𝑛𝑔

𝑠𝑏 =
𝑟𝑒𝜔

𝑉𝑥
− 1, 𝑓𝑜𝑟 𝑏𝑟𝑎𝑘𝑖𝑛𝑔 .

 (3.6) 

 

The uniform load LuGre friction model is described with the equations (3.7) – 



3.3 A proposed approach for estimating the friction between the tire and the roller 

85 

(3.8) for driving mode, and the equations (3.9) – (3.10) model the tire friction 

in the braking mode (Canudas-de-Wit et al., 2003) 

𝐹𝑑(𝑠) = (sgn(𝑣𝑟) 𝑔(𝑠) (1 +
𝑔(𝑠)

𝜎0𝐿|𝑠𝑑|
(e

−
𝜎0𝐿|𝑠𝑑|
𝑔(𝑠) − 1)) + 𝜎2 𝑟𝑒𝜔 𝑠𝑑)𝐹𝑧 (3.7) 

  

𝑔(𝑠) = 𝜇𝑐 + (𝜇ℎ − 𝜇𝑐) e
−⌊
𝑟𝑒𝜔 𝑠𝑑
𝑣𝑠

⌋
0.5

 

 
(3.8) 

𝐹𝑏(𝑠) = (sgn(𝑣𝑟) 𝑔(𝑠)(1 +
𝑔(𝑠)|1 + 𝑠𝑏|

𝜎0𝐿|𝑠𝑏|
(e

−
𝜎0𝐿|𝑠𝑏|

𝑔(𝑠)|1+𝑠𝑏| − 1)) + 𝜎2 𝑉𝑥 𝑠𝑏)𝐹𝑧 

 

(3.9) 

𝑔(𝑠) = 𝜇𝑐 + (𝜇ℎ − 𝜇𝑐) e
−⌊
𝑉𝑥 𝑠𝑏
𝑣𝑠

⌋
0.5

  

 
(3.10) 

The tire’s contact patch differs for roller contact (LLT) than for flat surface con-

tact (LLE), as shown in Figure 3.17. The ratio between the two cases is also 

estimated in (Unrau, 2013) with a correction factor eCα, as shown in equation 

(3.11). This concept is employed in this work to estimate the variable (L) in 

equations (3.7) and (3.9), which enables comparison between testing on-road 

and the dynamometer rollers 

 

Figure 3.17: Effect of roller geometry (Unrau, 2013). 
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In this work, the LuGre model parameters μh, μc, vs, and LLE are set to 1.29, 

0.93, 3.72 m/s, and 0.2 m, respectively, according to (Canudas-de-Wit et al., 

2003). Based on (Unrau, 2013), a tire pressure of 2.2 bar and 100% load ac-

cording to the ETRTO standards, the correction factors eFR and eCα are deter-

mined as 0.52 and 0.10, respectively. Then, equation (3.11) determines the 

LLT value corresponding to the given LLE value. A relevant work (Yamashita et 

al., 2015) proposed a hybrid tire model, which combines an absolute nodal 

coordinate formulation with the LuGre tire model. It was also proved that the 

LuGre model is very efficient in modeling braking behavior, especially in ex-

treme maneuvers. Two tire models are employed in (Yamashita et al., 2015); 

one for driving and the other for braking 

𝐿𝐿𝐸
2

𝐿𝐿𝑇
2 = 1 + 𝑒𝐶𝛼

𝑟

𝑅𝑟
 . (3.11) 

 

The LuGre model in this work is implemented for driving and braking but with 

different parameters. Then, the parameters σ2 and σ0 are manually tuned to 

0.2 s/m and 210 m-1, respectively, until the best fitting between the experi-

mental and simulated power consumption is achieved for the driving part of 

the maneuver. Next, by tuning the braking part of the LuGre model, it is found 

that only by reducing σ0 to 130 m-1 and using the same parameters as for the 

driving part, an accurate estimation of the braking dynamic is achieved. 

3.3.2 Influence of the roller on the temperature of the tire 

The tires can heat up severely during dynamic test runs, which must be mon-

itored during the test run (Pillas, 2017). Furthermore, solving the paradox of 

avoiding additional vertical load by the employed restraint type and excessive 

slip between the tire and the roller is still a challenging issue. So, the rolling 

resistance model, i.e., equations (2.7) – (2.10), is employed to compare the 

estimated rolling resistance for street driving and the tire rotating on the 

roller simulation. For the dynamometer testing simulation, LLT is used instead 

of LLE in equations (3.7) and (3.9), and then correction in equation (3.2) is 
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applied. There is also a noticeable increase in the rolling resistance in the dy-

namometer simulation compared to the street driving simulation by 15%, 

which leads to more heating for the tires by roller dynamometer testing, as 

shown in Figure 3.18 and Figure 3.19 

 

Figure 3.18: Simulated rolling resistance and its corresponding tires’ temperature during the 

NEDC cycle (Alhanouti & Gauterin, 2023b) 

 

Figure 3.19: Simulated rolling resistance and its corresponding tires’ temperature during the 

WLTP2 cycle (Alhanouti & Gauterin, 2023b). 
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The proposed simulation model estimates the test tire’s friction forces and 

the slip between the tire and the roller, enabling accurate estimation of the 

actual energy consumption on the roller dynamometer test bench. Further-

more, it estimates some essential physical properties during the testing pro-

cess, such as the tire’s temperature, which can help to monitor these quanti-

ties if the relevant measurement technologies are unavailable. 

3.3.3 Validation of the enhanced power estimation model 
for the roller dynamometer measurements 

It is then desired to assess to which extent the direct measurements of the 

electrical power consumption from the VUT battery on the roller test bench 

may be estimated based on the direct force and speed measurements in com-

bination with other simulated driving resistances and power losses. These re-

sults are shown for both NEDC and WLTP2 driving cycle tests in Figure 3.20 

and Figure 3.21, respectively. The mechanical power (Pmech) is calculated by 

multiplying the vehicle’s measured speed with the measured traction force. 

Then the total power (PTotal,Dyno) is determined using equation (2.83). Obvi-

ously, the most considerable divergence occurred in the higher-speed parts 

of the tests, as shown in Figure 3.20(a). At the same time, the errors are dis-

tributed along the WLTP2 test in Figure 3.21(a). On the other hand, the actual 

braking impact on the VUT was less than expected. These differences be-

tween the actual and the estimated results are ascribed to the excessive slip-

ping of the tires on the rollers. As a result, Figure 3.20(b) and Figure 3.21(b) 

indicate that the battery power consumption during acceleration is higher 

than the estimated total, which is attained from the measured mechanical 

power then adding the power losses according to equation (2.83), as demon-

strated in Section 3.2.2.2. Moreover, some measured power pinpoints in the 

positive range are not captured in the force measurements, which made them 

unpredictable for the model. These observations indicate that the testing on 

the roller dynamometers causes higher energy consumption than expected. 

This deviation is attributed to insufficient measured entries for the model. 

Only two actual measured quantities are provided by the test bench: The 



3.3 A proposed approach for estimating the friction between the tire and the roller 

89 

traction force on each tire FxW, and the rollers’ rotational speed, which is used 

to estimate the vehicle’s speed. So, there is no physical measurement system 

for the tires. These form sources of inaccuracy in the estimation results no 

matter how detailed and precise the model is. For instance, it is well-estab-

lished that tire rolling resistance can only be adequately measured with spe-

cialized apparatus (Ejsmont & Owczarzak, 2019). It is then expected to have 

some errors from the rolling resistance model equation (2.10) due to inaccu-

rate entries, such as the actual vehicle speed Vx 

 

Figure 3.20: A comparison between the measured electrical power from the VUT battery 

(PBattery) with the estimated total power consumption from measurements of the roller 

dynamometer test bench (PTotal,Dyno), corresponding to the NEDC driving cycle test. 

Despite these, Figure 3.20(c) displays a very good match between the meas-

ured PBattery and estimated PTotal,Dyno, with ρX,Y of 0.951 for the NEDC cycle, and 

a correlation of 0.976 for WLTP2 driving cycle, as shown in Figure 3.21(c). The 

error in Figure 3.20(a) is more significant at the last part of the NEDC, where 

the speed is higher than the rest of the test and the expected negative braking 
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power is, mostly, more extensive than the measured. These lead to RMSE 

readings of 3.534 kW for NEDC and 2.161 kW in the case of the WLTP2 test. 

The errors also appeared as differences in power allocations between PBattery 

and PTotal,Dyno in Figure 3.20(b) and Figure 3.21(b). Consequently, there are un-

symmetric error distributions that are shifted more to the positive error por-

tion, as illustrated in the probability density function (PDF) (Montgomery & 

Runger, 2010) analyses of the measured and simulated signals for the NEDC 

cycle in Figure 3.20(d). The PDF exhibits a distribution with its peak located 

near zero. The relatively narrow spread of the distribution reflects low incon-

sistency in the residuals, suggesting that the model maintains consistent ac-

curacy throughout most of the driving cycle 

 

Figure 3.21: A comparison between the measured electrical power from the VUT battery 

(PBattery) with the estimated total power consumption from measurements of the roller 

dynamometer test bench (c), corresponding to the WLTP2 driving cycle test. 

However, a clear difference in peaks between the measured and simulated 

power curves is ascribed to the difference between the simulation and the 

measurements, especially at the last part of the NEDC cycle. The limited 
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presence of extreme deviations, indicated as the short tails of both curves, 

further confirms that large errors occur infrequently, emphasizing the overall 

reliability of the simulation. 

In summary, the PDF analysis demonstrates that the simulated NEDC signal 

reproduces the measured data with high fidelity, capturing the primary trends 

and magnitudes effectively. Nonetheless, further development of the model 

is still necessary to improve the matching with the expected results. In com-

parison, the PDF in the case of the WLTP2 test, shown in Figure 3.21(d), 

demonstrates a better fitting between the simulated and measured signals. 

The distributions are also placed near zero and show that the simulation 

closely replicates the measured behavior. The PDF of the estimated power is 

relatively narrow spread, reflecting consistent performance, while the ab-

sence of significant tails suggests few large deviations. 

3.3.4 Validation of the proposed power consumption model 

Figure 3.22 shows that employing the LuGre model with the proposed adjust-

ments accurately predicts the instantaneous power for the NEDC cycle test. 

The matching between the proposed model and the measured data is evident 

in Figure 3.22(a)-(d). Moreover, the errors from the high slipping period from 

894 to 1160 seconds (see Figure 3.8) are reduced significantly compared to 

the results from the street model, as shown by the reduced difference in 

power distribution in Figure 3.22(b) and the correlation in Figure 3.22(c) that 

reached about 0.99 and RMSE of 1.454 kW. The difference between the meas-

urements and the estimated signals is shown in Figure 3.22(d). The PDF dis-

tribution is concentrated around its peak, which lies close to zero, indicating 

that the simulation results align closely with experimental observations and 

exhibit minor errors on the positive side. The narrow width of the curve re-

flects low variability in the error magnitude, confirming that the simulation 

maintains high precision and stability across different operating conditions 

within the NEDC cycle. Furthermore, the short and well contained tails 

demonstrate that large discrepancies between the simulated and measured 
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signals are infrequent. Nonetheless, slight deviations are observed between 

the peaks of the measured and estimated power profiles, as well as noticea-

ble differences in the positive range 

 

Figure 3.22: A comparison between the measured electrical power from the VUT battery 

(PBattery) with the estimated total power consumption using the proposed LuGre model (PLuGre) 

using the speed measurement, corresponding to the NEDC driving cycle test. 

In addition, the negative power part, representing the braking mode, is better 

matching the measured values. Subsequently, the overall results in Figure 

3.22 demonstrate a substantial improvement compared to the performance 

in Figure 3.20. Likewise, Figure 3.23 illustrates the similarity between the ac-

tual measurements from the WLTP2 test and the simulated results from the 

proposed model. The correlation in Figure 3.23(c) is about 0.984, and the 

RMSE reached about 1.393 kW. The estimated PDF in Figure 3.23(d) displays 

a sharp and symmetrical peak located near to zero and shows that the 
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simulated data is closely match the measured with some difference between 

the peaks 

 

Figure 3.23: A comparison between the measured electrical power from the VUT battery 

(PBattery) with the estimated total power consumption using the proposed LuGre model (PLuGre) 

using the speed measurement, corresponding to the WLTP2 driving cycle test. 

The narrow spread of the PDF indicates that the majority of errors are small 

in magnitude, reflecting a high degree of consistency and stability across the 

entire driving cycle. Nonetheless, slight divergences are still present due to 

the uncertainty of the slip quantity between the tires and the rollers. These 

values confirm the significant improvement in power estimation accuracy, 

which complies with the observations in Figure 3.20 – Figure 3.23. Figure 3.24 

demonstrates the proposed model for the total power estimation process of 

the VUT under the chassis dynamometer testing conditions. The road inclina-

tion and the cornering resistance forces are not taken into account in this 
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model, since the focus is on estimating energy consumption during standard 

driving cycles. 

 

Figure 3.24: Integrated full vehicle model in the roller dynamometer (Alhanouti & Gauterin, 

2023b) 

3.4 Conclusion 

Chassis roller dynamometers, which are still widely used in industry, provide 

an accessible and versatile platform for vehicle testing. Yet their limitations, 
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such as the influence of restraint systems on measured traction forces, dis-

crepancies in rolling resistance compared to flat-road driving, and thermal ef-

fects on tire-roller interactions, must be carefully understood and addressed. 

Developing improved methods for quantifying these effects and refining 

power estimation models ensures that roller-based testing delivers results 

that are both reliable and transferable to real-world conditions. 
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4 Vehicle-in-the-loop test bench (VEL) 

In order to obtain meaningful test results on the roller test bench, specific 

arrangements and corrections are to be made, as elaborated in Chapter 3. 

However, applying the simulated driving resistance directly to the wheel hub 

is a more suitable solution to avoid the dynamometer dynamic effects on the 

test vehicle. So, the loading machines will be directly connected by side shafts 

to the vehicle’s powertrain (R. Bauer, 2011a, 2011b). This configuration con-

nects the vehicle’s powertrain to the loading machines through side shafts, 

enhancing test stability and allowing the powertrain to operate inde-

pendently while interfacing with electrical load units (Nehlsen et al., 2006). 

Such powertrain test benches are effective in reproducing dynamic driving 

scenarios and serve as valuable tools for developing and evaluating advanced 

driver assistance systems. For example, (R. Bauer, 2011a, 2011b) proposed a 

control concept capable of simulating varying road surface conditions, includ-

ing dry, wet, and icy surfaces, with successful validation through anti-lock 

braking system (ABS) testing on mixed-friction patches. However, realistic tire 

modeling remains essential to represent tire-road interactions accurately. To 

address this, (S. Weber et al., 2017) introduced an empirical method optimiz-

ing Pacejka tire parameters to correlate test bench outcomes with real-road 

behavior. 

4.1 VEL test bench 

Figure 4.1 depicts the Vehicle-in-the-loop (VEL) testing system, designed to 

reproduce the effects of real-world driving environments by reproducing tire 

driving resistances. The configuration allows for a direct mechanical connec-

tion between the VEL setup and the vehicle’s wheel hubs, ensuring high-fidel-

ity interaction between simulated and physical dynamics 
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Figure 4.1: Vehicle-in-the-loop1 (Alhanouti & Gauterin, 2023a). 

The VEL platform integrates two primary actuator types. The first consists of 

four electrical loading machines labeled as (1) in Figure 4.1, responsible for 

applying resistance moments corresponding to the desired driving maneuver 

around each wheel’s rotational axis. The second set includes two servo mo-

tors, labeled as (2) in Figure 4.1, which simulate the self-aligning torque on 

the front wheels. Additionally, an airstream simulator, marked as (3), repro-

duces environment wind speed effects, providing both thermal cooling. This 

configuration allows for both straight-line and cornering tests to be con-

ducted in controlled laboratory settings. Adjustable track width and wheel-

base accommodate diverse vehicle geometries (El-Haji, 2016). The technical 

data of the VEL test bench are listed in Table 4.1. As shown in Figure 4.2, the 

front-left wheel carrier assembly features two movable support plates and a 

shaft with constant-velocity (CV) joints at both ends, allowing steering motion 

under power transmission. In addition, real-time self-aligning torque MzW 

generation enhances dynamic accuracy in curve simulations (Diewald et al., 

2021) 

 
1 https://www.fast.kit.edu/lff/4667.php, retrieved 01.11.2021 

https://www.fast.kit.edu/lff/4667.php
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Figure 4.2: Vehicle-in-the-loop, Front-left part schematic. 

Table 4.1: Technical specification data of VEL test rig (Alhanouti & Gauterin, 2023a) 

Element Value Unit 

Maximum allowable vehicle mass 12000 kg 

Maximum allowable wheel load 3000 kg 

Wheelbase range  1.8 – 4.9 m 

Vehicle’s track width range 1.2 – 3.9 m 

Maximum speed of the loading machine motor 2000 RPM 

Nominal loading machine torque 2500 Nm 

Nominal loading machine power 209 kW 

Steering angle range at the front wheels ± 20 degree 

Maximum steering load torque at the front wheels 1000 Nm 

Maximum air speed of the portable airstream simulator 135 km/h 

 

In this chapter, a multi mass model for the integrated system from the power-

train of the test vehicle and the mechanical part of the VEL test bench is 
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derived. Moreover, the developed model will be employed in designing dif-

ferent angular speed control algorithms. Then, all control alternatives will be 

thoroughly investigated in both frequency and time domains. The evaluation 

criteria of the different controllers will be mainly based on performance, ro-

bustness, and reference signal tracking. This part of the chapter, includes in 

Section 4.2, and Sections 4.3.1 – 4.3.6 reproduces the material from 

(Alhanouti & Gauterin, 2023a), with minor modifications for clarity. After 

that, a moment controller will also be employed with the best control algo-

rithm. Finally, the completed system of the powertrain system with the cou-

pled parts from the VEL test bench and the selected controllers will enable 

realistic driving maneuvers on the VEL test bench. 

4.2 Modeling of VEL test bench 

The overall system model integrates the powertrain of the VUT with the me-

chanical subsystems of the VEL test bench. In this configuration, the VUT is a 

front wheel drive electric vehicle, accompanied by a physical model of its 

braking system. Each loading machine is linked to the respective axle and 

wheel hub via a CV shaft, with sensors measuring angular velocity at the ma-

chine and moment at the wheel hub. The electric loading machines generate 

resistance moments transmitted through the VEL drivetrain, as shown in Fig-

ure 4.3. Given the symmetry between left and right front-drive assemblies, 

the model is simplified by analyzing one half of the system for controller de-

sign, later mirrored for both sides. This reduction technique aligns with prior 

modeling methodologies (Fietzek, 2014; Forstinger, 2017). As illustrated in 

Figure 4.4, the plant can be represented as three mass models interconnected 

by two torsional spring-damper systems. The inertial components include the 

combined mass of the loading machine and the CV shaft inertia (JS), the wheel 

hub inertia (JWH), and the axle with half of the equivalent powertrain inertia 

(JPt2W). The elastic couplings, i.e., the CV shaft and the axle, are modeled using 

equivalent stiffness and damping coefficients to reflect shaft flexibility and 

torsional oscillations 



4 Vehicle-in-the-loop test bench (VEL) 

100 

 

Figure 4.3: A complete simulation model of the VEL mechanical power transmission system and 
a front-wheel-drive (Alhanouti & Gauterin, 2023a) 

 

Figure 4.4: Three-mass model (Alhanouti & Gauterin, 2023a). 

The system’s inputs comprise the loading machine’s applied resistance mo-

ment (MM) for speed control and half of the torque at the differential output 

(MSx), where x indicates the left or right side. The angular velocity of the load-

ing machine serves as the system’s primary measured output. Since modern 

gearboxes exhibit high efficiency, backlash losses are considered negligible 

(Forstinger, 2017; Forstinger et al., 2016). However, gear friction, which is 

modeled through combined Coulomb and viscous components, introduces 

nonlinear dynamics and slip effects, necessitating its inclusion in the model 



4.2 Modeling of VEL test bench 

101 

and causing a limited-slip behavior (Forstinger, 2017; Forstinger et al., 2016). 

The friction in the differential gearbox combines Coulomb and viscous friction 

(Fietzek, 2014; Forstinger, 2017; Forstinger et al., 2016). 

The Coulomb friction moment has a constant value (MF0) and a moment-de-

pendent part. The total output moment from the differential equals the vehi-

cle’s motor moment (Me) multiplied by the total gear’s transmission ratio, i.e., 

gearbox transmission ratio (ig) multiplied by the differential transmission ratio 

(iD). This multiplication of quantities, i.e. Me ig iD, is specified by the factor (kM). 

The factor (k∆ω) and the angular speed difference between the differential 

outputs (∆ωD) determine the viscous friction moment portion. Therefore, the 

total gear friction moment (MF), which can be considered a disturbance, is 

described in equation (4.1) 

𝑀𝐹 = (𝑀𝐹0𝑖𝐷 + 𝑘𝑀|𝑀𝑒𝑖𝑔𝑖𝐷|) sgn(∆𝜔𝐷) + 𝑘∆𝜔∆𝜔𝐷 . (4.1) 

 

MF will be distributed equally between the left and right sides of the total 

system model (Forstinger, 2017; Forstinger et al., 2016). Parameter values for 

the front wheel mechanical subsystem of the VEL are summarized in Table 

4.2. In order to create the state space model, the state variables have to be 

specified as follows: 

• The angular speed of the electrical loading machine (ωM), 

• The difference between the loading machine angular position (θM) and 

the wheel hub angular position (θW), 

• The angular speed of the wheel hub (ω), 

• The difference between the wheel hub angular position (θW) and the 

differential gear output angular position (θSx), 

• The angular speed of the differential gear output (ωSx). 

 

Consequently, the states vector is expressed in equation (4.2)  

𝒙𝑇 = [ωM (θM – θW) ω (θW – θSx) ωSx] . (4.2) 



4 Vehicle-in-the-loop test bench (VEL) 

102 

Table 4.2: Parameters of the VEL mechanical parts associated with front wheels (Alhanouti & 

Gauterin, 2023a) 

Element Value Unit Reference 

Powertrain motor inertia (JE) 0.03  kg·m2 (Z. Gao et al., 2019)  

Wheel hub inertia (JWH) 0.464 kg·m2 (Petersen & Starkey, 1996) 

Axle inertia (JAx) 3.7x10-4 kg·m2 (Petersen & Starkey, 1996) 

Differential inertia (JD) 1x10-2 kg.m2 (Z. Gao et al., 2019; Hu et al., 2019; 

Petersen & Starkey, 1996) 

Gearbox inertia (Jg) 0.0524 kg·m2 (Petersen et al., 1996) 

Gearbox transmission ratio (ig) 4 ― Technical datasheet 

Differential transmission ratio (iD) 2.5 ― Technical datasheet 

Loading machine inertia (JM) 0.6  kg·m2 Technical datasheet 

CV shaft inertia (JS) 0.0243 kg·m2 Technical datasheet 

CV shaft stiffness (KS) 171450 Nm/rad Technical datasheet 

CV shaft internal damping (DS) 5.99 Nm.s/rad Technical datasheet 

Axle stiffness (KAx) 7700 Nm/rad (Scamarcio et al., 2020) 

Axle internal damping (DAx) 3.57 Nm.s/rad (Ineichen, 2013) 

Coulomb friction constant (MF0) 0.5 Nm (Forstinger, 2017) 

Friction moment factor (kM) 0.06 ― (Petersen & Starkey, 1996) 

Viscous friction factor (k∆ω) 0.06 ― (Petersen & Starkey, 1996) 

 

ωM is the reference variable, ω and ωSx are estimated quantities, and (θM – 

θW) and (θW – θSx) are correspond to the estimated angular differences be-

tween the loading machine and the wheel hub, and between the wheel hub 

and the differential gearbox, respectively. The controlled plant and the con-

troller in the state space model can be expressed in differential equations 

and in form of matrices. Hence, the model of the system in Figure 4.4 reads 

as in equations (4.3) and (4.4) 
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𝐽𝑇
𝑑𝜔𝑀
𝑑𝑡

= 𝑀𝑀 − 𝐷𝑆(𝜔𝑀 − 𝜔) − 𝐾𝑆(𝜃𝑀 − 𝜃𝑊) 

 

𝐽𝑊
𝑑𝜔

𝑑𝑡
= 𝐷𝑆(𝜔𝑀 − 𝜔) + 𝐾𝑆(𝜃𝑀 − 𝜃𝑊) − 𝐷𝐴𝑥(𝜔 − 𝜔𝑆𝑥) − 𝐾𝐴𝑥(𝜃𝑊 − 𝜃𝑆𝑥) 

 

𝐽𝑃𝑡2𝑊
𝑑𝜔𝑆𝑥
𝑑𝑡

= 𝐷𝐴𝑥(𝜔 − 𝜔𝑆𝑥) + 𝐾𝐴𝑥(𝜃𝑊 − 𝜃𝑆𝑥) − 𝑀𝑆𝑥 −
𝑀𝐹
2

 

 

where 

𝐽𝑃𝑡2𝑊 = 𝐽𝐴𝑥 +
𝐽𝐷𝑖𝐷

2 + (𝐽𝐸 + 𝐽𝑔) 𝑖𝐷
2 𝑖𝑔
2

2
 

 

(4.3) 
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⏟      
𝑩𝒛

𝑧 

𝑦 = [1 0 0 0 0]⏟          
𝑪

𝒙 . 

(4.4) 

 

A is the system’s state space matrix, B1 is the input vector of moment MM, 

which is denoted by u1. B2 is the input vector of moment MSx, represented by 

u2. Bz is the input vector for the disturbance moment MF, denoted by z. and C 

is the output matrix. The electric loading machines are voltage-driven by in-

verters employing field-oriented control (FOC), which allows precise moment 

manipulation (Forstinger, 2017). The response is described by a transfer 
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function from the reference signal to the motor moment (Harnefors & Nee, 

1998; Saarakkala & Hinkkanen, 2014). According to (Forstinger, 2017; 

Harnefors & Nee, 1998), the electrical components add a time delay, which is 

modeled in equation (4.5) as the transfer function Gd(s) 

𝐺𝑑(𝑠) =
𝛼𝑡

𝑠 + 𝛼𝑡
e−𝑠 𝑇𝑑  , (4.5) 

where Td is the time delay, and αt is the bandwidth of the electrical compo-

nents of the VEL test bench. Excessive Td can destabilize the speed control 

loop, particularly when high-frequency dynamics are significant (Forstinger, 

2017; Saarakkala & Hinkkanen, 2014). Therefore, the hardware setup of the 

electrical components should be optimized for small time delays and sudden 

changes in moment dynamics. Measurement delays originating from the in-

cremental encoders further compound the total delay, as indicated in (Saar-

akkala & Hinkkanen, 2014). The working principle of the incremental encoder 

is based on calculating the difference in the measured rotational angle within 

a specific sampling time interval. Thus, significant quantization noise and time 

delay in the measurements are produced from the sampling scheme (Muszyn-

ski & Deskur, 2010). Hence, the measurement time delay is modeled in (Saar-

akkala & Hinkkanen, 2014) as a transfer function M(s) with the measurement 

time delay (Tm). M(s) is modeled in equation (4.6) 

𝑀(𝑠) = e−𝑠 𝑇𝑚 . (4.6) 

 

As discussed in(Saarakkala & Hinkkanen, 2014), the total delay transfer func-

tion GΔ(s) that captures the combined effect of Td and Tm is modeled in equa-

tion (4.7) 

𝐺∆(𝑠) = 𝐺𝑑(𝑠) 𝑀(𝑠) =
𝛼𝑡

𝑠 + 𝛼𝑡
e−𝑠 (𝑇𝑑+𝑇𝑚). (4.7) 
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4.3 Control algorithm 

The detailed nonlinear drivetrain system shown in Figure 4.4 is simplified for 

controller design purposes to a three-mass model represented by a fifth-or-

der linear continuous-time state space formulation. This reduced model cap-

tures the essential torsional dynamics between the motor, shaft, axle, and 

wheel sides and exhibits five poles at 0, -2.65 ± j108, and -41.2 ± j1310, as 

shown in Figure 4.5 

 

Figure 4.5: Poles of the plant (Alhanouti & Gauterin, 2023a). 

The pole at the origin reflects marginal stability, while the complex conjugate 

poles correspond to dominant torsional resonance modes at 108 rad/s and 

1310 rad/s with low damping ratios of 0.0244 and 0.0315, respectively. For 

operating-point analysis, steady-state conditions are defined by zero state de-

rivatives, implying constant rotational speeds and moments with no angular 

acceleration, i.e., the operating point satisfies ẋ = 0. Under these conditions, 

the couplings enforce equal steady-state angular speeds across all inertias, 

and constant torsional deflections arise in the shaft and axle, proportional to 

the applied motor moment and inversely proportional to their stiffness 
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coefficients. At equilibrium, the motor moment exactly balances the external 

load moment at the wheel side, yielding a unique operating point character-

ized by uniform rotational speed, static elastic deformation, and zero net ac-

celeration. Although this linearized model is suitable for controller synthesis 

and stability analysis, the simulation models should retain the system’s non-

linearities to accurately capture real-world behavior (Fietzek, 2014; 

Forstinger, 2017; Forstinger et al., 2016). Effective control design must there-

fore stabilize the marginally stable mode and significantly increase damping 

of the dominant low-frequency resonance. 

A control algorithm is required to compensate for the mechanical losses and 

suppress the torsional vibrations in the system with flexible couplings (R. 

Bauer, 2011a). Speed control algorithms manipulate the angular speeds to 

compensate for mechanical losses and suppress torsional vibrations in the 

system (Fietzek, 2014; Saarakkala et al., 2012; Saarakkala & Hinkkanen, 2014; 

Szabat & Orlowska-Kowalska, 2007, 2012). The vibrations arise mainly from 

shaft elasticity, gear backlash, and torque harmonics from the electric drives 

(Fietzek & Rinderknecht, 2013; Forstinger, 2017; Nordin & Gutman, 2002; 

Thomsen & Fuchs, 2009). 

4.3.1 Literature review and control algorithms evaluation 

Proportional integral (PI) controllers are commonly applied in torsional vibra-

tion mitigation due to their simplicity, robustness, and ease of tuning (Fietzek 

& Rinderknecht, 2015; Nordin & Gutman, 2002). However, PI controllers in-

herently offer a trade-off between robustness and tracking performance and 

are less effective in damping high-order torsional dynamics (Fietzek, 2014; 

Saarakkala & Hinkkanen, 2014). In addition, many studies verified that PI con-

trol performed poorly in damping the torsional vibrations (Saarakkala & Hink-

kanen, 2014; Szabat & Orlowska-Kowalska, 2007; Thomsen et al., 2011). 

Moreover, due to its limited tunable parameters, i.e., proportional gain (kp) 

and integral gain (ki), it has a low performance with complex systems (Saar-

akkala & Hinkkanen, 2014). 
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To extend control bandwidth, additional internal feedback paths can be intro-

duced. For instance, (G. Zhang & Furusho, 2000) proposed a dual feedback 

configuration for improved pole placement. While, (Szabat & Orlowska-Kow-

alska, 2012) introduced feedback gains based on shaft torque and motor’s 

wheel speed differences. 

State feedback control (SFC) provides an alternative by employing full-state 

feedback of all system variables, i.e., rotational speeds and torsional mo-

ments, to achieve superior damping and dynamic performance (Beineke et 

al., 1997; Ji & Sul, 1995; Szabat & Orlowska-Kowalska, 2006). It offers system-

atic pole placement, strong transient response, and improved handling of 

nonlinearities. However, its implementation requires full system modeling 

and accurate parameterization (Thomsen et al., 2011). Moreover, the param-

eters are uncertain affects the steady-state results. Lastly, and most im-

portantly, it is unable to regulate the output error. 

To eliminate steady-state error, an integral term can be incorporated into the 

state space feedback controller, forming an integral state space (I-SS) control 

structure (Saarakkala & Hinkkanen, 2014; R. Zhang & Tong, 2006). It was also 

confirmed in (Saarakkala & Hinkkanen, 2014) that the I-SS is a much better 

alternative compared to the PI controller with additional feedbacks. How-

ever, the downside of the I-SS control compared to the state space feedback 

is the increment in the settling time and decrease in the phase margin. 

A comparative analysis of various control algorithms, including conventional 

PI control, I-SS control, and model predictive control (MPC), was conducted 

by (Thomsen et al., 2011). The findings indicated that PI control exhibited the 

poorest performance in terms of dynamic characteristics. Conversely, both I-

SS and MPC delivered superior performance, albeit at the cost of increased 

implementation and tuning complexity. Concerning stability and robustness, 

I-SS was ranked highest, followed by PI control, with MPC performing least 

effectively in this regard. Additionally, MPC required the greatest computa-

tional effort, as measured by processing time. The study concludes that the 
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selection of an optimal speed control strategy is contingent upon user-spe-

cific requirements and the particular application. 

In order to systematically evaluate the suitability of different control strate-

gies for vehicle test bench applications, it is essential to compare them across 

a set of consistent performance and implementation criteria. Each algorithm 

embodies specific strengths and weaknesses, which become particularly evi-

dent when applied to highly dynamic, nonlinear multi mass systems. For clar-

ity, the comparison is structured along several key categories: 

• Approach, describing the fundamental principle of the control 

method. 

• Main merits and downsides, summarizing its primary advantages and 

limitations. 

• Speed tracking performance, assessing its ability to follow rapid refer-

ence changes. 

• Robustness and steady-state error, evaluating sensitivity to uncer-

tainties and ability to eliminate long-term offsets. 

• Vibration suppression, reflecting performance in attenuating tor-

sional oscillations. 

• Modeling and implementation effort, estimating the resources re-

quired for modeling, design, and deployment. 

• Applicability to multi mass test bench system, highlighting its practi-

cal relevance for complex drivetrain configurations. 

 

This structured framework ensures that the algorithms are not only con-

trasted in terms of theoretical capability but also judged against the practical 

demands of real-world test benches. The following comparative overview is 

intended to guide the selection of the most appropriate control method un-

der specific development and testing conditions. 
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Approach: PI 

• Main merits: Very simple design and tuning; widely used; does not require full 

state space model, 

• Main downsides: Only two tuning parameters (Kp, Ki); limited closed-loop pole 

placement; trade-off between robustness and tracking; poor at damping 

torsional vibrations in many studies,  

• Speed tracking performance: Good for basic control performance if tuned for 

one objective, but cannot optimize multiple objectives simultaneously, 

• Robustness and steady-state error: Moderate robustness if conservatively 

tuned; steady-state error for constant references is removable by integral 

action, however the dynamics tradeoffs remain, 

• Vibration suppression: Poor because it is not effective for torsional vibration 

damping in general, 

• Modeling and implementation effort: Low because it is easy to implement on 

the test bench controller,  

• Applicability to multi mass test benches: Good baseline; often used for two-

mass systems. 

 

Approach: PI with additional feedback gains 

• Main merits: Maintains PI simplicity but adds more closed-loop poles via extra 

feedback loops; better of regulating speed and torque differences, 

• Main downsides: More tuning variables than the PI controller; restricted com-

pared to full state feedback; design is not systematic,  

• Speed tracking performance: Better than plain PI for multi objective tuning 

(vibration + tracking) if gains chosen well, 

• Robustness and steady-state error: Improved robustness compared to plain 

PI is possible, but depends on tuning strategy; still limited interpretability, 

• Vibration suppression: Improved relative to plain PI; can actively damp tor-

sional modes by adding moment and relative-speed feedback, 

• Modeling and implementation effort: Moderate because it needs measure-

ment for extra feedbacks,  
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• Applicability to multi mass test benches: Good compromise when model data 

are limited, but additional sensors are available. 

 

Approach: PI with decoupling control 

• Main merits: Decouples between subsystems, so PI loops can act more inde-

pendently; can improve the performance without full state feedback, 

• Main downsides: Requires a model for decoupling blocks; decoupling de-

grades with model mismatch; added design complexity vs plain PI,  

• Speed tracking performance: Better tracking of coupled multi mass dynamics 

compared to plain PI, 

• Robustness and steady-state error: Good. Decoupling can improve robust-

ness but adds sensitivity to model errors, 

• Vibration suppression: Good if the decoupling is applicable and the model 

mismatch is small, 

• Modeling and implementation effort: Moderate because it needs a decou-

pling modeling; implementation still simpler than full state space,  

• Applicability to multi mass test benches: Suitable when coupling is the domi-

nant issue and a reasonable plant model is available but full state space 

feedback is too costly. 

 

Approach: SFC 

• Main merits: Uses feedback from all relevant state variables: can place closed-

loop poles arbitrarily; fast detection of internal deviations; structured de-

sign; handling of nonlinearities in model, 

• Main downsides: Requires accurate state space model and state measure-

ment or observers; higher design and tuning effort; steady-state error not 

guaranteed to be zero,  

• Speed tracking performance: Excellent. Able to trade tracking speed vs damp-

ing by pole placement, 

• Robustness and steady-state error: Robustness depends on model accuracy; 

without an integral action steady-state error may persist, 
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• Vibration suppression: Very good. Can damp high torsional modes via state 

feedback, 

• Modeling and implementation effort: High due to the need of the modelling, 

observer design, and complex tuning and implementation,  

• Applicability to multi mass test benches: Very appropriate for multi mass de-

sign where internal states are measurable or estimable. 

 

Approach: I-SS 

• Main merits: Adds integral action to state feedback; enforces zero steady-

state error for constant references; retains multi state damping capability; 

top ranked for stability and robustness in some studies, 

• Main downsides: Requires accurate state space model and state measure-

ment or observers; higher design and tuning effort; steady-state error not 

guaranteed to be zero,  

• Speed tracking: Combines pole placement for dynamics with integral correc-

tor for steady-state, 

• Robustness and steady-state error: Excellent due to its robustness and zero 

steady-state error for constant references. However, careful tuning required 

to avoid sluggishness, 

• Vibration suppression: Excellent due to the full-state feedbacks with the inte-

gral makes it effective at damping and eliminating offset, 

• Modeling and implementation effort: High due to the need of the modeling, 

integral augmentation tuning; implementation effort is substantial,  

• Applicability to multi mass test benches: Recommended when multi mass dy-

namics and vibration suppression are critical and modelling resources exist. 

 

Approach: MPC 

• Main merits: Can optimize the objective cost subject to constraints; excellent 

transient performance in many cases; flexible to include constraints explic-

itly, 
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• Main downsides: Highest computational load; longest calculation time; tuning 

and implementation is complex,  

• Speed tracking performance: Very good for constrained optimal tracking, but 

performance depends on model fidelity and prediction horizon, 

• Robustness and steady-state error: Good. Can be tuned for robustness, but 

less robust than I-SS and PI in at least one comparative study; highest pro-

cessing/real-time requirements, 

• Vibration suppression: Very good if vibration modes are included in predic-

tion model and cost is formulated accordingly, 

• Modeling and implementation effort: Very high. Needs accurate predictive 

model and real-time optimization tools,  

Applicability to multi mass test benches: Best when constraint handling and optimal 

performance are applicable; and when sufficient real-time compute and a validated 

model are available; may be too much for simple test benches. 

The evaluation Table 4.3 provides a qualitative assessment of the control al-

gorithms, which mentioned in the literature review, against four equally 

weighted performance criteria: tracking capability, robustness, vibration sup-

pression, implementation complexity, and suitability for multi mass systems. 

Using a symbolic scale of “+” for favorable and “-” for less favorable, the table 

reveals clear trade-offs among the control strategies. Controllers with strong 

tracking performance often exhibit reduced robustness or higher vibration 

sensitivity, while those with superior robustness may involve greater imple-

mentation complexity. Vibration suppression emerges as a differentiating fac-

tor, with some designs providing notable attenuation while others offer only 

marginal improvement. By applying equal weighting across criteria, the Table 

4.3 facilitates an unbiased, high-level comparison that highlights the relative 

strengths and weaknesses of each approach, thereby informing subsequent 

selection for detailed frequency domain, time domain, and sensitivity anal-

yses. The entries are: ++++ (excellent), +++ (very good), ++ (good), + (moder-

ate), - (poor), -- (very poor). Accordingly, the control algorithms are sorted 

form the best to worst for this application: I-SS, SFC, PI + additional feedback, 

MPC, PI with decoupling, and the PI control is the least. 
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Table 4.3: Equal weight decision matrix for the control algorithms 

Controller 
Tra-

cking 

Robustness and 

steady-state er-

ror 

Vibration 

suppres-

sion 

Com-

plexity  

Applicability to 

multi mass test 

benches 

Overall 

ranking 

PI ++ ++ -- ++++ + 6 

PI with addi-

tional feed-

backs 

+++ +++ ++ +++ ++ 3 

PI with de-

coupling 
+++ ++ ++ ++ +++ 4 

SFC ++++ +++ +++ + ++++ 2 

I-SS ++++ ++++ ++++ - ++++ 1 

MPC +++ ++ +++ -- +++ 5 

 

The ranking derived from the equal-weight decision matrix reflects the multi-

dimensional trade-offs inherent in selecting a speed and moment control 

strategy for a powertrain test bench. The state space feedback controller with 

additional integral action (I-SS) occupies the top position due to its balanced 

strengths across all evaluated criteria—tracking, robustness, and vibration 

suppression—while its increased complexity is regarded acceptable in view of 

its superior closed-loop performance. This aligns with findings by (Saarakkala 

& Hinkkanen, 2014; R. Zhang & Tong, 2006), which demonstrated that inte-

gral augmentation effectively eliminates steady-state error and enhances dis-

turbance rejection compared to pure state space feedback. 

The pure state space feedback controller ranks second, offering high tracking 

accuracy and strong vibration suppression due to its full-state feedback struc-

ture, but lacking the integral action that secures steady-state error elimina-

tion. The PI controller with additional feedback gains follows closely, repre-

senting a pragmatic enhancement of a conventional PI loop. This structure 

benefits from improved dynamic shaping through added feedback channels, 

but its vibration suppression remains limited compared to full-state ap-

proaches, as also observed by (Szabat & Orlowska-Kowalska, 2012). 
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MPC ranks lower despite excellent tracking and vibration suppression capa-

bilities, primarily due to its high implementation complexity and tuning de-

mands. In real-time applications such as VEL test benches, computational bur-

den and robustness under uncertainty are decisive factors, and MPC’s lower 

robustness rating here reflects those constraints. The PI controller with de-

coupling performs similarly to PI with additional feedback in certain scenarios, 

but its reliance on accurate coupling models reduces robustness when plant 

uncertainties are significant. 

The conventional PI controller predictably ranks lowest, confirming the con-

sensus in (Fietzek, 2014; Thomsen et al., 2011) that while it remains the sim-

plest and most easily tuned approach, it offers limited multi objective optimi-

sation capacity, particularly in vibration suppression and high-order system 

control. 

Overall, the ranking suggests that for a multi mass powertrain test bench, in 

the I-SS or SFC controllers are the most promising candidates for further de-

tailed analysis. Among all the previously mentioned references (Fietzek, 2014; 

Fietzek & Rinderknecht, 2015) have developed a state space feedback con-

troller for a multi mass system, while the rest had applications with a two-

mass system at the most. Thus, a I-SS controller for a multi mass system will 

be proposed. Furthermore, a state space feedback controller, similar to the 

control algorithm in (Fietzek, 2014), will be further investigated. An optimized 

PI controller will also be tested to evaluate how well could the simplest ap-

proach perform. 

The evaluation of control strategies for the powertrain test bench is con-

ducted using a structured, sequential workflow designed to ensure that each 

algorithm is examined comprehensively in terms of stability, robustness, 

tracking accuracy, and vibration suppression. The process commences with 

controller design, in which a state feedback control simulation is developed 

based on a rigorously modelled state space representation of the system. This 

stage aims to regulate the plant to satisfy desired performance criteria, 
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including adequate stability margins, robustness against external disturb-

ances, elimination of steady-state error, and desirable transient characteris-

tics. 

Following the design phase, frequency domain analysis is employed to char-

acterise the closed-loop behavior of each controller. Within this stage, the 

sensitivity function serves as a quantitative measure of disturbance attenua-

tion, indicating the extent to which output variations are mitigated by feed-

back. A detailed stability analysis is performed using the Nyquist criterion, ex-

plicitly accounting for delays originating in both the electrical actuation 

subsystem and the angular speed measurement chain. The insights obtained 

from the frequency domain investigations are subsequently validated 

through time-domain analysis. Here, both transient and steady-state re-

sponses are examined under representative dynamic reference profiles. 

These tests are repeated with and without the measurement noise to assess 

the stability of each control strategy under none ideal conditions. Next, a sen-

sitivity analysis with respect to parameter uncertainty is undertaken to eval-

uate robustness when deviations from nominal model parameters occur. This 

includes systematic testing for the effects of time delay variations, disturb-

ance torque injections, single-parameter deviations, and simultaneous multi 

parameter perturbations. 

Once the baseline evaluations are complete, dynamic driving maneuvers are 

simulated on the VEL test bench model. Unlike earlier tests, which employ a 

fixed speed reference, these maneuvers simulate actual driving condition, en-

suring that both steady-state and transient dynamics are implemented under 

high dynamic loading. In these experiments, two controllers—one per 

wheel—are operated concurrently, allowing verification of stable, coordi-

nated behavior in a multi actuator configuration. 

Finally, the driving moment controller is designed and integrated. This stage, 

is following the successful validation of the speed control loop, enables pre-

cise moment regulation in accordance with desired moment profiles. By pro-

gressing through these six methodological stages in sequence, the evaluation 
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framework ensures that each control strategy undergoes rigorous and sys-

tematic validation prior to practical implementation. 

4.3.2 Controller design 

A state feedback control simulation can be effectively carried out with an ac-

curately identified plant model and a properly synthesized state feedback 

controller that ensures closed-loop stability as a requirement, while achieving 

specified performance objectives such as robustness to model uncertainties 

and disturbances, steady-state accuracy, and desired transient and dynamic 

response characteristics (Fietzek, 2014; Fietzek & Rinderknecht, 2015; Thom-

sen et al., 2011). 

4.3.2.1 LQ controller 

The primary objective of the linear-quadratic (LQ) optimization approach is to 

minimize a quadratic cost functional (4.8), in which the matrices Q and R as 

the weighting factors for the state vector (x) and the input vector (u), respec-

tively. The minimization of the cost functional (J) is achieved by the state feed-

back law given in Equation (4.9), constrained by the system’s dynamic equa-

tions. Unlike the pole-placement approach, which arbitrarily assign closed-

loop poles without directly optimizing performance, this method formulates 

the control problem as an optimization of a specified performance output, 

which is derived from equation (4.10) based on the Riccati equation solution 

(P) described in equation (4.11) (Astrom & Murray, 2010; Ogata, 2009) 

min
𝑢(𝑡)

𝐽(𝑥, 𝑢) =  min
𝑢(𝑡)

∫ (𝒙𝑇(𝑡) 𝑸 𝒙(𝑡) +
∞

0

𝒖𝑇(𝑡) 𝑹 𝒖(𝑡))𝑑𝑡  
(4.8) 

  

 𝒖(𝑡) = −𝑲𝑳𝑸 𝒙(𝑡) (4.9) 

  

𝑲𝑳𝑸 = 𝑹
−𝟏 𝑩𝑴

𝑻  𝑷 (4.10) 
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𝑨𝑻𝑷 + 𝑷𝑨 − 𝑷𝑩𝑴𝑹
−𝟏𝑩𝑴

𝑻 𝑷 + 𝑸 = 𝟎 . (4.11) 

 

The resulting state feedback gain matrix (KLQ) is obtained implicitly as the so-

lution to this optimization problem and corresponds to a globally optimal 

closed-loop response. 

While the optimal LQ regulator ensures that the closed-loop system achieves 

the desired balance between control effort and state performance, its effec-

tiveness fundamentally relies on the availability of accurate and complete 

state information. In theoretical formulations, it is generally assumed that all 

state variables are directly accessible for feedback, enabling the controller to 

apply the computed optimal gain matrix without restrictions. However, this 

assumption rarely holds true in real-world implementations, where measure-

ment constraints, sensor noise, and physical inaccessibility of certain varia-

bles limit the ability to obtain full-state data. As a result, even an optimally 

designed LQ controller cannot be fully realized unless the system incorporates 

a technique to reconstruct or infer the unmeasured states. This necessity nat-

urally leads to the incorporation of state observers or estimators, which com-

plement the feedback design by providing reliable approximations of the in-

ternal system dynamics when direct measurements are insufficient or 

unavailable (Astrom & Murray, 2010; Ogata, 2009). 

In practical applications, achieving a high-performing state space feedback 

controller becomes challenging when all required system states are not di-

rectly measurable, which is a common situation in industrial systems (Fietzek, 

2014; Fietzek & Rinderknecht, 2015; Thomsen et al., 2011). Direct measure-

ment of each mechanical state is often infeasible, costly, or detrimental to 

system reliability. To address this limitation, estimators are introduced to re-

construct the unmeasured variables (Beineke et al., 1997; Ji & Sul, 1995; Or-

lowska-Kowalska & Szabat, 2007). Estimation algorithms such as the Luen-

berger observer, neural networks, or Kalman filters (Astrom & Murray, 2010; 

Ogata, 2009) provide solutions to the non-measurable state problem (Bein-

eke et al., 1997; Ji & Sul, 1995; Orlowska-Kowalska & Szabat, 2007). The 
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deviation between the model output and the measured system output is fed 

back to correct the model’s state until convergence with the actual system 

states is achieved. The observer gain matrix (LLQ) is parameterized so that this 

deviation tends toward zero (Astrom & Murray, 2010; Ogata, 2009). To 

achieve high estimation accuracy, the gains of LLQ are determined from the 

desired eigenvalues of the closed-loop characteristic matrix (4.12) of the full-

state feedback controller using the same design principles (Fietzek, 2014). 

Consequently, the dynamics of the estimated state vector (x)̂ are formulated 

in equation (4.13). By continuously comparing the measured output (y) with 

the estimated output (ŷ), the estimated states are adjusted to asymptotically 

converge to the real states, yielding the observer error dynamics (e) ex-

pressed in equation (4.14) 

(𝑨𝒄𝒍)𝐿𝑄 = [
𝑨 − 𝑩𝟏𝑲𝑳𝑸 𝑩𝟏

𝑪 𝟎
] (4.12) 

 

𝒙̇ = 𝑨𝒙 + 𝑩𝟏𝒖 + 𝑳𝑳𝑸(𝒚 − 𝒚̂) (4.13) 

 

𝒆̇ = 𝒙̇ − 𝒙̇ = (𝑨 − 𝑳𝑳𝑸𝑪)𝒆 . (4.14) 

 

At this stage, the steady-state error has not yet been incorporated into the 

control structure. Unlike conventional controllers, the LQ method multiplies 

all states by the designed KLQ and compares the result with the reference in-

put. A precompensation gain (F) is introduced to the reference signal to cor-

rect steady-state deviations. The precompensator gain F is determined as in 

equation (4.15) (Astrom & Murray, 2010; Ogata, 2009) 

𝑭 = (𝑪(−𝑨 + 𝑩𝟏𝑲𝑳𝑸)
−𝟏
𝑩𝟏)

−𝟏

. 
(4.15) 

 

The complete LQ controller combines the full-state feedback component with 

the linear section of the state estimator. The overall closed-loop dynamics of 
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the system are represented by equation (4.16), where ωref denotes the refer-

ence angular velocity (Ogata, 2009). The corresponding block diagram of this 

configuration is illustrated in Figure 4.6 

𝒙̇ = (𝑨 − 𝑳𝑳𝑸𝑪 − 𝑩𝟏𝑲𝑳𝑸)𝒙 + [𝑭𝑩𝟏 𝑳𝑳𝑸] [
𝜔𝑟𝑒𝑓
𝒚 ] 

𝒖 = −𝑲𝑳𝑸𝒙 + 𝑭𝜔𝑟𝑒𝑓  
(4.16) 

 

 

Figure 4.6: Block diagram of the plant system and the full-state feedback controller. 

In this system, G(s) represents the transfer function defined in equation 

(4.17), while the controller transfer function R(s) consists of the state 

feedback and observer elements. The poles of the closed-loop LQ-system in 

Figure 4.6 cannot be directly specified; however, when Q and R are defined 

as diagonal matrices, each feedback gain within KLQ can be individually 

adjusted (Fietzek, 2014) 

𝐺(𝑠) =
𝑌(𝑠)

𝑈1,𝑟𝑒𝑓(𝑠)
= 𝑪(𝑠𝑰 − 𝑨)−1𝑩𝟏 𝐺Δ(𝑠) . (4.17) 
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The iterative tuning of Q and R is documented in equation (4.18), with tuning 

criteria focusing on three main objectives: (1) minimizing the deviation 

between the estimated values of (θM – θW) and (θW – θSx) to reduce system 

vibration and fluctuation, (2) reducing the steady-state error of y (Fietzek, 

2014), and (3) minimizing controller effort by reducing the manipulated 

variable MM, thereby mitigating mechanical stress and preventing electrical 

overload (Fietzek, 2014; Forstinger, 2017; Pillas, 2017) 

𝑸 =

[
 
 
 
 
1 × 108 0 0 0 0
0 1 0 0 0
0 0 5 × 106 0 0
0 0 0 1 0
0 0 0 0 1 × 107]

 
 
 
 

, 𝑹 = 1500 . (4.18) 

Following the optimization of Q and R, the gain matrices KLQ and LLQ are 

computed as in equation (4.19), with the precompensator gain F equals to 

277 

𝑲𝑳𝑸 = [250.75 −1211.20 12.07 612.79 14.07] 

 

𝑳𝑳𝑸 = 

[
 
 
 
 
401.65
0.01
97.35
−0.08
3.38 ]

 
 
 
 

 . 

(4.19) 

4.3.2.2 LQI controller 

Figure 4.7 illustrates the extension of the LQ-controlled system, shown in Fig-

ure 4.6, into a linear-quadratic-integral (LQI) control scheme, designed as 

outlined in (Saarakkala & Hinkkanen, 2014; R. Zhang & Tong, 2006). The 

design procedure starts by augmenting the system with an additional 

integrator state variable (ξ) to capture the steady-state error, forming the 

extended system described by equation (4.20). Feedback is then included in 

the control law to regulate the output variable through integration. 

Subsequently, the LQ design principles are applied to LQI extended system 
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𝜉̇ = 𝑪𝒙 − 𝜔𝑟𝑒𝑓  

𝑢 = −𝑲𝒙 𝒙 − 𝐾𝜉  𝜉 − 𝑭 𝜔𝑟𝑒𝑓  

[
𝒙̇
𝜉̇
] = [

𝑨 𝟎
𝑪 𝟎

] [
𝒙
𝜉] + [

𝑩𝟏
𝟎
] 𝑢 + [

𝟎
−1
]𝜔𝑟𝑒𝑓  

𝑦 = [𝑪 𝟎] [
𝒙
𝜉] 

(4.20) 

 

 

Figure 4.7: Block diagram representation of the plant system and the LQI controller. 

It was determined that maintaining the same weighting matrix structures for 

Q and R in the LQI case, denoted Q̃ and R̃, yields comparable robustness and 

control effort to the LQ configuration, provided that the additional Q̃ param-

eter corresponding to the new state variable (ξ) is appropriately tuned. The 

tuning was conducted to ensure both LQ and LQI share nearly identical 

closed-loop pole locations, facilitating a fair comparison. The final tuned Q̃ 

and R̃ values are shown in equation (4.21) 
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𝑸̃ =

[
 
 
 
 
 
1 × 108 0 0 0 0 0
0 1 0 0 0 0
0 0 5 × 106 0 0 0
0 0 0 1 0 0
0 0 0 0 1 × 107 0
0 0 0 0 0 1 × 1010]

 
 
 
 
 

, 𝑹̃ = 1500 . (4.21) 

The corresponding gain matrices for the LQI controller (KLQI) and its observer 

(LLQI) are derived analogously to KLQ and LLQ, as expressed in equation (4.22), 

with the LQI precompensator gain F determined to be 320.5 

𝑲𝑳𝑸𝑰 = [𝑲𝒙 𝐾𝜉] = [256.1 −1602.7 13.1 328.9 51.3 2582] ,  𝑳𝑳𝑸𝑰 =

 

[
 
 
 
 
410.29
0.01
105.91
−0.04
12.31 ]

 
 
 
 

 . 
(4.22) 

4.3.2.3 PI controller 

To facilitate a fair comparison, the PI controller gains are tuned manually so 

that its dominant poles closely match those of the LQI system, resulting in kp 

= 260, and ki = 2050. As a result, the PI and LQI systems are expected to exhibit 

similar time-domain behaviors. Figure 4.8 presents the closed-loop pole dis-

tributions for all controllers. For the LQ controller, the optimal state feedback 

gain KLQ and observer gain LLQ were calculated and substituted into the 

closed-loop system matrix (Acl)LQ. This yields the final closed-loop poles, which 

define the system's stability and dynamics. The LQ-controlled system exhibits 

ten stable poles, while the inclusion of integral action in LQI introduces an 

eleventh. In contrast, the PI-controlled system features only six stable poles. 

Remarkably, all controllers successfully shifted the zero pole and the low-fre-

quency resonant poles at -2.65 ± j108 further to the left side, ensuring system 

stability. Figure 4.9 highlights the dominant poles among the controllers 
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Figure 4.8: Closed-loop poles associated with each control system (Alhanouti & Gauterin, 

2023a) 

 

Figure 4.9: Closed-loop dominant poles associated with each control system (Alhanouti & 

Gauterin, 2023a). 

The poles attributed to the integrator action of the PI and LQI controllers are 

positioned similarly, and the underdamped poles of the PI system were tuned 
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to closely align with those of the LQ and LQI systems to achieve comparable 

dynamic responses. However, the PI controller’s poles could not be freely 

placed, confirming the observations in (Saarakkala et al., 2012; Saarakkala & 

Hinkkanen, 2014) that PI controllers are inherently more limited than state 

space feedback strategies. 

Table 4.4 summarizes each control system’s closed-loop poles, damping ra-

tios, and natural frequencies. Although LQ and LQI share similar Q and R val-

ues, the slight variations in LQI poles arise from the additional tuning of the 

diagonal Q̃ matrix. The presence of an extra real pole in LQI results directly 

from incorporating the integral action. 

Table 4.4: Closed-loop poles and dynamic characteristics for each control system 

LQ 

poles 
LQ (ξ, ωn) pairs 

LQI 

poles 
LQI (ξ, ωn) pairs 

PI 

poles 
PI (ξ, ωn) pairs 

  -9.49 1, 9.49 rad/s -9.53 1, 9.53 rad/s 

-16.4 ± 

j41.9 
0.37, 45 rad/s 

-16.1 ± 

j41.6 
0.36, 44.6 rad/s 

-15.6 ± 

j37.2 
0.38, 40.3 rad/s 

-16.4 ± 

j41.9 
0.37, 45 rad/s 

-15 ± 

j45.1 
0.32, 47.6 rad/s   

-62.9 ± 

j1300 
0.05, 1300 rad/s 

-62.9 ± 

j1300 
0.048, 1300 rad/s 

-71.7 ± 

j1300 

0.06, 1300 

rad/s 

-62.9 ± 

j1300 
0.05, 1300 rad/s 

-62.8 ± 

j1300 
0.048, 1300 rad/s   

-331 1, 33 rad/s -330 1, 33 rad/s -320 1, 320 rad/s 

-331 1, 33 rad/s -342 1, 34 rad/s   

4.3.3 Frequency analysis 

In this section, the complete closed-loop system is analyzed in the frequency 

domain to assess its dynamic characteristics and control performance. Multi-

ple closed-loop configurations, formed by the same plant in combination with 

different candidate controllers, are systematically compared. This section is 

organized as follows: 
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• Sensitivity function definition 

• Nyquist stability analysis of proportional-integral control, optimal linear 

quadratic regulator, and optimal linear quadratic regulator with integral 

• Measurement noise amplification for all controllers 

The robustness of the closed speed-control loop will be evaluated by applying 

the maximum peak criteria for the sensitivity function. 

4.3.3.1 Sensitivity function 

The sensitivity function provides a quantitative measure of disturbance atten-

uation in feedback systems. It describes how output variations are influenced 

by disturbances. When the magnitude of the sensitivity function satisfies 

|S(jω)| < 1, disturbances at the corresponding frequencies are attenuated, 

whereas those at frequencies where |S(jω)| > 1 are amplified by the closed-

loop. The maximum sensitivity, denoted as (MS) in equation (4.23), represents 

the largest amplification of disturbances and typically occurs near the cross-

over frequency. It is expressed as a function of the open-loop transfer func-

tion L(s) in equation (4.23). According to robustness criteria (Astrom & Mur-

ray, 2010; Saarakkala & Hinkkanen, 2014), a closed-loop system exhibits good 

robustness when MS < 2, while MS > 4 indicates poor performance and re-

duced stability margins 

𝑀𝑆 = max
0≤𝜔<∞

|
1

1 + 𝐻(𝑗𝜔)
| = max

0≤𝜔<∞
|𝑆(𝑗𝜔)| . (4.23) 

4.3.3.2 Stability analysis 

The sensitivity of the closed-loop systems is evaluated under ideal and de-

layed conditions. Two primary delay sources are considered: Electrical delay 

of the VEL system, represented by Gd(s), and 1.Electrical delay of the VEL sys-

tem, represented by M(s). Then, the stability will be evaluated using Nyquist 

criteria (Astrom & Murray, 2010; Ogata, 2009). The total delay transfer func-

tion (GΔ(s)) is parameterized according to (Saarakkala & Hinkkanen, 2014), 

with αt is 1800 rad/s, and Td = 0.2 ms. The measurement delay Tm, which de-

pends on the sensor sampling time (Muszynski & Deskur, 2010; Saarakkala & 
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Hinkkanen, 2014), is fixed to 0.7 ms in this analysis, resulting in a total delay, 

GΔ, of approximately 0.9 ms. Consequently, GΔ(s) can be approximated as a 

first-order delay function. The open-loop transfer functions of the PI, LQ, and 

LQI controllers are defined in equations (4.24) – (4.26), respectively 

𝐻𝑃𝐼(𝑠) = 𝐺(𝑠) [𝑘𝑝 +
𝑘𝑖
𝑠
] 

 

(4.24) 

𝐻𝐿𝑄(𝑠) = 𝑲𝑳𝑸(𝑠𝑰 − 𝑨 + 𝑳𝑳𝑸𝑪)
−1
+ [𝑳𝑳𝑸𝐺(𝑠) + 𝑩𝟏] 

 
(4.25) 

𝐻𝐿𝑄𝐼(𝑠) = 𝑲𝒙(𝑠𝑰 − 𝑨 + 𝑳𝑳𝑸𝑰𝑪)
−1
+ [𝑳𝑳𝑸𝑰𝐺(𝑠) + 𝑩𝟏]

+
𝐾𝜉

𝑠
𝐺(𝑠) . 

(4.26) 

The Nyquist plot in Figure 4.10 provides that the PI closed-loop control system 

exhibits high robustness in the ideal case with MS = 1, i.e., GΔ(s) = 1. However, 

introducing a 0.9 ms delay reduces robustness with MS > 2, as evidenced by 

the Nyquist contour approaching the critical (-1) point. Despite this, the 

closed-loop remains stable according to the Nyquist criterion. The LQ-con-

trolled system maintains stability and robustness, with only a minor increase 

in MS under delay conditions, as illustrated in Figure 4.11. In Figure 4.12, the 

LQI-controlled system demonstrates identical robustness to the LQ controller, 

with similar Nyquist plots in both ideal and delayed cases. In the presence of 

delay, the LQI contour exhibits a slight spiral pattern, indicating minimal 

phase sensitivity but preserved stability 
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Figure 4.10: Nyquist plot in logarithmic scale2for PI-controlled system (Alhanouti & Gauterin, 

2023a) 

 

 

 
2 Luca Ballotta (2021). Complete Nyquist plot on logarithmic scale 

https://github.com/lucaballotta/NyquistLog/releases/tag/1.0.1), GitHub. Retrieved December, 
12, 2024. 

https://github.com/lucaballotta/NyquistLog/releases/tag/1.0.1
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Figure 4.11: Nyquist plot in logarithmic scale for LQ-controlled system (Alhanouti & Gauterin, 

2023a) 

 

Figure 4.12: Nyquist plot in logarithmic scale for LQI-controlled system (Alhanouti & Gauterin, 

2023a). 

4.3.3.3 Measurement noise amplification 

The influence of measurement noise in the closed-loop system is analyzed 

using the noise transfer function from the noise input n to the electromag-

netic motor moment MM (Saarakkala & Hinkkanen, 2014), as presented in Fig-

ure 4.6 and Figure 4.7. The noise transfer functions for the PI, LQ, and LQI 

controllers are derived in equations (4.27) – (4.29), respectively. Figure 4.13 

illustrates that noise rejection capability increases with frequency for all con-

trol loops 

𝑁𝑃𝐼(𝑠) = −𝐺𝑑(𝑠) [𝑘𝑝 +
𝑘𝑖
𝑠
] 

 
(4.27) 

𝑁𝐿𝑄(𝑠) = −𝐺𝑑(𝑠)[𝑲𝑳𝑸(𝑠𝑰 − 𝑨)
−1𝑳𝑳𝑸] 

 
(4.28) 

𝑁𝐿𝑄𝐼(𝑠) = −𝐺𝑑(𝑠) [𝑲𝒙(𝑠𝑰 − 𝑨)
−1𝑳𝑳𝑸𝑰 +

𝐾𝜉

𝑠
] (4.29) 
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Figure 4.13: Measurement noise amplification magnitude of all types of controllers with time 

delay (Alhanouti & Gauterin, 2023a). 

Both LQ and LQI controllers exhibit excellent noise rejection characteristics, 

while the PI controller performs the worst in this regard. The spiral Nyquist 

contour observed under internal delay reflects high phase offset at high fre-

quencies (Segovia et al., 2014), further confirming that the LQ system’s phase 

is least sensitive to delay. This observation means the LQ-controlled system’s 

phase is the least sensitive to time delay. 

4.3.4 Time domain analysis 

In the previous section, each controller was assessed using frequency re-

sponse analysis. Here the conclusions made earlier will be approved with the 

time response. In this section, the time response of all controllers will be ex-

amined through a dynamic test case. Next, the same test will be repeated 

with measurement noise. In Figure 4.14, the central figure shows the desired 

angular speed, as achieved by integrating the angular acceleration (Saarak-

kala & Hinkkanen, 2014) 
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Figure 4.14: Desired reference signal and powertrain moment (Alhanouti & Gauterin, 2023a). 

Using this approach smoothen the abrupt transition angles in the speed pro-

file. So, it eliminates high peaks in the acceleration that may create high mo-

ment impulses. A highly dynamic test maneuver is applied, characterized by 

an angular acceleration transition from 0 to 1000 rpm (104.7 rad/s) within 0.4 

s, which is equivalent to an acceleration of approximately m/s2, followed by a 

powertrain torque inversion from 500 Nm to –500 Nm after 4 s. This test as-

sesses each controller’s ability to maintain target speed under rapid acceler-

ation and torque disturbance conditions. In Figure 4.15, the PI-controlled sys-

tem shows high robustness and good tracking performance under ideal 

conditions, i.e., G∆(s) = 1 in the ideal case. However, its performance deterio-

rates significantly in the presence of a 0.9 ms delay, after the inversion of the 

powertrain moment, as shown in the figures at the right. This outcome vali-

dates the accuracy of the frequency analysis (Alhanouti & Gauterin, 2023a) 



4.3 Control algorithm 

131 

 

Figure 4.15: Time response of the PI-controlled system: (Left) without time delay, (Right) with 

time delay (Alhanouti & Gauterin, 2023a). 

The LQ controller remains robust even with delay, though it exhibits a small 

steady-state error, as shown in Figure 4.16. The LQI controller, on the other 

hand, achieves excellent tracking performance with zero steady-state error 

and negligible influence from delay; as illustrated in Figure 4.17. Figure 4.18 

presents the controllers angular speed tracking errors under delay. While PI 

and LQI share similar dominant pole locations, their robustness differs con-

siderably. The LQ system retains good robustness but presents a steady-state 

deviation of approximately 0.37 rad/s, whereas the LQI controller eliminates 

steady-state error entirely within a short settling time 
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Figure 4.16: Time response of the optimal LQ-controlled system: (Left) without time delay, 

(Right) with time delay (Alhanouti & Gauterin, 2023a) 

 

Figure 4.17: Time response of the optimal LQI-controlled system: (Left) without time delay, 

(Right) with time delay (Alhanouti & Gauterin, 2023a) 
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Figure 4.18: Angular speed error comparison: (Top) PI-controlled, (Middle) LQ-controlled, 

(Bottom) LQI-controlled (Alhanouti & Gauterin, 2023a). 

To validate the noise rejection performance shown in Figure 4.13, the simu-

lation was repeated with white noise introduced into the angular speed feed-

back signal. When white measurement noise with an amplitude of ±0.5 rad/s 

and a sampling time of 1x10-5 s, is introduced, the noise amplification magni-

tudes are found to be 4.678, 0.019, and 0.018 for the PI, LQ, and LQI control-

lers, respectively. As predicted, the PI controller amplifies noise significantly, 

leading to moment oscillations exceeding ±1000 Nm, despite the filtering ef-

fect of Gd(s) on the controller moment compared to the ideal case. In contrast, 

both LQ and LQI controllers limit noise induced moment fluctuations to ap-

proximately ±3 Nm. These expectations are confirmed in Figure 4.19 – Figure 

4.21. Overall, the PI controller is less capable of managing complex dynamic 

interactions. Both LQ and LQI controllers demonstrate high robustness 

against time delay and measurement noise. However, the PI controller fails 

under highly dynamic reference conditions and exhibits poor noise rejection. 

Based on these outcomes, the PI controller is excluded from further analyses 

in this study 
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Figure 4.19: Measurement noise amplification of PI controller: (Left) without time delay, (Right) 

with time delay (Alhanouti & Gauterin, 2023a) 

 

Figure 4.20: Measurement noise amplification of LQ controller: (Left) without time delay, 

(Right) with time delay (Alhanouti & Gauterin, 2023a) 
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Figure 4.21: Measurement noise amplification of LQI controller: (Left) without time delay, 

(Right) with time delay (Alhanouti & Gauterin, 2023a). 

4.3.5 Sensitivity analysis for a single parameter uncertainty 

The selected controllers are created using prior knowledge of system model 

equations and the estimated values of their parameters. To assess the influ-

ence of model uncertainty on control performance, the same test procedures 

are repeated multiple times, each with a variation in one or more parameters 

(Alhanouti & Gauterin, 2023a). In this analysis, only the LQ and LQI controllers 

are investigated, since the PI controller was excluded from further evaluation 

due to its insufficient performance in the basic robustness and noise tests. 

The sensitivity of each closed-loop system is examined with respect to four 

factors: time-delay sensitivity, disturbance moment effect, single-parameter 

uncertainty, and multi parameter uncertainty. As discussed previously in Sec-

tion 4.2, two primary time delays exist in the system: The electrical compo-

nent delay of the test bench, modeled by Gd(s) function in equation (4.5), and 

the measurement delay of the angular speed sensor, modeled by equation 

(4.6). For the present study, the electrical delay is fixed at Td at 0.2 s, while 
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the measurement delay Tm varies randomly between 0.5 ms and 5 ms to sim-

ulate samplingtime variations. The results indicate that the LQ controller 

maintains high robustness against measurement delay variations, although a 

slight degradation in speed-tracking performance can be observed in Figure 

4.22. The LQI controller, as anticipated from the frequency domain analysis, 

exhibits higher sensitivity to time delay. However, it remains stable and effec-

tive up to a measurement delay of 5 ms, as demonstrated in Figure 4.23 

 

Figure 4.22: Time response of LQ controlled system at different Tm values (Alhanouti & 

Gauterin, 2023a) 
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Figure 4.23: Time response of LQI controlled system at different Tm values (Alhanouti & 

Gauterin, 2023a). 

The applied powertrain driving moment (Mdrive) is perceived by the electrical 

loading machine as a disturbance acting on the speed control loop. Accord-

ingly, it must generate a compensating resistive moment that preserves the 

desired rotational speed. Figure 4.24 and Figure 4.25 illustrate the influence 

of varying the driving moment on the performance of the LQ and LQI-con-

trolled systems, respectively. Under no load conditions, i.e., Mdrive = 0 Nm, LQ 

controller accurately follows the reference speed profile. However, the pres-

ence of external torque leads to a proportional shift in the steady-state re-

sponse: positive moment, i.e., driving produces an upward offset, while neg-

ative moment, i.e., braking, causes a downward offset in speed. In contrast, 

the LQI controller maintains consistent speed-tracking performance across all 

disturbance torque levels, successfully compensating for even extreme mo-

ment changes. For instance, when the driving moment varies from +500 Nm 

to –500 Nm, the LQI controller experiences a temporary speed error of ap-

proximately 5 rad/s, which is fully corrected within 0.5 s 
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Figure 4.24: Time response of LQ-controlled system at different Mdrive values (Alhanouti & 

Gauterin, 2023a) 

 

Figure 4.25: Time response of LQI-controlled system at different Mdrive values (Alhanouti & 

Gauterin, 2023a). 
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To further analyze robustness, the same controller tuning parameters for 

both LQ and LQI are retained across all tests, while parameter uncertainties 

are introduced to evaluate their effect on system behavior. A large disturb-

ance moment (from +500 Nm to –500 Nm) is also applied to create extreme 

conditions. The first case investigates the uncertainty in JPt2W, the equivalent 

inertia from the powertrain to the wheel hub. Monte Carlo simulations are 

employed to generate random deviations in this parameter. As illustrated in 

Figure 4.26, the LQ controller exhibits strong robustness to changes in JPt2W, 

with negligible variations in both angular speed tracking and controller mo-

ment response 

 

Figure 4.26: Time response of LQ-controlled system at different JPt2W values (Alhanouti & 

Gauterin, 2023a). 

Similarly, the LQI controller preserves its high tracking accuracy and exhibits 

minimal sensitivity to this parameter variation, as shown in Figure 4.27 Next, 

the effect of uncertainty in KAx, the axle stiffness coefficient, is examined. As 

presented in Figure 4.28, variations in KAx do not significantly affect the LQ 

controller’s dynamic behavior, although slight differences in steady-state 



4 Vehicle-in-the-loop test bench (VEL) 

140 

angular speed and moment response are observed. The LQI controller again 

demonstrates strong robustness to stiffness uncertainty, shown in Figure 

4.29, maintaining nearly identical tracking performance and control-moment 

characteristics despite substantial parameter deviations. In summary, both 

LQ and LQI controllers exhibit high resilience to individual parameter uncer-

tainties and external disturbance moments. The LQI controller, however, pro-

vides improved steady-state tracking and faster error correction under tran-

sient and uncertain conditions 

 

Figure 4.27: Time response of LQI-controlled system at different JPt2W values (Alhanouti & 

Gauterin, 2023a) 
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Figure 4.28: Time response of LQ-controlled system at different KAx values (Alhanouti & 

Gauterin, 2023a) 

 

Figure 4.29: Time response of LQI-controlled system at different KAx values (Alhanouti & 

Gauterin, 2023a). 
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4.3.6 Sensitivity analysis for multiple parameter 
uncertainties 

The same sets of uncertain variations for JPt2W and KAx are applied in paired 

combinations. The performance of the LQ and LQI-controlled systems under 

these conditions is illustrated in Figure 4.30 and Figure 4.31, respectively. The 

results demonstrate that the presence of two inaccurate parameter estima-

tions induces a substantial degradation in the speed response of the LQ con-

troller. In contrast, the LQI controller maintains a consistent tracking perfor-

mance, exhibiting only minor deviations. It is noteworthy, however, that the 

moment control command differs significantly from the baseline established 

under accurate parametrization. For instance, the steady-state command no 

longer attains the nominal ±500 Nm. Furthermore, the controller output ex-

hibits increased oscillatory behavior following transient states in some test 

cases 

 

Figure 4.30: Time response of LQ-controlled system at different JPt2W and KAx values (Alhanouti 

& Gauterin, 2023a) 
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Figure 4.31: Time response of LQI-controlled system at different JPt2W and KAx values (Alhanouti 

& Gauterin, 2023a). 

4.3.7 Proposed test maneuver for the VEL test bench 

So far, the speed controller has been thoroughly investigated with a single 

reference angular speed. It is, however, emphasized in (Lensch-Franzen et al., 

2018) that it is fundamental to reproduce realistic driving maneuvers to study 

the corresponding dynamic effects on the powertrain. The designed maneu-

vers should involve the complete system’s steady-state and transient re-

sponses to get reliable results. Furthermore, the implementation of the de-

sired maneuver necessitates a well-designed control algorithm. So, this 

section concerns testing the whole system with two active controllers simul-

taneously, i.e., for left and right driving wheels. It is desired to ensure that the 

two controllers work properly without imperiling the system, even with highly 

dynamic test maneuvers (Thomsen et al., 2011). The following test, shown in 

Figure 4.32, aims to inspect the performance of speed controllers when each 

wheel undergoes a different angular speed. As well as ensure the controllers’ 

capacity to handle the dynamic changes in powertrain moments 
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Figure 4.32: Angular reference speeds and moments for the proposed maneuver test. 

In other words, the safety of having two independently controlled wheels 

coupled to a differential gear should be confirmed. The speed maneuver in 

Figure 4.32 is inspired by a similar test (Forstinger, 2017). The corresponding 

moment is proposed to simulate the driving resistance moment (Mdrive,ref), cal-

culated with the vehicle’s estimated road load ABC factors under the test. The 

braking at the end of the maneuver is also introduced (Mbrake,ref). This maneu-

ver comprises several stimulating control demands. The first part of the ref-

erence angular speed signal is an acceleration from a standstill at 0 rad/s until 

the angular speed reaches 60 rad/s, and the driving moment is determined 

correspondingly. Then, the driving moment increases from 394 to 894 Nm 

and returns to 394 Nm, simulating uphill driving. Next, different angular 

speeds for the left and right wheels take place. After that, acceleration to a 

higher angular speed of 100 rad/s occurs. Finally, a sudden brake brings the 

wheels from high angular speed to a complete stop within 5 seconds. Figure 

4.33 shows that the LQ controllers could not correctly track the angular ref-

erence speeds due to high driving moment demands. The error appears as a 

persisting offset that increases with the moment 
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Figure 4.33: LQ controller performance in the proposed test. 

In Figure 4.34, the LQI controller, otherwise, can maintain a precise trajectory, 

with less than an absolute error of just 0.1 rad/s in the driving mode. How-

ever, some peaks appeared due to changing the driving mode: From a stand-

still to accelerating, driving to braking, and decelerating to a standstill 

 

Figure 4.34: LQI controller performance in the proposed test. 
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The twist angle of the CV shaft and the connected axle are investigated to get 

a deeper insight into the impact of this excitation level on the system. Since 

no sensors are accessible to measure these quantities, we may benefit signif-

icantly from the observer by estimating these unmeasurable quantities. The 

twist angles of the CV shaft and the axle are obtained from the second and 

fourth estimated states, respectively. Figure 4.35 and Figure 4.36 demon-

strate the dynamic changes between each shaft end when applying the LQ 

and LQI controllers, respectively. (θM – θW) is equal to the change in the CV 

shaft twist angle (ΔθCV). While (θW – θSx) is equal to the change in the axle 

twist angle (ΔθAx). It can be seen that the applied maneuver influences the 

axle multiple times more than the CV shaft because the axle has less stiffness 

than the CV shaft. When the maneuver is performed with LQI control, the 

twist angles are slightly larger than the LQ control alternative in the driving 

part of the maneuver. This result is a natural outcome because the LQI con-

troller makes slightly more control effort to keep track of the reference angu-

lar speed signal. LQI controller led to minor axle deformation during the brak-

ing, though. The sum of the transmitted moments to the wheels for both LQ 

and LQI controllers is illustrated in Figure 4.37 

 

Figure 4.35: Twist angles of the CV shafts and axles for LQ control 
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Figure 4.36: Twist angles of the CV shafts and axles for LQI control 

 

Figure 4.37: A comparison between the reference Mdrive and the actual output moment for both 

LQ and LQI-controlled systems. 

The difference between both control algorithms is barely recognized, making 

both output moments appear to be the same. However, if the peak values are 

investigated more perceptively, it would be realized that LQI has slightly 
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different moment peaks from the LQ controller. For instance, at time 0.12 s, 

the LQ controller led to a peak of -14.5 Nm, while it is equal to -66.5 Nm in 

the case of LQI, then the moments became 366.13 and 366.20 Nm for LQ and 

LQI controllers, respectively. 

Another example, at the beginning of braking, which occurred at a time equal 

to 65 s and the applied braking moment was -1045 Nm, LQ produced -1057 

Nm, while the corresponding peak moment in the LQI case is -1115 Nm. These 

values show how decisive the transient moment is, even if it takes effect for 

a short time. It also proves how efficient LQI is as a speed controller. LQ 

achieved high-quality tracking performance with minor modifications to its 

control moment. Nonetheless, the output moment for neither LQ nor LQI 

matches the expected driving moment from the driving resistance model. At 

the beginning of this section, it was specified that the purpose of implement-

ing the LQ and LQI controllers is to minimize the errors in states vector x and 

the corresponding moment of the electrical loading machine MM, which is the 

input moment to the plant. So, the difference between the reference total 

driving moment generated at wheels and the actual output moment at the 

test vehicle’s wheel hubs needs an additional control algorithm. 

In conclusion, as a speed controller, LQI surpasses the LQ controller in all 

tests, except for the robustness against time delay. In addition, a fine-tuned 

LQI could precisely track the reference speed, even if the assigned maneuver 

is highly dynamic. 

4.3.8 Driving moment controller 

Designing the control algorithm for the powertrain test benches is typically 

accomplished in two stages. Initially, the speed closed-loop control is imple-

mented. Then, the moment controller can be designed to reach the desired 

moment (Bunker et al., 1997; Forstinger, 2017). Similar to the VEL test bench, 

the test bench studied in (Forstinger, 2017) has moment measurement sen-

sors on the wheel hubs. The moment controller in (Forstinger, 2017) has two 
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parts: First, a feedforward gain (kFF) for the reference powertrain moment 

Mdrive that compensates a certain offset amount in the output moment. Sec-

ond, an integral control with a gain parameter (kI,M) to compensate for the 

remaining difference between the reference and the sum of measured mo-

ments (Msum). So, the controlled driving moment (Mdrive*) is expressed as in 

equation (4.30) 

𝑀𝑑𝑟𝑖𝑣𝑒
∗ = 𝑘𝐹𝐹𝑀𝑑𝑟𝑖𝑣𝑒 +

𝑘𝐼,𝑀
𝑠
[𝑀𝑑𝑟𝑖𝑣𝑒 −𝑀𝑠𝑢𝑚] . 

(4.30) 

 

This control concept will also be employed for the VEL test bench to compen-

sate for the moment reduction. The tuned kFF and kI,M values are 0.2 and 8, 

respectively. With these relatively small gains, the resultant Mdrive* is shown 

in Figure 4.38 

 

Figure 4.38: The proposed maneuver test with the controlled driving moment. 

The angular speed tracking performance variation between the original LQI 

controller and the same LQI controller combined with the moment controller 

(LQI*) is insignificant, as demonstrated in Figure 4.39. Moreover, small incre-

ments in the shafts’ twist angles are observed in the proposed driving maneu-

ver segments, as illustrated in Figure 4.40. Throughout the maneuver, it is 
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observed that positive moments generally result in negative twist angles, 

while negative moments produce positive twist angles. An exception occurs 

at the very beginning, when the maneuver starts instantaneously with a pos-

itive driving moment at zero speed. This causes the twist angle to initially in-

crease in the positive direction. During the first acceleration phase, i.e., from 

0 to 7 seconds, the controller gradually reduces the twist angle, bringing it 

close to zero around the 7 second mark. Figure 4.41 shows that the imple-

mentation of the moment controller reduced the difference between the ref-

erence and actual moment to nearly zero at the steady-state. Furthermore, 

excluding the high peaks at the starting and braking conditions, the error of 

the output moment is reduced substantially, proving the system’s efficiency 

when the proposed speed controller is implemented with a simple moment 

controller 

 

Figure 4.39: LQI* performance in the proposed test 
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Figure 4.40: Twist angles of the CV shafts and axles for both LQI and LQI* control 

 

 

Figure 4.41: Comparison between the reference Mdrive and the actual output moment form 

simulating the proposed maneuver for both LQI and LQI* controllers. 
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4.4 Conclusion 

To bridge the gap between the testing environment and the complexity of 

real driving, the VEL test bench introduces greater fidelity. This test bench 

combines the use of physical vehicles with advanced control systems, ena-

bling highly dynamic and maneuver-based testing. A maneuver-based ap-

proach allows systematic exploration of critical driving scenarios, while ad-

vanced controllers ensure accurate representation of powertrain dynamics 

and driving moments. This creates a framework where both reproducibility 

and realism can be achieved, providing a decisive step forward in aligning 

bench testing with road behavior. Building upon this, the integration of virtual 

environments and steerable test benches further extends the testing capabil-

ity. By combining physical test setups with simulation environments and ena-

bling additional degrees of freedom in wheel steering and vertical excitation, 

it becomes possible to reproduce complex real-world maneuvers within con-

trolled laboratory conditions. This integration supports the evaluation of ve-

hicle behavior under highly dynamic scenarios and enhances the scope of 

testable conditions beyond what roller dynamometers alone can provide. 

From a controller design perspective, the reference adds several important 

insights beyond the general test-bench description. In particular, it demon-

strates how the increased fidelity of maneuver-based and hybrid test envi-

ronments necessitates advanced, model-based control strategies rather than 

classical low order controllers alone. The controller design is explicitly 

grounded in a reduced order but physically motivated state space represen-

tation, which preserves the dominant dynamics relevant for control while re-

maining tractable for synthesis. Optimal control approaches, such as LQ and 

LQI formulations, are shown to be especially suitable in this context, as they 

allow systematic shaping of closed-loop dynamics, active damping of lightly 

damped modes, and explicit trade-offs between performance and control ef-

fort through a quadratic cost function. Moreover, the inclusion of integral ac-

tion within the optimal framework addresses steady-state errors that arise 

from modeling simplifications and unmeasured disturbances inherent to test-
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bench operation. The reference further highlights that controller robustness 

to delays, actuator dynamics, and nonlinear effects must be considered al-

ready at the design stage, as these factors strongly influence stability margins 

in high-bandwidth test scenarios. Overall, the key takeaway for controller de-

sign is that achieving realistic and reproducible vehicle behavior on advanced 

test benches requires optimal, state space-based controllers that are explic-

itly tailored to the dominant system dynamics and validated against delay and 

robustness constraints, thereby ensuring reliable performance under highly 

dynamic maneuver-based testing conditions. 
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5 Implementation of real-world test 
maneuvers on complete vehicle test 
benches 

The limitations of on-road testing, as outlined in the introduction chapter, 

highlight the necessity for controlled and reproducible alternatives in vehicle 

development. Complete vehicle test benches offer such an environment, en-

abling accurate assessments of vehicle performance while reducing the influ-

ence of uncontrollable external factors. However, to meet the increasing de-

mands for efficiency, precision, and shorter development cycles, these 

platforms must evolve beyond conventional configurations toward fully inte-

grated, automated, and maneuver-based systems. 

This chapter examines the implementation of real-world driving maneuvers 

on complete vehicle test benches. The discussion begins with platform con-

figuration and automation, followed by the integration of virtual vehicle com-

ponents through functional mock-up techniques. Subsequently, maneuver-

based simulation and the development of steerable test benches are pre-

sented as key advancements in bridging the gap between standardized test-

ing and realistic driving conditions. Finally, attention is given to the integra-

tion of the VEL controller, the generation of representative driving 

maneuvers, and the application of data-driven approaches, such as deep 

learning and nonlinear system identification, for accurate powertrain model-

ing. This methodology, described in Section 5.3, was proposed in our previous 

study (Alhanouti & Gauterin, 2024b). Together, these topics establish a 

framework for enhancing test bench fidelity and supporting efficient vehicle 

development processes. 
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5.1 Test bench platform configuration and 
automation 

Developers increasingly deal with mechatronic products, where mechanical 

engineering, electrical engineering, and information technology interact 

(Ponn & Lindemann, 2011). A test bench facility is a paradigm of an interdis-

ciplinary mechatronic system. Figure 5.1 demonstrates an adaptable architec-

ture of a test bench facility. It mainly consists of an information technology 

layer, representing the software part of the test bench, including the simula-

tion environment, and the hardware part comprising electrical, mechanical, 

interfacing elements, and the unit under test (UUT) (Paulweber & Lebert, 

2016) 

 

Figure 5.1: An architecture of an adaptable test facility (inspired from (Ponn & Lindemann, 

2011) and (Paulweber & Lebert, 2016). 

The software layer in Figure 5.1 mainly consists of the data processing algo-

rithms, human-machine interface (HMI) modules for the test bench operator 
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and the automation system. Moreover, different measuring and monitoring 

devices within this layer must be integrated depending on the planned test 

tasks. These include, for instance, the detection of the operator control inter-

ventions, recognition of the UUT reactions, and an observation system for 

early detection of any damage to immediately stop the operational process 

before the destruction of the test object or the test bench itself, measure-

ment devices for consumption and fuel gases, calibration tools for the power-

train control units, compensation models for the differences between real 

road tests and test bench environments, and devices for maneuver-based 

testing, which is represented by an environment model that runs in real-time 

to enable determining the operational conditions that implemented via the 

test bench's actuators (Paulweber & Lebert, 2016). 

The connection media between the hardware and software modules is a part 

of the interfacing components, including measuring and computing systems. 

The actuators execute the test bench’s demanded signals by the automation 

system. On the other hand, sensors are required to measure the physical 

quantities and convert them to data signals that are utilized to monitor these 

physical quantities. Therefore, different types of sensor technology and vari-

ous actuators are needed on the test bench platform. 

A synchronized overall system is mandatory to execute complex tasks on the 

test bench, enabling developers to realize activities that reproduce actual 

driving testing. The mechanical parts, electrical components, control algo-

rithms, and automation systems must work together optimally to facilitate 

the transferability and integration of various tools. In order to provide this, 

detailed know-how regarding vehicle systems is required (Paulweber & 

Lebert, 2016). Real-time computing must process all the relevant control sig-

nals for the test bench controller and provide all sensor signals from the UUT. 

Therefore, the temporal behavior of the simulation must be matched to the 

dynamic behavior of the actual process. The correct functioning of the entire 

system is only provided if the simulation system responds to inputs from the 

actuator control signals within a specific period with the output sensor signals 
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(Paulweber & Lebert, 2016; Zahn et al., 2012). Figure 5.2 displays a scheme 

for integrating the test vehicle into a virtual environment, i.e., CarMaker in 

this case, via the test bench 

 

Figure 5.2: Full automated test bench platform (Paulweber & Lebert, 2016). 

The figure demonstrates a variety of interfacing media between the test 

bench, the vehicle, and the host computers. The verified interaction of nu-

merous models and the simulated components allow a realistic virtual con-

ception and validation of the whole system (Paulweber & Lebert, 2016). A 

similar platform was developed in (Pillas, 2017; Pillas et al., 2014). The auto-

mated execution of driving maneuvers is performed with a sequential adjust-

ment of the application parameters for every test scenario in the entire test 

plan. First, adjusting the application parameters relevant to the targeted 

powertrain components, i.e., the engine control unit (ECU). For instance, 

through a measuring and calibration system to realize the desired test goals. 

After adjusting the application parameters, the parameters of a sequence 

program are set within the test bench automation system. This way deter-

mines which driving maneuvers will be carried out under which boundary 
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conditions. After the sequence program has been completed, the process 

starts again until the test program is completed. 

5.1.1 Integration of the virtual vehicle components 
(Functional Mock-Up) 

All individual components of a vehicle have been and are still being further 

optimized by various testing facilities (Albers et al., 2014; Zehetner, Benedikt, 

et al., 2014). The availability of subsystems and components as detailed sim-

ulation models or actual prototypes on performance test benches is funda-

mental for a successful testing procedure (Schyr et al., 2012). The authors of 

(Schmidt et al., 2017) proposed a maneuver-based development process for 

substituting the test object's remaining virtual parts, which could be a part of 

the powertrain or the complete test vehicle. The validation process includes 

the simulated real route profile and the environmental conditions. This sec-

tion reviews useful, practical applications to enable real-world driving for test 

benches. Virtual test driving enables the testing of all vehicle components. 

The term "system simulation" refers to an approach in which the complexity 

of the entire vehicle with its driving conditions, is mapped virtually in a devel-

opment environment by linking one or more components to form an interac-

tive simulation model. In other words, virtual test driving is considered as 

modeling of real-world tests, including the three complex interacting systems 

that are driver, vehicle, and environment (Albers et al., 2014; Zehetner, Stet-

tinger, et al., 2014), see Figure 5.3. 

All systems and components in the virtual vehicle could be interchangeable 

or expandable according to test requirements, whether as a virtual model 

component, software, real ECU, or mechanical components. It is essential 

that any components, whether real or virtual, mechanical, electrical, or from 

different fields, be integrated into the virtual vehicle simulation environment. 

This technique makes it possible to set up an adaptable simulation environ-

ment for almost all test bench types, in which a virtual driving test can be 

carried out for the targeted test object (Paulweber & Lebert, 2016). The so-
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called Functional Mock-up Interface (FMI1) standard has been established in 

the simulation environment to integrate simulation models and tools in a 

standardized way. FMI defines a unified interface that enables the interaction 

of complex simulation models from different physics areas. In other words, 

FMI leads to a coupling of simulation models for various vehicle components 

created with different simulation tools. That can be realized with the help of 

a so-called co-simulation 

 

Figure 5.3: Interactive simulation model for connecting different components and domains 

(Zehetner, Benedikt, et al., 2014). 

The co-simulation approach enables the participating domains to use the 

most suitable simulation tools for modeling the subsystems. It also supports 

the reusability of the subsystems (Zehetner, Stettinger, et al., 2014). With the 

introduction of co-simulation in the modern development process, develop-

ing complex mechatronic systems can be solved very efficiently. The task of a 

co-simulation is to enable the complex interactions of different simulation 

models in a suitable and, above all, reliable way (Paulweber & Lebert, 2016). 

 
1 https://fmi-standard.org/ , retrieved 20.11.2021 

https://fmi-standard.org/
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However, adding co-simulation to the real-time domain poses additional chal-

lenges; it is accompanied by some technical problems that need to be consid-

ered, such as the integration of different simulation tools, a correct data ex-

change, coupling of systems with different dynamic behavior, and ensuring 

the correctness of the simulation results (Paulweber & Lebert, 2016; Zehet-

ner, Benedikt, et al., 2014; Zehetner, Stettinger, et al., 2014). The authors of 

(Rautenberg et al., 2023) presented a relevant approach for coupling the test 

benches virtually to represent hybrid electric vehicles through applying and 

extending the distributed co-simulation protocol standard. Accordingly, they 

provided an overview of related X-in-the-Loop applications and co-simulation 

scenarios. The electric machine and internal combustion test benches were 

connected to a virtual local area network (VLAN) within the university net-

work. In the frame of real-time co-simulation, a distinction is commonly made 

between real-time and non-real-time systems. Real-time systems (RT), i.e., 

actual hardware systems, must satisfy the so-called hard real-time conditions, 

such as definite response time and deterministic runtime performance. On 

the other hand, non-real-time systems (nonRT) typically come in the form of 

offline simulation models that do not fulfill these conditions but might be ex-

ecuted faster than real-time, i.e., quasi-real-time systems. With execution 

time faster than in real-time, subsystems can only be applied for the real-time 

co-simulation platform (Zehetner, Benedikt, et al., 2014). Therefore, the of-

fline simulation tools are coupled with the virtual vehicle via the independent 

co-simulation platform (ICOS2), whereby each system can run at least faster 

than real-time, i.e., quasi-real-time (Zehetner, Stettinger, et al., 2014). Figure 

5.4 represents the integration between RT and nonRT subsystems. 

The main problem of real-time co-simulation is the so-called round-trip times. 

Due to finite communication, computation, or data processing times, they oc-

cur in closed-loop systems. The inherent time delays and noisy measurement 

signals result in significant signal oscillations and, in the worst case, unstable 

 
2 http://www.v2c2.at/icos, retrieved 20.11.2021 

http://www.v2c2.at/icos
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closed-loop behavior. The outcome would be a distorted regeneration of the 

actual system 

 

Figure 5.4: Interaction levels between real-time and non-real-time components (Zehetner et al., 

2014a). 

Therefore, particular connection elements must guarantee a correct time 

coupling between the real-time and non-time systems. The round-trip times 

in the overall system must be kept as small as possible to ensure the stability 

of existing control loops (Paulweber & Lebert, 2016). By inserting the coupling 

element in the outward and return branch of the closed-loop, a breakup of 

this loop will occur, as shown in Figure 5.5. A model-based coupling strategy 

can solve this problem (Zehetner, Benedikt, et al., 2014; Zehetner, Stettinger, 

et al., 2014), which adopts an improved extrapolation method that predicts 

the future quantities of the coupling signals. In addition, an error compensa-

tion is utilized to suppress the noise in the signal paths. The result was re-

duced response times, and thus, improved dynamics of the closed-loop sys-

tem were achieved 
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Figure 5.5: Coupling of real-time systems or real-time with non-real-time systems (Paulweber & 

Lebert, 2016). 

As an example, this strategy is illustrated to control an engine test bench, as 

shown in Figure 5.6. This topic is the focus of the research project ACoRTA3 

(Advanced Co-Simulation Methods for Real-Time Applications). More details 

about the ACoRTA project are available in (Krammer et al., 2016). 

 

 

Figure 5.6: Structure and application scenario of a test bench (Zehetner, Benedikt, et al., 2014) 

 
3 https://www.v2c2.at/acorta-3/, retrieved 20.11.2021 

https://www.v2c2.at/acorta-3/
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5.1.2 Maneuver-based simulation 

Maneuver-based testing becomes a decisive contribution to implementing an 

efficient development process. This maneuver-based approach allows the 

evaluation and optimization of the vehicle or powertrain and its interaction 

with the environment in all phases of the development process (Paulweber & 

Lebert, 2016). In particular, the maneuver-based approach makes it possible 

to simulate critical operating conditions and advanced driving scenarios, and 

vary the influencing parameters, e.g., vehicle’s powertrain parameters, route 

landscape, and environmental conditions (Maschmeyer et al., 2016). For ex-

ample, an implementation of maneuver-based testing is made in (Matros et 

al., 2015). As shown in Figure 5.7, simulation models were created with 

Matlab/Simulink to generate the driving maneuvers and the consequent driv-

ing resistances 

 

Figure 5.7: Maneuver-based testing implementation on an integrated test bench platform 

(Matros et al., 2015). 
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A driving robot, which operates the pedals and the gear lever, was employed 

to ensure reproducible measurements. The user controls the test bench en-

vironment via the client and graphical user interface (GUI) computer. The ma-

neuver data are compiled on the computer and conveyed to the real-time 

system via a TCP/IP connection4. The real-time host enables the exchange of 

signals with the driving robot, the vehicle under test, and the test bench. Sim-

ilarly, the authors of (O. Gietelink et al., 2006; O. J. Gietelink et al., 2009), em-

ployed a Vehicle-in-the-loop (ViL) simulation with other robot vehicles to re-

produce the traffic environment. More to this topic, a systematic approach 

for model-based validation for a construction vehicle was developed in (Schyr 

et al., 2012). All subsystems and ECU functions were mapped virtually in the 

specification phase of development, and the entire vehicle was reconstructed 

in the form of individual FMI submodels. 

Table 5.1 compares the testing features between road load simulation (RLS), 

maneuver-based simulation, and actual street driving. The sign (++) repre-

sents a very fitting/suitable application quality, (+) represents a decent-per-

forming property. Poorly accomplished features are denoted by (-), and (--) 

means hard to accomplish. Generally, it can be said that the testing ap-

proaches reviewed in Table 5.1 have various advantages and disadvantages. 

For instance, although the maneuver-based offers all the options for examin-

ing the dynamic behavior of drives, it is still very complex compared to the 

RLS approach. Therefore, the methods and tools must be explicitly selected 

for the tasks in a specific development phase (Maschmeyer et al., 2016). The 

focus in this work would be on the maneuver-based approach. 

 
4 Transmission Control Protocol / Internet Protocol (TCP / IP) are a family of network protocols 

and is also referred to as the Internet Protocol family because of its importance for the Inter-

net. The identification of the computers participating in the network takes place via IP ad-

dresses. A machine, or generally a device with an IP address, is called a host in TCP / IP (Fall & 

Stevens, 2011). 
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Table 5.1: Assessment for different testing approaches used in development approaches, based 

on (Maschmeyer et al., 2016; Paulweber & Lebert, 2016) 

Testing features RLS Maneuver-

based 

Street 

measurements 

Reproducibility ++ ++ -- 

Parametrization and application effort ++ + ++ 

Integration effort in the testing ++ + ++ 

Standardizability ++ ++ - 

Automation capability ++ ++ + 

Parameter variation flexibility5 - ++ + 

Reliability of the results - + ++ 

5.1.3 Steerable test benches 

The steerable test benches are developed to allow the steering of the front 

wheels and even vertical excitation. These assets contribute to bridging the 

gap between real-world driving and ViL simulation. In addition, the steerable 

test benches took the ViL testing to a new level by enabling more degrees of 

freedom in automotive testing (Schenk, 2007). A steerable test bench that 

permits steering while driving was developed in (Schenk et al., 2006), which 

is demonstrated in Figure 5.8.  

This test bench was used to develop a testing approach for improving the 

driver assistance functionality in accident avoidance. A concept to compen-

sate for the disparity between conventional hardware-in-the-loop (HiL) test-

ing and real road testing was proposed in (Schyr & Brissard, 2016). A ViL con-

cept with an advanced simulation tool realized this method. This kind of 

application that requires actual steering action is beyond the testing capaci-

ties for chassis roller dynamometer and powertrain test benches 

 
5 Including the different options of vehicle model, driver type, and route characteristics. 
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Figure 5.8: Complete test bench in SPARC6 project (Schenk, 2007). 

The authors of (Fietzek & Rinderknecht, 2015) developed a prototype for an-

other steerable test bench. Their proposed configuration contributes to con-

sidering the vertical degree of freedom by employing a vertical hydraulic ac-

tuator. With this feature, the road inclination and unevenness can be 

simulated. Moreover, Noise, Vibration, and Harshness (NVH) tests can be per-

formed. Figure 5.9 demonstrates the test bench layout developed in (Fietzek 

& Rinderknecht, 2015) 

 

Figure 5.9: Steerable test bench with vertical actuators (Fietzek & Rinderknecht, 2015). 

 
6 SPARC: Secure Propulsion using Advanced Redundant Control 
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The flat belt test bench is a different type of the steerable test benches. With 

this type, there is no direct coupling between the wheel hub of the test vehi-

cle and the corresponding loading machine; instead, the tire rolls on a flat 

belt. Moreover, steering action and the simulation of vertical excitations are 

possible in this setup. This concept can be realized through a steward plat-

form, which supports the flat belt systems from underneath, as shown in Fig-

ure 5.10(a), or by controlling vertical actuators on the flat belt systems and 

the body of the test vehicle itself, as shown in Figure 5.10(b). The flat belt test 

bench enables a highly realistic simulation of the VUT traction performance 

(Ahlert et al., 2018; Fietzek & Rinderknecht, 2015). The main limitation of the 

flat belt test bench type is the incapability to simulate different friction coef-

ficients between the tire and the belt. This limitation makes simulating ma-

neuvers with sudden changes in friction, such as ABS applications or driving 

on a μ-split roadway, very challenging (Fietzek & Rinderknecht, 2015) 

  

Figure 5.10: Flat belt test rig (left) with steward platform mechanisms (Fietzek & Rinderknecht, 

2015) (right) with vertical actuators (Ahlert et al., 2018). 

The integration of ViL concepts within the VEL further strengthens its role in 

the advancement in maneuver-based simulation testing. However, in com-

parison to the other steerable test bench concepts, the VEL remains limited 

in its capability to reproduce road unevenness, NVH effects, and full six-de-

gree-of-freedom dynamics. Later developments, such as flat-belt systems 

supported by Stewart platforms or vertical actuators, expanded the test 
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space to include high-fidelity traction performance and more complex vehicle 

dynamics, though the flat-belt systems still face constraints in replicating var-

iable friction conditions. Consequently, the evolution of VEL would benefit 

from incorporating extended vertical and multiple degrees of freedom actu-

ation capabilities to reach the broader realism achieved in later test bench 

generations. Basically, the VEL can be regarded as an essential first step in the 

progression toward advanced 3D steerable test benches, establishing the 

methodological and technological groundwork for their development. 

5.1.4 Integrating the VEL controller with the CarMaker 
simulation environment 

The vehicle dynamics model developed in Section 2.1 is employed to deter-

mine the moment and rotational speed at each wheel corresponding to the 

applied driving maneuvers. This model also proved valuable for characterizing 

the dynamic behavior of the test vehicle on the roller dynamometer. Under 

typical driving conditions, the simulation demonstrated high accuracy in re-

producing on-road vehicle dynamics, excluding extreme situations such as 

slippery or uneven surfaces. However, its reliability decreased when applied 

to highly dynamic maneuvers involving significant lateral motion. In contrast, 

the CarMaker model offers a more detailed and precise representation of ve-

hicle behavior but requires more extensive parameterization data to accu-

rately define the test vehicle dynamics. Given that CarMaker is readily availa-

ble within the current testing environment, it is adopted for the subsequent 

sections of this work.  

As the proposed controller in Section 4.3 has been validated, the combined 

powertrain mechanical model with the controlled VEL model, which will be 

labeled as the VEL model – Level 1, should be validated next. This combination 

will then be integrated with a physical powertrain model that simulates the 

motor’s moment. This higher-level model will be called the VEL model – Level 

2. Furthermore, the CarMaker model for the VUT will supply the required 

physical quantities associated with the performed maneuver to investigate 



5.1 Test bench platform configuration and automation 

169 

the energy consumption in the VEL test bench testing environment, as 

demonstrated in Figure 5.11. The vehicle dynamic model developed in Chap-

ter 0, i.e., includes driving resistances, body dynamics, vertical load, and tire 

model, determined the driving resistance for the standard driving cycles and 

the field driving maneuver with the VUT. Nonetheless, when highly dynamic 

maneuvers are required, more detailed simulation models for the VUT have 

to be implemented. Incorporating the CarMaker model would be the sensible 

next step. The battery-pack, electrical motor, power electronics, gearboxes, 

and the powertrain losses are simulated in MATLAB/Simulink environment 
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Figure 5.11: VEL model – Level 1 and Level 2. 
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Figure 5.11 demonstrates the co-simulation between the MATLAB/Simulink 

and CarMaker. A loop is formed by providing the motor’s driving moment to 

the CarMaker model. Then, CarMaker returns the corresponding dynamic sig-

nals, which are the desired reference signals for the controller, namely, ωref,FL, 

ωref,FR, Mdrive,ref, and pMC for each wheel. This system will be utilized to investi-

gate the influence of testing on the VEL test bench on energy consumption 

compared to the street driving case. The WLTP3 test cycle is initially per-

formed with the system in Figure 5.11. The desired angular speed and the 

corresponding total moment on the driving wheels are acquired from the Car-

Maker model of the vehicle under test. Figure 5.12 and Figure 5.13 demon-

strate the results of applying the WLTP3 driving cycle to the complete simu-

lation model, which combines the VEL and powertrain physical model with 

the speed and moment controllers 

 

Figure 5.12: A comparison between the simulated (reference) and estimated (controlled) 

moment from applying the LQI* controller in the WLTP3 test simulation 
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Figure 5.13: A comparison between the reference and controlled angular speed from applying 

the LQI* controller in the WLTP3 test simulation. 

These results prove a high effectivity for angular speed and moment control. 

The powertrain model generates a driving moment of up to 104 Nm in this 

simulation test, which is about 42% of the maximum motor moment. The cor-

responding powertrain’s moment estimation also has a high correlation accu-

racy of 0.999561 and RMSE of 1.95 Nm to the desired moment signal. The 

angular speed is estimated precisely with a correlation and RMSE values of 

0.999998 and 0.067 rad/s, respectively, to the reference signal. These results 

are promising for accurate energy estimation on the VEL test bench. 
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5.2 Generation of real driving maneuvers on the 
test bench platform 

The backward simulation model introduced in Section 2.3 demonstrated high 

accuracy in validating the vehicle under test (VUT) energy consumption dur-

ing road testing (Section 2.4), as well as in validating the model shown in Fig-

ure 3.24, which is specifically designed for roller dynamometer testing. A key 

characteristic shared by both validation scenarios, and the main reason for 

the effectiveness of the backward simulation approach, is its ability to esti-

mate the driving moment based on the measured vehicle speed during the 

maneuver. However, this condition does not hold for the VEL test bench, 

where the absence of physical tire–road interaction makes vehicle speed and 

driving moment controlled output variables. As a result, a forward simulation 

framework is required to determine the reference values for these parame-

ters. In this context, the energy consumption model illustrated in Figure 2.23 

is integrated within the powertrain losses model, excluding the backward ve-

hicle dynamics component. In this configuration, the rotational speed and 

moment are provided by the VEL model - Level 2, which employs a forward 

simulation methodology to determine the required reference quantities. 

A virtual model was developed in Figure 5.11, which comprising the vehicle, 

its driving environment, and the VEL test bench. So far, the driving moment 

has been approximated using a physical powertrain model. However, the ac-

curacy of this estimation is influenced by the availability of model parameters 

and the complexity level of the powertrain representation. To overcome 

these limitations, it is advantageous to pursue an approach that explicitly 

models the powertrain driving moment. Given the objective of preparing the 

VEL test bench for realistic driving scenarios, this section presents a review of 

state-of-the-art methods for generating real-world driving maneuvers. Based 

on the insights gained from this review, a suitable modeling approach will be 

proposed in the subsequent section. 
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Test maneuvers may be divided into two major categories: Performance7 and 

functional8 analysis (Paulweber & Lebert, 2016). The maneuvers are executed 

as straight or combined driving tests, which involve longitudinal, lateral, and 

vertical influences. These tests can also be performed on the test bench facil-

ities, fully or partially, according to the test requirements and the test bench’s 

complexity level. For the practical implementation of the maneuver-based 

test procedure, some specifications are stipulated for the integrated test plat-

form, according to (Paulweber & Lebert, 2016; Schyr et al., 2012): 

• Consistent platform use, starting from software-in-the-loop, to hard-

ware-in-the-loop, until the actual prototype vehicle implementation, 

• efficient integration of simulation models and ECU functions from 

different domains and model environments. These must manage 

and store large amounts of data generated by various vehicle sys-

tems for different vehicles, 

• efficient integration of vehicle systems and components into the test 

bench. Real-time and intelligent synchronization mechanisms are 

needed for this purpose, 

• realistic reconstruction of real-use situations and driving scenarios 

by robust maneuver control, 

• high productivity through performance and usability, such as inter-

active maneuver control, and efficient test automation, 

• and visualization and analysis tools. In addition, the increase in the 

amount of data in the design of the test procedures must be taken 

into account, which requires efficient processes for data plausibility, 

evaluation, storage. 

 

In order to generate more realistic results of actual driving maneuvers on a 

 
7 The performance tests involve the produced power by the UUT, which is determined over 

the entire working range and under specified test conditions. 
8 The functional tests are used to optimize and verify the overall system functions—for in-

stance, the investigation of the UUT response to the variations in the test conditions. 
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test bench, a reference speed and the corresponding driving resistances are 

obtained from a real-world route simulation (Joshi, 2017b, 2017a; Paulweber 

& Lebert, 2016). Calibration and development of powertrain systems can im-

port navigation map data to derive an efficient operating state. Based on 

these data, the reproduction of real driving maneuvers is best manifested 

with a simulation environment tool, such as CarMaker. The test object can be 

integrated as a model or actual component in a real-time simulation. Ulti-

mately, the entire vehicle’s performance may be analyzed and evaluated us-

ing data from real routes using a maneuver-based approach (Sciuto & 

Hellmund, 2001). 

Efforts have been made to develop and implement driving simulators for traf-

fic safety research and the advanced development of unconventional vehicle 

concepts. For example, data of actual 3D road courses from a navigation sys-

tem, map services, or own 3D route measurements could be imported into 

the simulation environment, providing various roadway roughness profiles. A 

representative application for this functionality was made in (Geneder et al., 

2014), by implementing a test bench with a GPS-based navigation system ap-

plication, as shown in Figure 5.14. Prediction of the driving conditions is an 

essential step for real routes simulation, which can be classified into two 

methods, according to the availability of the driving destination information 

(Mei et al., 2023): First, if the destination is known, the vehicle speed and the 

altitude changes are evaluated based on the future route segment infor-

mation. Route segment information is divided into fixed, including road speed 

limit and altitude data, while real-time data provides road adhesion, traffic 

jams, and weather conditions. Second, if the destination is unknown, stochas-

tic models are used to predict the virtual driving conditions by employing the 

stored statistical data of the vehicle in the present area to estimate vehicle 

energy consumption. An interesting method for a stochastic model that con-

nects the vehicle with the data cloud to predict the remaining driving range is 

presented in (Sun et al., 2022). The authors’ concept was based on estimating 

the remaining discharge energy in the battery by predicting the forthcoming 

operating conditions. The results showed that the proposed vehicle-cloud 
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collaboration solution could improve the accuracy of the remaining driving 

range within an accuracy of 5% 

 

Figure 5.14: Development of advanced driving concept test bench (Geneder et al., 2014). 

It is essential to select the most appropriate test for specific tasks through 

deterministic, statistical, or experimental methods (Braess & Seiffert, 2011). 

It is also crucial that the maneuver test would stimulate the system to reveal 

its characteristics. The focus of this work will be on the energy consumption 

tests to investigate the integrated system of the VUT and the test bench in 

real-world performance test maneuvers. Based on predefined speed and road 

profiles. 
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5.3 Identification of nonlinear systems using deep-
learning approaches 

The control algorithm developed in Section 4.3 needs a reference moment 

signal, besides the reference speed signal, to achieve the related power value 

at every instant. However, demanding the moment directly from the vehicle 

control unit (VCU) is not always possible. Based on that, it is necessary to 

identify the powertrain moment based on the accelerator pedal position. Fur-

thermore, developing moment demand predictive models would be a helpful 

approach toward accurate energy consumption estimation during real driving 

routes (Alhanouti & Gauterin, 2023b, 2024a, 2024b; He et al., 2021; Y. Zhang 

et al., 2021). 

Empirical modeling methods, such as black-box model identification, contrast 

sharply with theoretical or physics-based modeling approaches. In empirical 

modeling, only system measurement data are required, eliminating the need 

for extensive prior knowledge of the underlying physical equations or param-

eters. This makes empirical methods particularly efficient for complex sys-

tems, as they enable rapid model development with significantly less effort 

and computational cost compared to theoretical modeling (Isermann & 

Münchhof, 2011). Moreover, empirical models generally require shorter com-

putation times for model evaluation and optimization, which is advantageous 

for iterative design and control applications. However, a key limitation of em-

pirical approaches is their inability to provide explicit insight into the physical 

relationships or design factors influencing system behavior (Pillas, 2017). 

Among empirical modeling techniques, polynomial models are widely used 

because of their simplicity, ease of implementation, and low computational 

requirements (Isermann & Münchhof, 2011). These models are expressed as 

a linear combination of regressors and coefficients, where regressors are al-

gebraic functions of input variables, typically represented through multiplica-

tion or exponentiation. Despite describing nonlinear system behaviors, poly-

nomial models are referred to as linear because their coefficients entered to 
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the model linearly. The term “linear” relates to the relation between coeffi-

cients and the prediction space rather than between input and output varia-

bles. Based on polynomial formulations, continuously differentiable nonlin-

ear system models can be established for more accurate dynamic 

representation(Alhanouti & Gauterin, 2024b; Pillas, 2017). 

5.3.1 Relation between the accelerator pedal and vehicle 
control unit 

A simplified representation of the control unit functions influencing the dy-

namic transmission behavior of the VUT powertrain is shown in Figure 5.15 

 

Figure 5.15: Simplified schematic for the interfacing between the accelerator pedal and the 

electrical motor in the VUT (Kubaisi, 2018). 

The overall chain of influence in the powertrain system begins with the de-

tection of the accelerator pedal angle by a sensor. The digitized pedal per-

centage signal (SD) serves as an input variable to the Vehicle Control Unit 

(VCU). The VCU determines the driver’s desired torque based on current 
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driving conditions and system constraints, thereby defining the motor’s max-

imum available torque output. The desired moment froms the basis for de-

termining the final driving moment Mdrive. In addition to the driver input, aux-

iliary units, vehicle dynamics controllers, and components’ control unit 

functions also affect the VCU output. These additional functions ensure plau-

sibility checks and coordinate the electric motor’s target torque formation. 

Moreover, during dynamic maneuvers, comfort oriented subsystems, which 

are commonly known as comfort functions, are activated to enhance subjec-

tive driving smoothness and responsiveness. The exact configuration of these 

comfort functions varies according to the drivetrain architecture (Pillas, 

2017). 

5.3.2 Nonlinear autoregressive exogenous model 

When linear polynomial models fail to adequately capture nonlinear system 

dynamics, nonlinear regression models are utilized. Recently, data-driven and 

machine learning methods have become increasingly prevalent in automotive 

system identification due to their reduced computational burden, scalability, 

and predictive performance (Ricci et al., 2023). Among these, artificial neural 

networks (ANNs) are widely adopted for modeling complex nonlinear map-

pings between multiple input and output variables (Nelles, 2020). ANNs are 

capable of performing a wide range of tasks, including function approxima-

tion, system identification, classification, regression, clustering, and optimiza-

tion. However, their performance can deteriorate in systems with unknown 

delays or feedback dynamics. To address these limitations, the nonlinear au-

toregressive exogenous model (NARX) network integrates feedback connec-

tions between input and output layers, enabling accurate modeling of dy-

namic systems with time delays (Munagala & Jatoth, 2023). This feedback 

mechanism enhances the ANN’s capability to capture temporal dependen-

cies, accelerates convergence during training, reduces the required dataset 

size, and improves overall modeling accuracy. As a result, NARX networks 

have been applied extensively across industrial domains, including power sys-

tem modeling, internal combustion engine control (Glass, 1999), and dynamic 
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prediction of electric powertrains (Munagala & Jatoth, 2023; Ricci et al., 2023; 

He et al., 2021; Y. Zhang et al., 2021; Togun et al., 2012). 

A NARX network surpasses static neural networks in learning long-term de-

pendencies and is particularly effective for real-time automotive applications. 

For example, (Zhou et al., 2019) applied a dynamic NARX-based neural net-

work to characterize braking intensity influenced by driver actions, demon-

strating the model’s capacity to capture sequential behavioral dependencies. 

Similarly,(Grady et al., 2022) employed neural networks to model steering, 

acceleration, and braking systems in autonomous vehicles, observing strong 

tracking performance, although the NARX-based acceleration model exhib-

ited slightly reduced accuracy. In another study, (Alghafir & Dunne, 2012) de-

veloped a computationally efficient NARX-ANN model to describe the nonlin-

ear, thermally sensitive behavior of hydraulic dampers, enabling virtual 

tuning of suspension systems under high-frequency loads. Furthermore, (He 

et al., 2021) proposed a multivariate deep neural network with long short-

term memory units to estimate dynamic brake pressure in electric vehicles, 

reporting that NARX approaches outperform traditional regression and sup-

port vector prediction methods (Montgomery & Runger, 2010). In an EV con-

text, (Munagala & Jatoth, 2023) successfully identified and controlled a sepa-

rately excited DC motor using NARX-based system modeling, achieving rapid 

and accurate response to setpoint variations. Similarly, (Forrier et al., 2020) 

demonstrated that NARX networks can accurately characterize torque gener-

ation in induction motors as part of electric powertrains. Although several 

studies validated NARX models using simulated driving cycles, few have fo-

cused on torque prediction under real-world dynamic driving conditions, 

which is a gap that will be addressed in this section. The autoregressive exog-

enous (ARX) model for the linear system is given in equations (5.1) – (5.3) 

(Togun et al., 2012): 

𝑨(𝑞−1)𝑦(𝑡) = 𝑩(𝑞−1)𝑢(𝑡) + 𝑒(𝑡) (5.1) 

𝑨(𝑞−1) = 1 + 𝑎1𝑞
−1 + 𝑎2𝑞

−2 +⋯+ 𝑎𝑛𝑎𝑞
−𝑛𝑎 (5.2) 

𝑩(𝑞−1) = 𝑏0 + 𝑏1𝑞
−1 + 𝑏2𝑞

−2 +⋯+ 𝑏𝑛𝑏𝑞
−𝑛𝑏 (5.3) 
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where q denotes the backward shift operator, i.e., y(t-1) = q-1 y(t). The linear 

system input and output are u(t) and y(t), respectively. The immeasurable 

noise sequence is denoted as e(t). The parameters ai and bi are real coeffi-

cients, and na and nb are the orders of the polynomials A and B, respectively. 

The activation function used in the building nonlinear network is the sigmoid 

function that is shown in Figure 5.16 

 

Figure 5.16: Sigmoid function9 (Alhanouti & Gauterin, 2024b). 

The sigmoid function is described by equation (5.4) (MathWorks Inc., 2023): 

𝑆(𝑿) =∑𝑠𝑖𝑓(𝑿(𝑡)
𝑇𝑸 𝒅𝒊 + 𝑐𝑖)

𝑛

𝑖=1

 (5.4) 

- X(t) is m-by-1 vector of regressors, i.e., X(t) = [x1(t), x2(t), …, xm(t)] T 

- Q is an m-by-p projection matrix, where m ≥ p. 

- s1, s2, …, sn are scalar weights called output coefficients. 

 
9 https://www.researchgate.net/publication/338580890_Modeling_on_Feature_Vec-

tors_in_Compressed_Spaces_by_the_use_of_Neural_network_techniques . Retrieved De-

cember 19, 2024. 
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- d1, d2, …, dn are p-by-1 vectors called dilation coefficients. 

- c1, c2, …, cn are scalars called translations. 

- 𝑓(𝑧) =
1

e−𝑧+1
 is the sigmoid function, also called a unit function of 

the sigmoid network. Here, z is a scalar of the quantity XTQ di + ci. 

The sigmoid network is a mathematical function that maps m inputs to a sca-

lar output y(t) applying the relationship (5.5) (MathWorks Inc., 2023): 

𝑦(𝑡) = 𝑦0 + 𝑿(𝑡)
𝑇𝑷𝑳 + 𝑆(𝑿(𝑡)) (5.5) 

- y0 is a scalar output offset. 

- P is m-by-p projection matrix, where m is the number of regressors 

and p is the number of linear weights vectors. 

- L is a p-by-1 weights vector. 

- S(X(t)) is a sum of dilated and translated sigmoid functions. The total 

number of sigmoid functions is the number of units n of the network. 

A NARX model contains regressors and an output function. The output func-

tion includes mapping objects; each model output has a single mapping ob-

ject. The mapping function implements a combination of an offset, linear 

weights, and a nonlinear function to estimate the output. The nonlinear net-

work is selected to be a sigmoid function. The block diagram illustrated in Fig-

ure 5.17 represents the arrangement of a single-output NARX model. The 

NARX model output y is calculated in two stages: First, regressors are con-

structed from current and past input values as well as past outputs. Then, 

these regressors are mapped to the output using an output function block 

comprising offset, linear, and nonlinear terms in parallel (Sjöberg et al., 1995). 

The linear term in equation (5.5) is denoted by XTPL, while S(X(t)) represents 

the nonlinear function. The model implementation in this work follows an in-

cremental procedure: a three-input, single-output linear torque model is first 

estimated, then extended to a nonlinear NARX model by incorporating a sin-

gle hidden-layer sigmoid network in parallel (MathWorks Inc., 2023; Singh & 

Sznaier, 2021) 
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Figure 5.17: Schematic for the NARX model (Alhanouti & Gauterin, 2024b). 

5.3.3 Training the NARX model using a real-world route data 

The reference VUT CarMaker model will be utilized to generate the necessary 

data for the empirical modeling. This model represents a more detailed and 

physically accurate simulation compared to the model presented in Section 

2.1. While such data would typically be obtained from real-world test drives, 

the use of the CarMaker model serves as a practical alternative to physical 

experimentation. This approach demonstrates the value of a validated simu-

lation model, particularly in situations where conducting tests with the actual 

vehicle is challenging. For example, due to unfavorable weather conditions. 

Furthermore, the use of the virtual model significantly reduces the time and 

effort required for data collection. Therefore, simulation data will be used in-

stead of actual measurement data for the VUT as a reference for the NARX 

model. Proper selecting of a test maneuver to obtain the training or validation 

data should consider covering as many operating points as possible, which 



5.3 Identification of nonlinear systems using deep-learning approaches 

183 

helps obtain sufficient information about the system’s behavior with as little 

test effort as possible (Pillas, 2017). Based upon that, a real-world driving 

(RWD) scenario already created in CarMaker is implemented. The driving sce-

nario used for model training begins from Karlsruhe city, in Germany, and fol-

lows a closed-loop route covering urban, suburban, and highway conditions. 

The route includes varying elevation profiles exceeding 400 m above the ref-

erence starting point and diverse dynamic resistances such as acceleration, 

deceleration, and curved segments. Figure 5.18 demonstrates the driving 

path 

 

Figure 5.18: Real-world driving (RWD) route (Alhanouti & Gauterin, 2024b). 
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Figure 5.19 presents a surface plot of the simulated pedal position (SD), the 

average angular speed of the driven wheels (ω), and the estimated motor’s 

moment (Me). This figure highlights the expected inverse relation between 

torque and speed, the full operational coverage of each variable, and the in-

herent nonlinearities of the electric powertrain system 

 

Figure 5.19: Accelerator pedal position vs. angular speed vs. motor’s moment during the RWD 

maneuver (Alhanouti & Gauterin, 2024b). 

The ICE moment model proposed by (Pillas, 2017) linked pedal position per-

centage, angular velocity, and vehicle speed. In this study, analogous varia-

bles are used for electric motor moment modeling via NARX, with the added 

challenge of a more dynamic dataset. Figure 5.20 illustrates the simulation 

results for the input variables Vx, SD, and ω, and a single output Me 
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Figure 5.20: Simulated data corresponding to the RWD maneuver (Alhanouti & Gauterin, 

2024b). 

As depicted in Figure 5.21, the dark green regions in Figure 5.21(a) and (c) 

represent the intersections between SD and Me. The clear dissimilarity in data 

distribution between SD and Me confirms that Me cannot be accurately pre-

dicted from pedal input SD alone. Furthermore, the dataset collected from 

real-world driving (RWD) covers a broader range of operating conditions than 

the Artemis cycle, indicating that even highly dynamic standardized cycles 

may be insufficient for accurate model identification. For instance, during the 
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Artemis cycle, the maximum recorded pedal position and moment were 77% 

and 109.55 Nm, respectively, as illustrated in Figure 5.21(d). Whereas the 

RWD data achieved full-range excitation for both variables, as shown in Figure 

5.21(b) 

 

Figure 5.21: Data distribution of SD and Me for the training data (RWD maneuver) and the 

validation data (Artemis driving cycle): (a) histogram of SD and Me for estimation data; (b) SD vs 

Me for estimation data; (c) histogram of SD and Me for validation data; (d) SD vs Me for validation 

data (Alhanouti & Gauterin, 2024b). 

The complete dataset is used for NARX model identification, while the Arte-

mis highway cycle, with maximum speed of 130 km/h, serves as the validation 

dataset due to its high dynamic content. Figure 5.22 schematically depicts the 

model identification workflow. Initially, the linear portion of the NARX model 

is identified, as shown in Figure 5.23, using a regressor vector X(t) with n = 4, 

i.e., 𝑿(𝑡) = [

𝑉𝑥(𝑡) … 𝑉𝑥(𝑡 − 4)
𝑆𝐷(𝑡) … 𝑆𝐷(𝑡 − 4)
𝜔(𝑡) … 𝜔(𝑡 − 4)

𝑀𝑒(𝑡 − 1) … 𝑀𝑒(𝑡 − 4)

] 
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Figure 5.22: Identification of the NARX model using the RWD data (Alhanouti & Gauterin, 

2024b) 

  

Figure 5.23: Fitness of the linear part of the NARX model to the estimation data (Alhanouti & 

Gauterin, 2024b). 

Model accuracy is quantified using the Normalized Root Mean Square Error 

(NRMSE), as defined in equation (5.6) in terms of fitness percentage 
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𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = (1 − NRMSE) × 100% = (1 −
‖𝒚 − 𝒚̂‖

‖𝒚 − mean(𝒚)‖
) × 100% (5.6) 

where y represents the reference data and ŷ is the identified model output. 

The linear model achieved a fitness value of 57%, confirming the need for a 

nonlinear extension. After incorporating nonlinear and offset components, 

the final NARX model achieved excellent fitness values of 98.25% for the train-

ing data and 98.03% for the validation data, as Figure 5.24 illustrates. These 

results prove the model’s ability to predict motor moment accurately during 

highly dynamic maneuvers. The Artemis driving cycle is used as a validation 

dataset for the NARX model 

 

Figure 5.24: Fitness of the NARX model to the estimation and validation data (Alhanouti & 

Gauterin, 2024b). 
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5.4 Evaluating the performance of the VEL 
simulation model 

Having the NARX model identified and validated, it can be integrated into the 

VEL test bench system model, as illustrated in Figure 5.25 
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Figure 5.25: VEL model – Level 1 and Level 3. 

The NARX model replaces the powertrain model in Figure 5.11 to form the 

VEL model – Level 3. It is desired to advocate that the identified driving mo-

ment model represents the actual vehicle. So, the measured data from the 
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same street test in Section 2.4 are used for this purpose. The results in Figure 

5.26 demonstrate a high correlation of 0.994 between the estimated and 

measured motor’s moment, and an associated RMSE value of 1.05 Nm, which 

approves the accuracy of the identified NARX model 

 

Figure 5.26: Correlation between the measured and estimated total driving moment on the 

wheels during the field test maneuver, using the VEL model – Level 3 (Alhanouti & Gauterin, 

2024b). 

At each instant, the accelerator pedal position value (SD), along with the speed 

(Vx) and the average angular speed of the driving wheels (ω), are given to the 

NARX Simulink model to calculate the corresponding motor driving moment, 

which is returned as the total driving moment on the axles of the driving 

wheels after modified according to the total gear transmission. Then, the Car-

Maker model, including the tire model from CarMaker, of the test vehicle 

computes the reference input quantities for the LQI* controller, which are the 

angular speed of each wheel and the final driving moment (Mdrive,ref). A further 

quantity needed from the CarMaker model is the hydraulic braking pressure 
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for each wheel, which affects the Simulink powertrain model as a braking mo-

ment on each associated wheel, as elaborated in Section 2.1.5. It is necessary 

to investigate the accuracy of the complete VEL test bench system model (VEL 

model – Level 3) shown in Figure 5.25, which incorporates the integrated VEL 

and powertrain Simulink model, the LQI* controller, and the NARX model. 

Figure 5.27 – Figure 5.28 show the accuracy of the VEL model – Level 3 per-

forming the RWD maneuver 

 

Figure 5.27: Correlation between the reference and controlled front wheels’ angular speeds 

during the RWD maneuver, using the VEL model – Level 3. 

The performance of the manipulated front left wheel angular speed (ωVEL,FL) 

and the front right wheels (ωVEL,FR) are both identical with correlations of 

0.999 and associated RMSE of 0.107 Nm, compared to their corresponding 

reference signals ωRef,FL and ωRef,FR, respectively. While M*drive, compared to 

Mdrive,ref, achieved a 0.986 correlation and a RMSE equals to 4.671 Nm. The 

integrated model's accuracy is related to the accuracy of its contained 
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models, which reflects high accuracy for a system with multiple concatenated 

models 

 

Figure 5.28: Correlation between the reference and controlled motor driving moment during 

the RWD maneuver, using the VEL model – Level 3. 

The same RWD maneuver is used to validate the braking moment generated 

from the VEL model - Level 3 compared to the expected braking moment from 

the CarMaker model as it underwent the same maneuver. This step is neces-

sary to confirm that the VUT model in the CarMaker simulation environment, 

which is used as a reference, and the physical Simulink VEL model are working 

equivalently. Succeeding this proves that an actual braking actuation on a ve-

hicle mounted on the VEL test bench is achievable as desired. Figure 5.29 

demonstrates the performance of NARX with the RWD maneuver simulation. 

The total braking moment from the VEL model - Level 3 (Mbrake,VEL) matches 
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the expected braking moment (Mbrake,ref) from the CarMaker model with a cor-

relation of 0.942 and a RMSE of 73.664 Nm 

 

Figure 5.29: Correlation between the simulated and estimated total braking moment on the 

wheels during the RWD maneuver, using the VEL model – Level 3. 

Since the WLTP3 driving cycle was used previously to test the performance of 

the proposed LQI* controller, it is also investigated again to observe the in-

fluence of the NARX model on accuracy compared to the physical powertrain 

model. Figure 5.30 shows an estimation precision with a correlation of 0.996 

and RMSE of 1.882 Nm for the controlled driving moment, which is about 

0.4% less than the RMSE value with the full powertrain model, i.e., VEL model 

– Level2. Also, Figure 5.31 indicates that the braking physical model accu-

rately estimated the braking moment for this maneuver with a 0.990 correla-

tion and 162.316 Nm RMSE 
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Figure 5.30: Correlation between the reference and controlled motor driving moment during 

the WLTP3 driving cycle, using the VEL model – Level 3. 

Figure 5.32 display an outstanding performance of the VEL model – Level 3 in 

tracking the reference rotational speeds. The correlation values for the entire 

VEL model – Level 3 remain the same as for the standalone NARX model be-

cause the correlation values of the LQI* controller are also reached almost 1 

for the WLTP3 test, as previously shown in Section 5.1.4. The main goal of this 

research, which is to establish a systematic and reproducible methodology for 

implementing real-world driving maneuvers on complete vehicle test 

benches, is successfully achieved. The developed framework integrates vali-

dated physical models, automated control strategies, and data-driven tech-

niques to accurately simulate vehicle dynamics and estimate energy con-

sumption without relying on costly and irreproducible on-road tests. 

Compared to other approaches in the literature, the proposed method signif-

icantly reduces modeling and parametrization complexity by enabling multi-

ple modelling options, i.e. VEL model – Level 1, 2, and 3. The modeling 
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complexity level is determined based on the effort and the benefits. The more 

precisely the features of the components are depicted, the more valid the 

results are. However, the effort increases with accuracy. In contrast, the ef-

fort to select application parameters based on measurement data can be eas-

ily estimated and is usually lower. Therefore, this is usually preferred in prac-

tice. This progression, from vehicle modeling to the development of advanced 

vehicle-in-the-loop systems and data-driven modeling, establishes a compre-

hensive methodology for implementing real-world maneuvers on complete 

vehicle test benches. Each step builds upon the previous, ensuring that the 

resulting framework is both precise and practical. The outcome is a validated 

and adaptable approach to vehicle testing that bring together efficiency, ac-

curacy, and realism. Overall, the method provides a robust yet practical solu-

tion for energy consumption evaluation and dynamic maneuver simulation in 

vehicle development environments 

 

Figure 5.31: Correlation between the simulated and estimated total braking moment on the 

wheels during the WLTP3 driving cycle, using the VEL model – Level 3 
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Figure 5.32: Correlation between the reference and controlled front wheels’ angular speeds 

during the WLTP3 driving cycle, using the VEL model – Level 3. 

5.5 Conclusion 

Data-driven methods are introduced to address the nonlinearities inherent in 

real-world vehicle behavior. Empirical modeling techniques, including ma-

chine learning approaches such as NARX-based neural networks, are em-

ployed to establish predictive models that link driver inputs with vehicle re-

sponses. Trained on real-world route data, these models capture dynamic 

system behavior with reduced computational demands compared to fully 

physical models, while maintaining accuracy in energy consumption estima-

tion and powertrain response prediction. The integration of such models into 

the test bench framework provides a powerful means of translating real-

world driving conditions into laboratory-based testing with high fidelity.
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6 Summary and outlook 

The content of this dissertation is a presentation of a systematic, model-based 

method for reproducing dynamic driving maneuvers on test benches to de-

termine the vehicle's energy consumption. The procedure facilitates the esti-

mation of mechanical and electrical power quantities using simple measure-

ment instruments, which increases the acceptance and willingness to use this 

model-based method in vehicle development. 

The proposed adaptable simulation model for estimating the energy con-

sumption in electric vehicles is simple to model yet provides highly accurate 

results. A backward model method is considered in this work for creating the 

complete electric vehicle since the main objective is estimating the energy 

consumption based on the vehicle's speed. The battery simulation model is 

validated in two stages. Firstly, the battery voltage estimation is validated, 

given the measured battery current. This step is accomplished by executing 

the WLTP2 drive cycle while mounting the VUT on a chassis dynamometer. 

The results proved high accuracy of the battery voltage estimation with a cor-

relation of 0.981 and a RMSE equals to 0.948 compared to the measured sig-

nal. Secondly, the battery current is validated by dividing the computed total 

instantaneous power by the concurrent battery voltage. This validation is re-

alized with a field driving maneuver. Comparing the measured and estimated 

physical quantities proves the simulation model's high reliability. Hence, the 

complete integrated model proved to be beneficial in evaluating the overall 

energy consumption of electric vehicles for a specified real driving course. 

Both roller and powertrain complete vehicle test benches are examined with 

the help of simulation models. The analysis shows that chassis dynamometers 

suit dynamic driving maneuvers under certain conditions. However, the steer-

able test benches are the more powerful concept regarding the permissible 

operating range. In particular, dynamic driving maneuvers with high driving 
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power cannot be represented on roller test benches. In contrast, the con-

trolled VEL test bench with the simulation of the wheel slip shows an almost 

exact representation of the reference powertrain dynamics. It is, therefore, 

more effective for dynamic driving maneuvers. 

The difference between the actual and the estimated energy consumption in 

the roller dynamometer test benches is ascribed to the slipping of the tires 

on the rollers. To better simulate the tire’s dynamic behavior on the roller, 

the implemented LuGre friction model has two different sets of equations 

with different parametrization: One for the driving mode and the other for 

the braking mode. The modifications to the uniform load LuGre friction 

model, which is the second central point of this work, are summarized in three 

key contributions: First, it was modified to be adapted to the roller dynamom-

eter test bench by adjusting the contact patch length to the concaved roller 

radius according to the ETRTO-standards and optimized correction factors for 

roller test benches. Second, the vertical load on the axles, influenced by the 

restraint system, is considered. Third, the nonlinear slip estimation from the 

Pacejka tire model is implemented instead of the simplified slip definition in 

the LuGure model, considering splitting the Pacejka slip signal between driv-

ing and braking slip signals. The proposed LuGre tire model is integrated, with 

a larger-scale physical adaptable power consumption model. The proposed 

model comprises a dynamic physical model for the mounted vehicle on the 

chassis dynamometer, a driving resistance model, a power losses model of 

the electric power-train, a LuGre distributed friction tire model which consid-

ers the load distribution on the contact patch length between the tire and the 

ground, and a correction for the contact patch length between the wheel and 

the roller. Given only the measured speed of the test cycle and the corre-

sponding auxiliary power consumption, the proposed model demonstrates 

high accuracy in estimating the actual measured power. Nevertheless, some 

different potential sources of errors still exist due to the curvature geometry 

of the roller, which has several influences such as increasing the tire’s rolling 

resistance force compared to driving on a flat surface. Furthermore, inaccu-

rately estimating the vehicle’s speed leads to errors in tire slip estimation, 
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influencing the final power estimation results. Another source of dissimilari-

ties in results is the slipping between the tire and the roller, which is a signif-

icant source of uncertainties that diminishes the accuracy of estimating the 

energy consumption in the roller dynamometer test benches. 

A complete vehicle test bench is examined with the help of simulation mod-

els. The complex system from coupling the powertrain of the electric test ve-

hicle with the mechanical part of the test bench is modeled in a three-mass 

system. It can be concluded that if the same weighting matrices Q and R pa-

rameters are employed with fine-tuning the integral weighting factor in the 

linear-quadratic optimization approach with integral LQI, both the linear-

quadratic LQ, and LQI could achieve the same gain margin. However, there 

will be a difference in the phase margin due to the integral effect of the LQI 

controller. Moreover, time delay affects only the system phase in the fre-

quency domain analysis, while it does not influence the frequency gain. In 

addition, the additional integration in the LQI reduces its phase margin com-

pared to its equivalent LQ-controlled system. However, the speed error in the 

LQ control increases with the disturbance moment. In contrast, LQI can sus-

tain approximately the same response regardless of the disturbance moment. 

Ideally, if there is no delay in the system, all controllers suppress the vibra-

tions efficiently. Nevertheless, the PI-controlled system became vulnerable to 

instability as the time delay was introduced to the model. In opposition, LQ 

and LQI-controlled systems remained stable despite extreme operating con-

ditions. Regarding parameter uncertainty, overestimating the powertrain in-

ertia leads to a lower controller command moment in the transient states but 

slightly more oscillation in the response. On the other hand, underestimated 

powertrain inertia forces the controllers to generate higher moments than 

accurate parametrization. When the axle stiffness is the only uncertain pa-

rameter, the impact on LQ and LQI responses is minor. Despite this, LQ did 

not perform well with uncertainty in either the powertrain inertia or the axle 

stiffness. In contrast, multi parameter uncertainty did not significantly affect 

LQI performance. However, it did influence the controller effort response. 
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Analyzing the entire system’s behavior between the accelerator pedal and the 

final motor moment is highly demanding because of the many components 

involved. Almost all powertrain components have nonlinear characteristics 

and the electronic components work discretely in time due to digital technol-

ogy. A linear system can sufficiently represent the components’ behavior in 

the best-case scenario. In the worst-case scenario, the overall system behav-

ior is influenced by latency times between the control units. A NARX sigmoid 

model is also proposed in this work to interpret the driving moment from the 

accelerator pedal position. Supplementary quantities, besides the accelerator 

position value, are required to estimate the corresponding moment, which 

are: The electrical motor angular speed and the vehicle speed. The main find-

ing is that the combined model from the NARX and the Sigmoid network en-

ables modeling extremely nonlinear dynamic systems accurately. 

This work can be extended in different scopes: 

• The dynamic vehicle model can be upgraded from a single-track model 

to a full vehicle model, enabling more dynamic test maneuvers for 

advanced applications, such as driving comfort and ABS braking. Al-

ternatively, simulation environments such as CarMaker may be em-

ployed if sufficient parameters are available to achieve the desired 

model complexity level. 

• Estimating the actual energy consumption on roller test benches could 

be further developed by implementing the proposed approach for 

other types of vehicles, such as buses and trucks. Moreover, the pro-

posed model can be extended by considering the regenerative brak-

ing system. Furthermore, this method can be implemented to esti-

mate energy consumption for other powertrain types: Internal 

combustion engines, fuel cells, and hybrid powertrains. In addition, 

a methodology to mitigate the investigated limitations of the roller 

test bench, such as advanced calibration techniques or integrating 

additional sensors could be proposed. Also, this method could be 

used in real-world driving scenarios, incorporating a three-
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dimensional route profile and the corresponding driving resistances 

on the tires. Finally, modeling the auxiliary power instead of relying 

on the measurements for every new test maneuver or test condi-

tions. 

• The proposed control algorithm may enable the VEL test bench to be 

employed in versatile applications. Moreover, the performance of 

nonlinear control algorithms could be compared to the proposed LQI 

controller. In addition, further optimal control techniques may be in-

vestigated. 
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