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Abstract

The presence of toxic gas emissions from conventional vehicles is worrisome globally.
Over the past few years, there has been a broad adoption of electric vehicles (EVs) to re-
duce energy usage and mitigate environmental emissions. The EVs are characterized by
limited range, cost, and short range. This prompts the need for hybrid electric vehicles
(HEVs). This study describes the conversion of a 2022 Volkswagen Crafter (VW) 35 TDI
340 delivery van from a conventional diesel powertrain into a hybrid electric vehicle
(HEV) augmented with synchronous electrical machines (motor and generator) and a
BMW i3 60 Ah battery pack. A downsized 1.5 L diesel engine and an electric motor—gen-
erator unit are integrated via a planetary power split device supported by a high-voltage
lithium-ion battery. A MATLAB (R2024b) Simulink model of the hybrid system is devel-
oped, and its speed tracking PID controller is optimized using genetic algorithm (GA) and
particle swarm optimization (PSO) methods. The simulation results show significant effi-
ciency gains: for example, average fuel consumption falls from 9.952 to 7.014 L/100 km (a
29.5% saving) and CO: emissions drop from 260.8 to 186.0 g/km (a 74.8 g reduction), while
the vehicle range on a 75 L tank grows by ~40.7% (from 785.7 to 1105.5 km). The optimized
series—parallel powertrain design significantly improves urban driving economy and re-
duces emissions without compromising performance.

Keywords: series-parallel HEV; VW Crafter; MATLAB Simulink; PSO PID tuning;
genetic algorithm; fuel economy

1. Introduction

HEVs are a significant development in the field of automotive engineering. They
combine the regenerative capabilities and immediate torque of electric motors with the
high energy density of internal combustion engines (ICEs) to address the pressing issues
of urban air quality, greenhouse gas emissions, and fossil fuel dependence. Specifically,
series—parallel HEV architectures enable operation in electric-only, engine-only, or com-
bined modes, thereby optimizing energy consumption across a range of driving
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conditions. This article focuses on the transformation of a 2022 Volkswagen Crafter 35
TDI340 LWB front-wheel-drive commercial van—originally powered by a 2.0 L diesel en-
gine—into a series—parallel HEV. The primary objective is to optimize system efficiency,
reduce fuel consumption, and reduce CO:z emissions in stop-and-go urban delivery sce-
narios.

The Volkswagen Crafter 8-speed automatic is a reliable and widely used van with
high annual mileage, operating under conditions that increase fuel use and emissions,
such as frequent acceleration, deceleration, and idling. This platform provides a basis for
a series—parallel HEV downsizing the ICE, electric motor-generator unit, and high-volt-
age lithium-ion battery pack. The key components used here include a 1.5 L diesel engine
coupled via a power split planetary gear device to a BorgWarner HPEVS AC-50 perma-
nent magnet motor and a repurposed BMW i3 60-Ah battery module. The vehicle dynam-
ics, power flows, control logic, and energy management strategies are modeled in
MATLAB/Simulink. Diesel engine efficiency and after-treatment technologies have im-
proved, but large commercial vans, such as the Crafter, still have a combined fuel con-
sumption of nearly 9.6 L/100 km under WLTP, which corresponds to approximately 188
g CO2/km. The actual consumption often exceeds these ratings in dense urban cycles, in-
creasing the operating costs and environmental impact. Developing a hybrid system in
the Crafter chassis presents several challenging issues, including component packaging,
thermal and electrical integration, and supervisory controller development for real-time
mode selection and energy optimization. This paper quantifies the achievable fuel use and
emission reductions while maintaining commercial performance metrics such as acceler-
ation, gradability, and driver demand response.

1.1. Problem Statement

Conventional diesel commercial vans are poorly suited for urban delivery cycles,
where frequent acceleration, deceleration, and idling increase fuel consumption and emis-
sions. Despite the progress in ICE efficiency, their thermodynamic limitations and inabil-
ity to recover kinetic energy during braking result in wasted energy and higher opera-
tional costs. Although they offer a solution, HEVs provide limited granularity in optimiz-
ing control strategies for specific vehicle models or real-life driving conditions. Addition-
ally, the trade-offs among system complexity, cost, and performance of series—parallel
HEVs are not fully leveraged, even for light-duty applications such as the Volkswagen
Crafter. This article fills these gaps with a tailored hybrid conversion for the Crafter, ad-
dressing three key challenges:

e Component integration—retrofitting a series—parallel HEV architecture without
compromising the payload capacity or drivetrain reliability.

e  Control strategy optimization —power distribution between the ICE and electric mo-
tor by tuned PID controllers with modern optimization algorithms.

e  Fuel economy, emission reduction, and dynamic performance are quantified over
different driving cycles—performance validation.

1.2. Significance of Study

This study is significant in the context of the existing knowledge on HEV technolo-
gies as it provides a case study of commercial vehicle hybridization. The results have prac-
tical relevance for fleet operators seeking to reduce fuel costs while complying with in-
creasingly stringent emissions regulations. In terms of the environmental and economic
benefits, electrifying light commercial vehicles can save thousands of euros per vehicle
per year and several tons of CO,. These outcomes inform both academic understanding
and industry efforts to achieve stringent emission standards and lower the total cost of
ownership for commercial fleets.
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1.3. Background

HEVs combine an internal combustion engine (ICE) with an electric motor and bat-
tery system. This dual-power architecture enables HEVs to benefit from both power
sources, improving performance, fuel economy, and overall energy efficiency compared
with traditional gas-powered vehicles. Simulating tools, such as MATLAB/Simulink, have
been used to evaluate these complex systems, allowing for detailed comparisons under
various driving conditions. HEVs exhibit fuel consumption reductions of 23% to 49% com-
pared with traditional vehicles, partly due to optimal energy management strategies that
support performance and emission reduction [1,2].

1.3.1. HEVs Vs. Conventional ICE Vehicles

A significant performance advantage of HEVs is their improved transient perfor-
mance. The instant torque of the electric motor boosts acceleration in low-speed and urban
driving. For instance, in MATLAB/Simulink-based simulations, HEVs operate in electric-
only, hybrid, and ICE-only modes to optimize each mode for a given load and speed con-
dition [1]. The electric motor assumes a significant portion of the propulsion duty in urban
settings, thereby increasing responsiveness and reducing engine lag. Additionally, HEVs
have regenerative braking systems which store the kinetic energy lost during conven-
tional braking. The recovered energy contributes to an improved powertrain and an ex-
tended driving range. Furthermore, sophisticated transmission systems support HEV per-
formance by providing a uniform power distribution between the ICE and the electric
motor. The optimized transmission designs minimize the energy losses during power con-
version [3]. So, HEVs can react quickly to driving conditions while ensuring stability and
good torque transfer—an essential factor when rapid acceleration or deceleration is re-
quired.

Fuel economy improvements are one of the most significant benefits of HEVs as stud-
ied in [4,5]. There has been an increase in energy consumption due to industrialization
and improvements in quality of life [6]. The reduced running time of the ICE and the
maximization of electric motor usage during low-demand scenarios result in considerable
fuel savings for HEVs. Statistical comparisons show that conventional vans average be-
tween 12 and 14 L/100 km, while hybrid configurations average between 7 and 9 L/100
km under similar driving conditions [1,2]. The study in [7] achieved an improved energy
efficiency by up to 90% and reduced fuel consumption from 9.739 L/100 km to 3.069 L/100
km for parallel powertrain configurations. This demonstrates the economic value of HEV
technology through energy saving. Therefore, the selection of the HEV components such
as the electrical machine and engine in this research is based on the consideration of the
traction requirement as presented in our previous study, presented in [7], taking into ac-
count the actual operating conditions of the vehicle, which is a similar model (second gen-
eration, 2017 to date) from the same manufacturer.

1.3.2. Energy Management Strategy

An energy management strategy (EMS) determines how to allocate power between
the ICE, battery, and motors to minimize fuel consumption. The EMS approach is broadly
classified into four categories: rule-based heuristics, global optimization, predictive con-
trol, and learning-based methods. Rule-based control employs simple logic (e.g., charge-
depleting vs. charge-sustaining modes, and predefined maps) for real-time control. In
contrast, optimization-based methods compute an optimal policy offline or online. A
standard benchmark is Dynamic Programming (DP), which yields the global optimum
fuel economy for a given drive cycle [8]. Advanced strategies include Model Predictive
Control or Pontryagin’s Minimum Principle. Recent works explore artificial intelligence
approaches. The key categories used in [8-10] include:
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¢ Rule-based strategies: heuristic control logic (e.g., bang-bang, fuzzy maps) that pri-
oritizes battery SOC or engine operating point.

e  Optimization-based strategies: global methods like DP for offline benchmarking, and
real-time proxies (Equivalent Consumption Minimization Strategy and model pre-
dictive control).

e Learning-based strategies: reinforcement learning or neural network controllers
trained to mimic optimal control.

e  Hybrid techniques: combinations (e.g., GA-tuned rule-based EMS).

Table 1 summarizes some state-of-the-art research, methodologies, and findings of
different EMS approaches.

Table 1. Literature review of the recent EMS research approaches in HEVs.

Reference Name Methodology and Goals Findings/Improvements

Adaptive Equivalent Particle swarm optimization to adapt mode switch-Improved fuel economy by 25.9% over
Consumption Minimiza- ing thresholds and equivalence factors; combines rule-based, 13.25% over conventional
tion Strategy (A-ECMS) offline optimization with real-time control; goal: =~ ECMS, and 4.6% over standard adaptive
[11] maximize fuel efficiency. ECMS.

Used real-time driving data to predict driver speed Overall, the integrated approach
Deep Deterministic Policyintentions, then built a custom DDPG controller  achieved 7.8% savings in energy, a 12%

Gradient (DDPG) Con- that balances energy efficiency with fuel cell reduction in aging, and a nearly 2.8% ef-

troller [12] health. They co-simulated vehicle dynamics and a ficiency improvement compared with
degradation model for the fuel cell. standard DDPG.

Multi-Objective Model  Jointly optimizes motion control and energy man- Enhances fuel economy and ride quality;

Predictive Control agement with battery current constraints; goal: im- prevents excessive battery current, ex-

(MOMPC) [13] prove fuel efficiency and driving comfort. tending battery life.

Uses feature selection genetic algorithm to opti-
Genetic Algorithm-Based mize key fuzzy controller parameters, reducing
Fuzzy Control [14] complexity; goal: improve fuel economy and emis-

Significantly improves fuel economy
and reduces emissions; shortens optimi-

) zation time without losing performance.
sions.

I tational effici b
Naturalistic Driving Data Automatically Tunable Soft Actor-Critic algorithm nicreases computational eciency by

with Deep Reinforcement trained on synthetic cycles from real driving data;
Learning (ATSAC) [15]  goal: improve generalization and efficiency.

52.32%; reduces negative reward by up
to 69.81%; better performance than
SAC/TD3.

Red loss b to 1.76% un-
Particle Swarm Optimiza-Combines fuzzy logic driving condition recogni- ectices energy foss by Hp to o un

tion for Uncertain Driv- tion with PSO to adapt power management thresh-
ing Conditions [16] olds; goal: robust control under uncertainty.

der uncertain cycles; improves robust-
ness and fuel economy across varying
conditions.

The novelty of this article lies in the fact that recent HEV studies employ advanced
EMS controllers (MPC, RL, etc.) to approach optimal fuel economy and battery life. Many
report significant gains over simple rule-based control. In contrast, our work focuses on a
speed tracking PID controller for the SP power split and compares different tuning meth-
ods (GA vs. PSO) rather than a single approach. This multi-heuristic PID tuning is novel
in comparison to prior SP-HEV studies, which typically employ a single fixed controller.
We also benchmark the PID-EMS against more complex schemes: Whereas learning-based
controllers (RL and MPC) can closely approach DP optimal performance, they require
heavy computation and training. Our PID/GA/PSO approach achieves good efficiency
with a more straightforward implementation, highlighting a trade-off between the ease of
use and marginal performance gain. The novelty of this work stems from its two-pronged,
application-focused approach to a series—parallel hybrid conversion for a light commer-
cial van architecture.
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Therefore, this research builds on these state-of-the-art findings by combining multi-
ple PID tuning strategies and comparing them to established EMS methods, thereby illu-
minating the performance trade-offs between simple heuristic vs. sophisticated learning-
based controllers.

2. Methodology

This study describes a systematic approach to the research objectives, such as con-
verting a Volkswagen Crafter into a series—parallel hybrid electric vehicle (HEV). We
begin by analyzing the vehicle power output through tractive force calculation and then
select suitable replacement parts, such as electric motors, batteries, and mechanical cou-
pling devices. A detailed MATLAB Simulink R2024b model combining the existing ICE
with new electric components is then developed for HEV simulation. Using this system-
atic approach, all relevant aspects are taken into consideration, starting from hardware
selection to simulation fidelity. The methodology is summarized visually in the flowchart
in Figure 1, where each sequential step is listed.

Match Power output
of Original and
Converted HEV

Identify
Replacement parts
options for HEV
conversion

Explore Literature and
——¥ Datasheets to evaluate
Conversion Feasablility

Develop MATLAB
Simulink Model of
HEV VW crafter

I |

Implement
Traditional ZN PID
Tuned controller

Define the problem Calculate Tractive
and objective force of VW crafter

Evaluate available
space for conversion

Implement PSO-PID Implement GA-PID
Tuned Controller Tuned controller

Test and Evaluate
best PID tuning
method

Test Model with different
Drive cycle Inputs

Evaluate Fuel economy and
CO2 emission results

After the Simulink model development was completed, various PID tuning methods

Figure 1. Methodology workflow.

were applied to optimize the control strategies for power management between the ICE
and electric systems. GA and PSO were compared to determine the more effective tuning
algorithm for HEV application, aiming to maximize efficiency. The proposed strategies
were tuned several times to verify performance, fuel economy, and emission results.

2.1. VW Crafter 2022 Van Type

This section outlines the mathematical equations and assumptions used to calculate
the resistive forces acting on the VW Crafter while in motion, providing a more accurate
real-life simulation of the vehicle’s fuel consumption, carbon emissions, and power out-
put. Figure 2 shows the model of the reference model of the proposed vehicle.
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Figure 2. Modeled VW Crafter van type [17].

2.1.1. VW Crafter 2022 Specifications

In its 35th TDI340LWB FWD version, the Volkswagen Crafter 2022 is a robust com-
mercial vehicle built on quality and reliability. It features a 2.0 L diesel engine paired with
an 8-speed automatic transmission, producing a maximum power of 103 kW and a peak
torque of 340 Nm. Such specifications ensure adequate performance for heavy-duty ap-
plications and urban distribution. This model is especially appreciated in commercial op-
erations where payload capacity and dynamic performance must be balanced [18,19].

According to Table 2, several parameters define the physical characteristics of the
vehicle. The vehicle mass is 2316 kg, and the gross weight is 3500 kg, indicating the load-
bearing capacity and general robustness of the vehicle. The frontal area is 4.17 square me-
ters, which, together with the aerodynamic drag coefficient and air density, are important
parameters for calculating the aerodynamic drag force in the energy consumption and
fuel economy simulations. These are necessary variables for modeling tractive forces and
vehicle dynamics in simulation environments [20].

Table 2. VW Crafter specifications [20].

Parameter Symbol [Unit] Value
Vehicle Mass mc [kg] 2316
Frontal Area Af [m?] 4.17
Max. Torque T [Nm] 340
Max. Power P [kW] 103

Air Density o [kg/m3] * 1.225
Drag Coefficient Cd* 0.3
Rolling Resistance Crr* 0.014
Dimensions Hx W x L [m] 2.321 x 2.307 x 6.846

* Cd and o values are adapted from [7]; the Crr value is typical for asphalt with a passenger.

The VW Crafter has a 2.0 L TDI inline-4 turbodiesel (EA288) engine with Euro 6 emis-
sions treatment, including EGR, DPF, and SCR, producing 103 kW (140 PS) at 3500 rpm
and 340 Nm of torque between 1575 and 2250 rpm [21]. This engine is positioned trans-
versely at the front and is paired with an 8-speed automatic gearbox in this front-wheel-
drive (FWD) configuration [22].

For the 2022 VW Crafter, its standard battery is a 12 V absorbent glass mat (AGM) 95
Ah/850 cold-cranking amps (DIN) battery [21]. Such a sealed valve-regulated lead-acid
(VRLA) design suspends the electrolyte in fiberglass mats, eliminating free liquid and
preventing spills even in high-vibration environments or when mounted at unusual an-
gles.
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In an under-seat compartment (typically located beneath the driver’s seat), the AGM
battery frees up engine bay space and lowers the vehicle’s center of gravity, simplifying
cable routing for both the 12 V network and high-voltage hybrid systems. This mainte-
nance-free construction resists stratification and does not require periodic water top-
ping —an ideal solution for commercial vans with extended service intervals [23].

According to official WLTP testing, the Crafter 35 TDI340 LWB FWD uses 10.4 L/100
km of fuel and produces CO: emissions of 188 g/km. Consumption increases to approxi-
mately 13.0 L per 100 km in the urban cycle and to approximately 8.8 L per 100 km in the
extra-urban cycle due to the efficiency characteristics of its downsized diesel powertrain
[18]. Those figures position the Crafter among large vans that can balance payload capac-
ity with acceptable operational costs and environmental performance.

2.1.2. Vehicle Dynamics

The vehicle parameters listed in Table 2 are fundamental inputs for dynamic perfor-
mance models implemented in MATLAB Simulink. To determine the required torque and
performance requirements for the VW Crafter van, we need to calculate the force required
to overcome the frictional and resistive forces acting on the vehicle itself, known as the
tractive force.

Figure 3 illustrates the forces that resist the motion of the vehicle, which primarily
change based on the vehicle’s velocity and acceleration. These forces are crucial for esti-
mating the power output of the HEV required to maintain a constant speed or accelera-
tion.

. A% -3
i
o

o

Figure 3. Forces acting on the vehicle.

The main forces [N] of resistance that act on a vehicle are the acceleration resistance
(Fa), aerodynamic drag force (Faq), rolling resistance (Fr), and grade resistance (Fgrade) (as
represented in Figure 3).

F, = m;-a M

1 2
Faa=5-p-Ca-Ap-v )
F.. = m-g- Cp - cos(a) 3)
Fgrage =m-g- sin(a) (4)

where

e mi=1.04"*m (m is inertial vehicle mass [kg]), accounting for the rotating inertia of
the wheels and driveline.

e a:vehicle’s acceleration in [m/s?].

e ou:road incline angle [rad].
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e C., Cq Af and p: defined in Table 2.

The present study of converting the VW Crafter into a series—parallel hybrid vehicle
requires certain modeling assumptions and simplifications. The tractive force of the vehi-
cle is just the sum of all the resistive forces acting upon it measured in Newtons [N].

Fo = F, + Fig + Fr + Fgrade (5)

As for the power and force produced by the vehicle, they can be calculated using (6)
and (7).

P=F, v (6)

E=P-t (7)
where

e P: Power output [W] of vehicle to overcome tractive force [N].
e  E:Energy consumed [kWh] by vehicle after time t [s].

e  F. Tractive force [N].

e  v: Vehicle velocity [m/s].

e t: Time elapsed [s].

These calculations of the power output for conventional and series—parallel HEVs
should be equalized to compare their fuel consumption and CO: emissions under the
same power requirements and torque. The simulation results indicate that these parame-
ters are crucial for obtaining robust models that can accurately forecast fuel economy and
transient performance [24,25].

The specifications for the VW Crafter 2022 35 TDI340 LWB FWD, ranging from en-
gine output and torque to weight, frontal area, and aerodynamic properties, serve as the
basis for high-fidelity simulations of vehicle performance and fuel efficiency evaluation.

2.2. Replacement Parts

In this section, we describe the three primary hardware replacements required to
convert the 2022 VW Crafter 35 TDI340 LWB FWD to a series—parallel HEV: a downsized
diesel ICE to free up packaging space, a high-performance motor generator, and a lithium-
ion battery pack. We justify the component choice by matching the power and torque rat-
ings to the Crafter performance requirements and optimizing the mass, volume, and en-
ergy for hybrid operation. The major variables, including displacement, continuous and
peak power, torque, voltage level, and energy density, are tabulated and discussed to en-
sure compatibility with the existing drivetrain envelope and hybrid system efficiency.

2.2.1. Downsized Internal Combustion Engine

The stock 2.0 L TDI340 (103 kW/340 Nm) engine is replaced with Ford’s 1.5 L Dura-
torq TDCi diesel engine (75 hp/55 kW at 3750 rpm, 190 Nm at 1750 rpm) to recover engine
bay volume and reduce mass. This downsized unit delivers ~53% of the original peak
power and ~56% of the torque but has a very clean combustion cycle with a common rail
injection pressure of up to 2000 bar—equivalent to a combined fuel consumption of 5.0
L/100 km and CO:z emissions near 129 g/km under EU Stage 6.2 test conditions, against 9.6
L/100 km and 193 g/km for the 2.0 L TDI—and lower overall hybrid fuel use when charg-
ing and in sustaining mode [26]. Its aluminum block and shorter 73.5 mm x 88.9 mm bore
x stroke architecture reduce the 1.5 L footprint by approximately 15%, leaving 120 mm of
longitudinal clearance for the motor—generator bell housing without requiring a subframe
modification [27]. The Ford engine’s physical block is shorter and lighter (=approximately
150 kg) than the VW 2.0 block, so it fits under the Crafter’s hood and allows for retaining
the stock hood line. Installing it mainly requires new mounts and driveline adapters rather
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than structural bodywork. In prior HEV conversions (e.g., [7] used the stock 2.0 L, whereas
Toyota hybrids routinely use smaller, downsized ICEs), a smaller ICE is common. It was
designed for transverse mount use (e.g., in Ford Focus, EcoSport, and Transit Courier)
[27], so it can be mounted to the Crafter with minimal subframe modification.

Moreover, the lower reciprocating mass and lower frictional losses of the Duratorq
TDCi support brake energy recuperation: it spins faster and with less parasitic drag than
the heavier 2.0 L block in series mode, increasing charge efficiency by 12% in urban cycles.
This is retained after Euro 6 test conditions (EGR, DPF, and SCR) ensuring identical emis-
sion compliance and easing the certification of the hybrid conversion under existing ho-
mologation [28]. Table 3 presents the engine technical specifications.

Table 3. Ford’s 1.5 L Duratorq TDCi diesel engine specifications [21,22].

Parameter Value
Bore x Stroke 73.5 mm x 88.3 mm
Compression ratio 16.0: 1
Max power 88 kW (120 PS) @ 3600 rpm
Max torque 270 Nm @ 1500-2000 rpm
Cooling Water-cooled
Oil capacity (incl. filter) 3.85L
Engine coolant capacity 73 L
Fuel tank (vehicle spec) 75L
Approx. dry weight (typically, #150 kg for this family)

2.2.2. Electric Motor—Generator Unit

AC electrical machines are suitable for traction applications, such as EVs and HEVs,
due to their high efficiency and energy density. The smaller output of the downsized en-
gine is compensated for by using the BorgWarner/HPEVS AC-50 permanent-magnet AC
motor (Finn Thomasen, Ford, Ontario, CA, USA), which features an extremely high torque
density (0.8 Nm/cm?) and a matching packaging envelope. It is rated at 53 kW continuous
(71 hp) and has a continuous torque of 163 Nm, producing almost 76% of the TDI340 and
65% of the power in electric mode. With its 210 mm x 200 mm body length and standard-
ized B-face mounting flange, it fits in the space left by the smaller ICE without any need
for custom housing fabrication [29].

At 52 kg, it is significantly lighter than any multi-cylinder engine and compact
enough to be mounted near the rear axle or in the engine bay. Its specifications (8" diam-
eter, 130 V max, and 10,000 rpm max) suit the 2-3 m wheelbase of the Crafter. It will drive
the wheels via the power split gearset, allowing a pure EV mode at low speed. Thus, Table
4 presents the technical specifications of the proposed AC synchronous electrical machine.

Table 4. HPEVS AC-50 Brushless AC motor specifications [28,29].

Parameter HPEVS AC-50 Brushless AC Motor Unit
Continuous Power 48 kW
Peak Power 53 kw
Continuous Torque 150 Nm
Peak Torque 163 Nm
Nominal Voltage 72 \Y%
Max Speed 6500 rpm
Dimensions (L x &) 200 x 210 mm X mm

Mass 52 kg
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Whether pure electric or parallel, the AC-50 provides instantaneous torque at zero
rpm to overcome the 1907 kg Crafter’s low-speed inertia more effectively than the TDI340
and regenerates up to 40 kW under braking, recovering ~15% of kinetic energy in city
cycles. The liquid-cooled design is integrated into the coolant loop, keeping the motor
temperatures below 80 degrees Celsius under sustained highway loads and achieving an
MTBEF of over 2000 h in heavy-duty cycles [30].

A generator must convert the Duratorq’s mechanical power to electricity. A suitable
generator is the BorgWarner/HPEVS AC-12 brushless AC motor (48-80 V), repurposed as
an engine-driven generator. In practice, the modes are as follows:

1. Traction mode: battery — inverter — AC-50 — planetary gear — wheels.
2. Regeneration/series mode: engine — planetary gear — AC-12 (generator) — inverter
— battery.

The AC-12 is compact (diameter = 181 mm, length = 279 mm) and lightweight (22.7
kg), easily fitting within the Crafter’s downsized engine bay (the Ford 1.5 L engine freed
up ~120 mm of longitudinal space). It is rated with a ~28 kW (37 HP) continuous output
and a 117 Nm continuous torque, with ~45 HP (33 kW) and 136 Nm peak capability. The
motor features an integrated encoder and is designed for 72 V operation (up to 80 V) [31],
matching the AC-50's nominal voltage. These specs align with typical range extender
units (e.g., ref. [32] used a similar 22.3 kW Wankel generator (range extender) in order to
charge a 35 kWh battery during (loaded) vehicle operation in a WLTP drive cycle), while
its small size and manufacturer support (used in EV conversion kits) make it “production-
ready” for retrofitting. The AC-12 can be mounted via its C-face flange and internally fan-
cooled. The specifications used in order to model the generator are presented in Table 5.

Table 5. HPEVS AC-12 Brushless generator specifications [33].

Parameter Specification (HPEVS AC-12)
Nominal Voltage 72V (up to 80 V max)
Continuous Power Output 28 kW (37 hp)
Peak Power Output =33 kW (45 hp)
Continuous Torque 117 Nm
Peak Torque 136 Nm
Cooling Air-cooled (internal fan)
Weight 22.7kg
Dimensions (L x &) 279 x 181 mm (10.99" x 7.13")
Mounting Standard C-face flange (7/8" shaft)

The AC-12 was chosen for its compact size and suitable output. Its 279 x 181 mm
envelope is much smaller than the AC-50 traction motor (210 x 200 mm, 52 kg), so it can
be packaged next to the engine where space was freed up (the 1.5 L engine is shorter,
leaving ~120 mm clearance). Its 28 kW continuous rating (<117 Nm) matches that of simi-
lar generators used successfully in simulated HEVs for range extension, as in [32,34]. In
our series—parallel layout, the AC-12 acts as the engine’s generator (analogous to Toyota’s
MGT1), while the AC-50 remains the traction motor (MG2). Both run on the same 72 V DC
bus (fed by the 360 V BMW i3 battery through a DC/DC converter), simplifying integra-
tion. The AC-12’s built-in encoder and brushless design make control straightforward. In
short, it fits the size envelope, is commercially available as an EV conversion motor, and
provides the required ~30 kW class output for our hybrid system [31].

2.2.3. High-Voltage Lithium Battery Pack
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The energy storage system is a key element in HEVs [35]. As a replacement for the
AGM battery in the current VW Crafter, energy storage will be provided by an AESC pack
featuring the BMW i3 60 Ah (Gen 1) battery, which boasts proven automotive reliability
and a long cycle life. The pack, weighing 256 kg at 78.6 Wh/kg nominal, fits in the Crafter
underfloor tunnel without obstructing cargo space. With its 32.5 Ah pouch cell, it can ac-
cept charge currents of up to 0.8 C, providing 60 kW of peak regenerative power and 25
kW of continuous discharge for electric-only launch [36].

Thermal management involves forced-air cooling below the modules via a cabin
blower. It thus keeps cell temperatures at 2040 degrees Celsius and limits capacity fade
to 20% after 2000 full cycles at 80% depth of discharge, comparable to new technology Li-
ion packs at a fraction of the cost. Cell voltage balancing, state-of-charge estimation, and
fault diagnostics are functions that the original 12 V AGM battery could not perform in a
high-power hybrid context [37].

When the high-voltage (HV) bus is offline, the factory-installed 12 V. AGM starter
battery (Exide EK950, 95 Ah 850 A) powers the accessories, ECU memory, and safety sys-
tems. Its spill-proof, valve-regulated design supports 500 deep cycles and accepts rapid
absorption charging from the DC/DC converter without interrupting 12 V loads during
regenerative events [23].

2.2.4. Power Split Unit

To combine the engine and motor powers in parallel mode, we adopt a planetary
(epicyclic) gear “power split” device. A simple planetary gearset (comprising one sun, one
ring, and one carrier) enables the engine (via the generator) and motor to share the output
shaft. We select a gear ratio of approximately 2.8:1 between the engine (sun) and the
wheels (ring), providing torque multiplication similar to that of hybrid transaxles. This is
similar in concept to Toyota’s HSD power split (which uses a ~2.47:1 reduction on the
motor [38]) but with a slightly higher ratio to suit the Crafter’s higher wheel torque needs.
The planetary carrier drives the wheels, while the engine/generator drives the sun, and
the ring gear may be geared to the wheels. This allows three modes: (1) EV only (engine
disconnected); (2) series (engine drives generator, motor drives wheels); (3) parallel (en-
gine and motor both drive wheels). The key feature is that the planetary gear acts like a
mechanical differential: torque applied to one element is split between the other two ele-
ments, with their speeds related by the Willis formula. In general, the fundamental rela-
tionship is as follows:

n.z. = nc(z, + Zs) — NgZg (8)
where

e n,n. and ng: speeds of the ring, carrier, and sun gears, respectively.
e 7,7, and zg teeth counts of the ring, carrier, and sun gears, respectively.

Depending on which gear is fixed, different speed ratios result. For example, if the
sun gear is held stationary (ns=0) and the ring is the input, the carrier output speed satis-
fies nv/(nc) = (zr+ 2s)/zr.

During operation, this means that the ICE torque and motor torque are combined
through the planetary set. For instance, one can drive the ring gear with the engine and
have the motor drive the sun, producing a net torque at the carrier (output shaft to
wheels). The gear ratios determine how motor/generator speeds scale relative to engine
speed. This arrangement allows continuous variability (“e-CVT” behavior) and power
splitting without discrete shifts. In summary, the power split device block receives torque
inputs from two shafts (one from the engine and one from an electric machine) and pro-
duces a combined output torque on the third shaft. The mechanics follow the planetary
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gear equations as above, ensuring the correct distribution of speeds and torques among
the sun, planet, and ring.

During the simulation of the HEV, the ring gear-to-sun gear ratio was set to 2.8, as it
showed a good balance between torque output and smooth power flow, as well as regen-
erative braking. Our chosen ratio ensures that at typical engine speeds (2000-3000 rpm),
the wheels achieve an appropriate rotational speed for 100 km/h (~1200 rpm on a 4.05 m?
area van), while multiplying torque by 2.8. Physically, the gearset can be fitted in-line with
the transmission and differential of the Crafter, requiring minimal chassis modification,
as the underbody has sufficient space to accommodate it along with the battery.

2.2.5. Combined HEV Performance and Packaging

The hybrid system preserves the factory performance envelope of the crafter while
providing better low-speed thrust and hill start assist by electronically limiting the parallel
sum of the 55 kW/190 Nm ICE and 53 kW/163 Nm motor to the original 103 kW/340 Nm
curve. The downsized ICE plus motor (250 kg) is 30 kg lighter than the original TDI340
alone, partially offset by the 295 kg battery, resulting in a net weight of 35 kg —well within
the payload tolerance [39].

Although our series—parallel hybrid replaces the conventional eight-speed automatic
with only a power split coupling device, it nonetheless reproduces the full traction force
and speed envelope of the stock Crafter. In the parallel mode, the downsized 1.5 L diesel
(55 kW/190 Nm) and the 53 kW/163 Nm electric motor are combined through the plane-
tary gearset to yield up to 108 kW and 353 Nm at the wheels—closely matching the
TDI340’s 103 kW and 340 Nm curve (Table 6). The chosen 2.8:1 sun-to-ring ratio in the
power split device ensures that, across the ICE’s 1500-3000 rpm efficiency band, wheel
speeds span from standstill to well beyond 100 km/h without discrete shifts (i.e., e-CVT
behavior). At low speeds, the motor alone provides a high starting torque, while at higher
speeds, the ICE engages mechanically through the carrier, allowing the combined system
to reproduce both the low-end thrust and high-speed drive of the factory powertrain. Fi-
nally, the regenerative and series modes enable engine-off propulsion and efficient charg-
ing, without compromising the maximum tractive effort or the top speed of the original
van.

Table 6. BMW i3 60 Ah (Gen 1) battery specifications [36].

Parameter BMW i3 60 Ah (Gen 1) Unit
Nominal Voltage 360 \%
Usable Capacity 19 kWh

Total Capacity 22 kWh
Energy Density 74 Wh/kg
Total Mass 256 kg
Max Regen Power ~60 kW
Continuous Discharge 23 kW
Dimensions (L X W X H) 1660 x 964 x 174 mm

Engine-off driving and regenerative braking reduce fuel consumption by up to 40%
compared with the pure diesel model under urban driving conditions, while highway
efficiency gains of 15% are achieved through optimized engine load points and reduced
idling time. This hybrid architecture thus delivers, without significant structural modifi-
cations, the torque and power characteristics of the original TDI340, as well as the emis-
sions and efficiency benefits of electric driving.

As presented in Table 7, the original VW Crafter 35 TDI 340 LWB FWD has a WLTP
combined fuel consumption of 9.6 L/100 km. The literature on series—parallel HEVs
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Efficiency

reports fuel savings of between 30% and 35% under WLTP conditions and up to 40-50%
in urban or mixed cycles [39].

Table 7. TDI340 ICE vs. HEV ICE and motor performance [39].

Parameter Original TDI340 HEV Combined Limit
Max. Power 103 kW 108 kW
Max. Torque 340 Nm @ 2000 rpm 353 Nm @ 1750 rpm
Vehicle Mass Change - +35 kg
0-100 km/h time (est.) 135s ~13.0 s
WLTP Fuel Consumption 9.6 L/100 km —

The motor’s efficiency map, shown in Figure 4a, forms a smooth, double-lobed sur-
face spanning both the motoring (positive torque) and generating (negative torque) quad-
rants. The efficiency is lowest at the extremes (very low or very high torque and speed)
and reaches a broad peak (>0.95 efficiency) at a moderate torque and mid-range speed,
with a peak efficiency of 97.3%. The surface is roughly symmetric about zero torque (re-
flecting similar motoring/generation behavior), and it is bounded by the motor’s torque—
speed envelope (maximum torque and maximum speed). This efficiency surface covers
the entire tested torque—speed plane, clearly showing the motor’s high-efficiency central
region and the low-efficiency boundaries near its limits.

Electric Motor Efficiency Map ICE Efficiency Map
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Figure 4. Efficiency maps of HEV components: (a) HPEVS AC-50 motor efficiency; (b) Ford 1.5 L
Duratorq ICE efficiency; (c) HPEVS AC-12 generator efficiency.
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The diesel engine’s efficiency map, shown in Figure 4b, is a single-peaked “hill” only
for positive torque, rising from near-zero (5%) efficiency at light load to a maximum in
mid-load, mid-speed conditions. The efficiency climbs steeply from idle or low torque,
reaching roughly 0.40-0.45 (40-45%) at its optimal operating point of 1750 rpm and then
declines toward the edges. In other words, the engine is most efficient at moderate torque
(roughly half of its maximum) and moderate speed (~1500-2000 rpm), as indicated by the
red plateau, while efficiency drops off both at very low loads and at high rpm/torque ex-
tremes. The outer “rim” of the surface reflects the engine’s torque—speed limit (maximum
torque curve) and associated derating at high speed.

The HPEVS AC-12 motor’s (used mainly in its generator mode in our HEV) efficiency
map, shown in Figure 4c, is very similar to the motor’s efficiency map; however, its peak
efficiency range is slightly narrower, as its operational range is less than that of the AC-50
motor. The efficiency is lowest at the extremes (very low or very high torque and speed)
and reaches a narrow peak (>0.90 efficiency) at moderate torque and mid-range speed,
with a lower peak than the motor’s, achieving a peak efficiency of 92.4%. The surface is
roughly symmetric about zero torque, similar to the motor’s response, and it is bounded
by its torque-speed as well. Such maps define a clear, high-efficiency zone that engine
controllers aim for.

2.3. PID Controller

The Proportional-Integral-Derivative (PID) controller has long been considered a
fundamental unit of control theory due to its simplicity, intuitiveness, and practical appli-
cations in process control as well as automotive systems [40]. The essential role of PID
controllers in integrating conventional and modern systems has been highlighted in nu-
merous contemporary studies. Figure 5 illustrates the general block diagram of the PID
closed-loop control system.

Proportional

+
u Ki *
Set-Point 4®— Integral .

y vl +
Error Value
L. Kd
Derivative

( ]

| Feedback signal I

Process

Control signal

{bﬂ Output Signal
v

Figure 5. PID controller adapted from [7].

The performance of a PID controller greatly depends on the proper selection of its
three tuning parameters. Over the decades, numerous methodologies have evolved to de-
termine the optimal values of K, K;, and Kj. These methods range from classical empir-
ical rules to modern optimization-based algorithms.

One of the most historically significant methods is the Ziegler-Nichols tuning rule.
The system is usually subjected to experimental testing to establish the ultimate gain Ku
and the ultimate period Tu (conditions under which the control loop starts sustained os-
cillations). Ziegler-Nichols then recommends tuning the parameters as follows:

K, = 0.6K, ©)
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K = 1.2K, a0
1 Tu
K4 = 0.075K,T, (11)

Procedure:

1. Set the integral (K;) and derivative (Kq) gains to zero.
Increase the proportional gain (K,,) gradually until the controlled system output ex-
hibits sustained oscillations. The gain at this point is called the ultimate gain (K,).

3. Measure the oscillation period T, (the ultimate period).

While the Ziegler-Nichols’s method is straightforward to apply and implement, and
is widely used, its tuning leads to aggressive settings with overshoot or oscillations in
systems with large nonlinearities [24,41].

The advent of computational intelligence has given rise to optimization-based tuning
methods that search for PID parameters by minimizing performance indices, such as the
integral of absolute error (IAE), the integral of squared error (ISE), or the integral of time-
weighted absolute error (ITAE). Two widely regarded methods in the modern literature
are GA and PSO.

The GA method simulates the process of natural selection to optimize tuning param-
eters. A population of candidate PID parameter sets (chromosomes) is generated, and
their fitness is evaluated based on a specific performance criterion. Genetic operations
such as selection, crossover, and mutation are performed iteratively until convergence.
For instance, for a series—parallel HEV model, a GA-tuned PID controller improved the
transient response significantly, achieving a reduction in IAE from 50 to 25.7, with opti-
mally tuned parameters around Kp = 488.3, K; = 323.3, and Kg4 approx 18.5 (values ad-
justed for a specific vehicular simulation scenario) [9].

PSO is an algorithm inspired by the social behavior observed in bird flocking or fish
schooling. Each “particle” represents a possible solution (a set of PID parameters) that
moves through the solution space influenced by its own best-known position and the
swarm’s best position. A comparison of GA and PSO training on similar HEV applications
found that PSO consistently achieved a lower IAE and faster settling times. In a typical
simulation, the PSO-tuned controller achieved optimal parameters of around Kp =
510, K;= 330, and K,; = 16, resulting in a 20% faster settling time and a 15% reduction in
overshoot compared with GA-tuned parameters [42].

Beyond GA and PSO, adaptive tuning strategies that combine classical control and
modern optimization have been studied. An adaptive tuning framework combining fuzzy
logic with PID control was presented by [43]. They apply a dynamic adjustment of Kp, K;,
and K, based on system behavior following rules which are robust to system nonlinear-
ity and external disturbances. These methods are promising, but extensive comparative
studies have shown that even under most conditions, the PSO method outperforms pure
classical tuning and GA-based approaches in terms of minimizing error indices and en-
hancing dynamic response [42].

2.4. The Vehicle Model
2.4.1. Vehicle Modeling and Analysis Using MATLAB/Simulink

The MATLAB Simulink simulation platform is one of the most widely used tools,
including those for HEV applications. Its block diagram environment enables researchers
to model dynamic systems, control strategies, and performance metrics such as fuel econ-
omy and emissions. For HEVs, Simulink supports detailed vehicle dynamics, powertrain
components, and energy management algorithms, including PID controller tuning.
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Various studies on the performance optimization and energy efficiency improvements of
HEVs have been initiated due to the flexibility and modularity of Simulink.

A typical application of MATLAB Simulink for HEVs is the simulation of vehicle
performance. Researchers simulate vehicle components, including ICEs, electric machines
(motors and generators), batteries, and mechanical coupling devices, in discrete subsys-
tems. For example, in [9], a simulation model of the interdependencies between engine
torque, motor output, and regenerative braking effects was developed. It was then tested
under various driving cycles, including the extra-urban driving cycle and ECE cycles, to
evaluate its dynamic performance, such as acceleration, deceleration, and transient re-
sponses. With Simulink, you can add detailed physics-based models, such as aerodynamic
drag and rolling resistance, to your analysis of how HEV powertrains respond to driver
commands and external disturbances. Similarly, studies have utilized Simulink to simu-
late both transient and steady-state behavior. In one study, researchers predicted perfor-
mance metrics such as acceleration capability and maximum speed by combining a vehi-
cle dynamic model with periodic driving cycles. They integrate vehicle geometry, mass
distribution, and tire-road interaction dynamics into a single model for optimization stud-
ies, aiming to minimize energy loss while maintaining a robust performance [44].

Figure 6 illustrates the complete control loop model, which implements a series—par-
allel HEV closed-loop simulation from a standardized WLTC driving cycle to vehicle dy-
namics. In this architecture, the vehicle receives a driver speed, which is compared with
the actual vehicle speed to generate an error. This error is processed by a PID controller
that issues power demands to the hybrid powertrain. The power demands are handled
by a supervisory control block that produces torque and throttle commands for the engine,
motor, and generator. These commands are passed on to the electrical system level and
engine submodules. The engine output shaft and motor generators are coupled through
a power split device (planetary gear) whose outputs drive the wheels. The resulting wheel
torque is fed into the vehicle dynamics simple block, which calculates vehicle acceleration
and updates the vehicle’s speed. A feedback loop returns the actual vehicle speed to the
PID controller, closing the control loop. This overall setup, built upon the models in [45—
47], embodies a series—parallel HEV architecture, combining mechanical power from the
engine with electrical power from motor/generator units via a planetary gearset to meet
the demanded wheel torque. Such models are commonly implemented in MATLAB/Sim-
ulink to evaluate the performance of hybrid powertrains under various driving cycles. In
summary, the model’s architecture consists of

An input loop (EU standard drive cycle/driver demand and speed feedback).
A PID speed controller.

A supervisory control block.

An electrical subsystem (motor/generator and battery).

An ICE and mechanical subsystem.

SRR

A vehicle dynamics output loop that produces the new speed and distance.
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Electrical Measurements.
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Figure 6. HEV block diagram of control loop model.

2.4.2. HEV Control
Speed regulation is performed by a classic PID controller. The PID block receives the

speed error e(t) (desired minus actual speed) and computes a control output u(t) for the
powertrain. In continuous form, the controller follows the following law:

t
u(®) = Kye(® +K; f e(Odt + Ky d‘;(tt)
0

(12)

e(t) = I‘(t) - Y(t) = Vref(t) — Vactual () (13)
where

e u(t): the control signal sent to the actuator.

e e(t): represents the error/difference between the setpoint r(t) and the measured
process variable y(t).

o V(1) represents the reference/desired speed of the HEV.

o V,wwar(t): the actual current speed of the vehicle.

e K,;: the proportional gain, providing a control signal proportional to the instantane-
ous error.

e  Kj: the integral gain, which addresses the accumulation of past errors and helps elim-
inate the steady-state error.

e Kg: the derivative gain, which predicts the future error based on its current rate of
change, thereby improving system stability by dampening oscillations.

The law combines the proportional term to decrease the current error, an integral of
past errors, and a derivative term predicting future error. In the Simulink model the PID
is implemented in parallel form (separate P, I, and D blocks) with gains K, K;, and Kj.
The resulting u(t) is interpreted as a net acceleration demand (or braking demand) to be
distributed to the ICE and electric machines. The proper tuning of PID coefficients trades
off speed response, overshoot, and steady-state accuracy. PID tuning is further discussed
in the next section.

The control block converts driver inputs into actuator commands. It takes the PID’s
acceleration demand (and any brake pedal signal) and computes a total wheel torque re-
quest. Using known engine and motor capability maps, the controller determines how to
distribute the torque between the ICE and the electric machines. Internally, it implements
a power split logic that checks the current operating mode, the battery’s state of charge
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(SOC), and the demanded power. This block effectively acts as the vehicle control unit

(VCU), controlling the vehicle’s state based on the power demands, as shown in Figure 7.
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Figure 7. Mode logic control of HEV.

The control block’s torque requests are fed into dynamic models of the motor and

generator, as shown in Figure 8. Each machine block enforces its maximum torque vs.

speed limits and computes shaft torque outputs (e.g., based on efficiency maps). These

torques are applied to two shafts of the planetary gear (the motor on the sun gear and the

generator on the ring gear). The main modes of the HEV operation considered during our

simulation are as follows:

1.

Motor-only mode: During initial takeoff or low-speed acceleration, the HEV operates
in a motor-only mode, where the battery powers the electric motor, which propels
the wheels independently. The controller disengages the ICE via a clutch whenever
the requested torque is within the motor’s capacity and the battery SOC remains
above its lower limit.

ICE-only mode: At steady cruising with moderate throttle and a nearly full battery,
the system shifts into ICE-only mode where the engine reconnects mechanically to
the drivetrain, the motor idles or decouples, and the ICE runs at its most efficient
point to meet demand.

Hybrid mode (ICE + motor): When the driver demands high power—such as for
rapid acceleration or climbing—the hybrid mode combines both sources where the
ICE drives the wheels directly and the electric motor supplements torque, and any
ICE surplus can be fed to the generator to recharge the battery.

Generator mode: If the SOC dips below a set threshold during light load conditions,
the controller enters generator mode. Here, the clutches isolate wheel drive, and the
ICE spins the generator solely to restore battery charge without contributing
propulsion.

Regenerative braking mode: During braking or coasting, regenerative braking kicks
in. The motor operates as a generator, converting kinetic energy into electricity for
the battery. Brake sensors and wheel speed monitors balance the proportion of
friction braking versus regenerative braking, respecting the battery’s charge rate
limits.

Throughout all modes, the vehicle’s control unit continuously evaluates the throttle

position, brake input, vehicle speed, engine efficiency maps, and battery SOC, engaging
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the clutches and modulating the power split device to switch seamlessly among modes
for optimal efficiency and responsiveness.

Motor Control

DC/DC DC/AC
Battery Converter Inverter

Motor_rprp | Three-Phase Mot_trq
Battery Measurements: Motor

Voltage, Current, Ah, SOC
DC/AC Three-Phase Gen_trq
Inverter Generator
IS
o
ol
[}
o Generator Control

Figure 8. Electrical components of the HEV model.

2.4.3. Electrical Components

The electric machines shown in Figure 8 also exchange power with the battery; a DC-
DC converter steps up the battery voltage as needed, while an inverter changes the
stepped down DC voltage from the battery into the 3-phase AC voltage required to run
the HPEVS AC50 electric motor (and vise versa in case of the AC-12 generator). The
battery’s state of charge (SOC) is updated by integrating the battery current as follows:

S0C() = SOC(to) — —— [ sty @ e (14)

nom Jt,

where

e SOC(t): State of charge of battery at time t seconds.
e SOC(ty): Initial state of charge of battery.

e Ipar: Current flowing into or out of the battery [A].
®  Qnom: Max charge capacity of the battery [Ah].

In practice, the model scales SOC to a percentage of full charge. The controller utilizes
this SOC value in its logic; for example, it determines whether the ICE should drive the
generator to recharge the battery when the SOC is low. Thus, the electrical system block
produces mechanical torques to the power split unit and simultaneously updates SOC
based on charge/discharge, closing the electrical loop. The main formulas used to effec-
tively simulate the motor/generator units for the HEV in MATLAB are as follows:

pMot,Loss = Felec,Mot — Prechanical = Vbus * Im — Tm - Om (15)

Pmechanical

MNMotor = P (16)
elec,Mot

PGen,Loss = Pmechanical = Pelec,Gen = mechanical (1 = Ngen) 17)
where

e Vuus: High-voltage bus voltage [V].
e Im: Motor current [A].

e Tm: Motor torque [N-m)].

*  wp: Motor angular speed [rad/s].
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So, the electric motor acts as a power generator when the engine rotates its shaft faster
than its operating speed at its operational voltage and current, which is also referred to as
its synchronous speed. Even though electric motors and generators have very high effi-
ciencies, they still incur some power losses due to heat generation from electrical re-
sistances. This was simulated in the MATLAB model as a variable resistance and capaci-
tance set to ensure that the simulated motor matches real-life power consumption and
generation conditions.

2.4.4. Engine and Power Split Unit

The engine block models the downsized ICE. Its primary input is a throttle command
(Thr € [0, 1]) from the controller; using a calibrated torque-vs-speed map, it outputs the
crankshaft torque. At a steady state, the engine’s torque Tice is computed as a function of
the interpolated throttle position into the speed and torque of the ICE. Transiently, the
engine’s rotor inertia, JICE, integrates the net torque to update the engine speed. The ICE
torque output is sent to the planetary gear carrier. The inertia, Jice, along with any gover-
nor or time constant, determines how quickly the engine speed can change. For the mod-
eled engine, the power output and efficiency can be calculated using the following formu-

las:
Pice = w1cg(Tice — Jice '%) (18)
Pryer = Mg - LHV (19)
Pick Loss = Pruel — Pice = Pruel(1 — Mice) (20)
where

¢ Fuel mass flow [kg/s].

e LHV: Lower heating value of diesel (=42.5 MJ/kg for diesel based on experimental
data).

e  wicg: Engine angular speed [rad/s].

¢ Tice: Engine torque [N-m)].

¢  Jice: Engine’s equivalent rotating inertia [kg-m?].

These engine dynamics are primarily used to estimate the power output of the engine
in our Simulink model, while accounting for losses due to the engine’s inertia. The torque
requirement signal is given by the HEV controller, and the angular velocity is then deter-
mined from lookup graphs in the HEV Simulink model in order to reduce the computa-
tional and simulation burden.

2.4.5. Fuel Economy Analysis

The advent of electrified hybrid powertrain technology addresses the issues of high
toxic gas emissions, excessive fuel consumption, and environmental noise. Fuel consump-
tion remains one of the key performance indicators for HEVs. It is usually simulated in
MATLAB Simulink under realistic driving conditions. For instance, simulation results
were obtained by combining an HEV model with various drive cycles, including FTP75,
NYCC, HWFET, and EUDC. From these simulations, the authors developed regression
models of fuel consumption that depend on vehicle mass, tire radius, and aerodynamic
coefficients [48]. Because Simulink can combine transient responses with long-term oper-
ational trends, it is an indispensable tool for researchers seeking to reduce fuel consump-
tion and emissions.

A second research group utilized Simulink to analyze the impact of power manage-
ment strategies on fuel economy. Modeling the ICE, generator, and electric motor as
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interconnected subsystems, they could simulate how electric-only, hybrid, and regenera-
tive braking modes contribute to fuel economy. A significant finding was that optimal
control strategies implemented via Simulink could cut fuel consumption by up to 50%
compared with conventional vehicles. This work demonstrates the fidelity of the simula-
tion environment as well as its ability to model significant real-world energy savings
when advanced control strategies are applied [49,50].

Besides performance and fuel economy simulations, MATLAB Simulink is widely
used to design, analyze, and optimize PID controllers for HEVs. High-performance HEVs
require advanced control strategies for managing the ICE/electric power split and battery
state of charge during regenerative braking. With Simulink’s block diagram interface, PID
controllers can be integrated with vehicle dynamics and energy management subsystems.

Hardware-in-the-loop (HIL) experiments are increasingly employed to validate such
models. In [7], researchers integrated their Simulink/Simscape HEV model with a real-
time CAN/LabVIEW HIL setup to emulate a Volkswagen Crafter powertrain. This al-
lowed them to test control strategies under realistic dynamic conditions. In [48], a com-
prehensive Simulink HEV model was built and evaluated over standard drive cycles, us-
ing a regression analysis to link vehicle parameters to fuel consumption. This analysis
achieved an R? value greater than 0.99 for the best-fit model. In summary, Simulink re-
mains the primary tool for HEV development, enabling detailed subsystem co-simulation
and HIL linkage.

2.5. Fuel Consumption Measurement

Fuel economy is calculated by accumulating the total distance traveled and total fuel
consumed and then converting these values to standard metrics. In Simulink, the vehicle
speed (VehSpd_kph) is converted to km/s and integrated over time to yield the cumula-
tive distance in kilometers. Fuel consumption is modeled using a lookup fuel consump-
tion table, where the current engine speed and torque are input, and the table outputs the
fuel mass flow rate (e.g., in g/s). This is converted to kg/s and then integrated to obtain the
total fuel mass. Using diesel density (about 850 kg/m?) and unit conversions, the total fuel
volume in liters is obtained. The fuel consumption calculation is based on the following
equations:

FuelF [L] _ Air Mass Flow [g/s] - 3600 21
HEOW ] T Air fuel ratio - Fuel density [g/L] 1)

L Liters of fuel used
) 100 22)

Fuel Economy (100 o

= X
kilometers traveled

To compute miles per gallon (US), the model converts distance to miles (1 mile = ~1.6091
km) and fuel to US gallons (1 gal =~3.7851 L). Thus

3.785 X Liters of fuel used Liters of fuel used
2.352 (23)

MPG = = X 2.
G 1.609 X kilometers traveled Kkilometers traveled

2.6. PID Tuning Algorithms

In HEVs and similar systems, the PID controller is widely used to regulate speed due
to its simplicity and effectiveness. However, achieving good tracking of the desired speed
requires the precise tuning of the proportional, integral, and derivative gains. Proper tun-
ing ensures that the vehicle rapidly reaches its set speed without excessive overshoot or
oscillation and maintains stability under changing load conditions. By contrast, a poorly
tuned PID controller can cause the speed to oscillate around the target value (overshoot-
ing and “hunting” for equilibrium) or respond sluggishly to changes in demand. Such
behavior is unacceptable in automotive applications because it leads to inaccurate speed
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control, increased mechanical stress, and potentially poses safety issues. Thus, automated
or systematic tuning methods are crucial for maximizing performance (minimizing set-
tling time and steady-state error) while maintaining stability and robustness under worst-
case driving conditions.

In this study, the PID controller regulates vehicle speed by minimizing both the track-
ing error and overall fuel consumption. This is achieved by optimally tuning the propor-
tional (K,), integral (K;), and derivative (K«) gains, which control the system’s response to
dynamic driver demands. The tuning process is conducted using two nature-inspired me-
taheuristic algorithms —genetic algorithm (GA) and particle swarm optimization (PSO)—
to identify the gain values that achieve the best trade-off between responsiveness, stabil-
ity, and fuel efficiency.

The objective function to be minimized by the PID tuning algorithms (GA and PSO
tuning) is a weighted combination of error metrics and fuel consumption as follows:

] = w, - IAE + w, - ITAE + w53 - ISE + w, - Fuelconsumed (24)

where

o w,wy w3, and w,: Different “weights” for each performance metric.
e  IAE: Integrated absolute error.

e ITAE: Integrated time-weighted absolute error.

e  ISE: Integral of squared error.

e Fuelconsumed: Total fuel consumed [L].

The PID controller outputs a control signal based on the speed tracking error. This
signal dictates the desired acceleration or deceleration. The proportional component pro-
vides an immediate response, the integral term eliminates steady-state error (thereby re-
ducing fuel waste), and the derivative term dampens oscillations, enhancing comfort and
mechanical safety. Within the Simulink model, this control output is translated into power
split commands, which determines how torque demand is distributed between the electric
motor and the ICE. This strategy optimizes not only speed tracking but also powertrain
efficiency, especially under varying load and terrain conditions.

The control formulation, error metrics, and tuning process validate the optimality
and reliability of the final PID parameters and confirm the suitability of the PSO-tuned
controller for this SP HEV application. These metrics ensure that the PID controller
achieves tight tracking while also minimizing energy expenditure. The performance met-
rics are further explained in the next sections.

2.6.1. Traditional (Ziegler-Nichols) PID Tuning

Classical methods for PID tuning typically rely on empirical rules or iterative trial-
and-error. For example, manual tuning adjusts one gain at a time: the proportional gain
is increased until the response begins to oscillate, and then the integral and derivative
terms are added to refine the response. The most well-known formal method is Ziegler—
Nichols tuning, which provides simple heuristic formulas based on the system’s “ultimate
gain” (K.) and oscillation period (Pu). In the closed-loop (feedback) Ziegler—Nichols pro-
cedure, one sets the integral and derivative gains to zero and increases the proportional
gain until sustained oscillations occur. The resulting gain, Ku, and oscillation period, Pu,
are then used in the Ziegler—Nichols formulas to compute the controller gains. Although
these classical methods are simple and widely taught, they often yield overshoots and
oscillations beyond what an HEV’s drive control requires. In practice, a skilled engineer
can further fine-tune these gains (manually or with software tools) to enhance the perfor-
mance and robustness in the specific HEV speed control model under the standardized
WLTP drive cycle.
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To implement the Ziegler—Nichols method for tuning the PID of the vehicle speed,
we first need to configure the controller to proportional-only mode and assign zero values
to both the integral (Ki) and derivative (Ki) parameters. The controller is then adjusted.
This lets us find the crucial gain at which oscillations match. Adding (Kp) to the ultimate
gain up until the system hits the threshold of continuous oscillation, the proportional gain
(Ky) was gradually increased. The overall gain was determined to be Ku = 154.

Secondly, we need to find the oscillation period T. when (K,= K.=154), when the
system showed equal oscillations with a measured periodic time (T;,) of 357 milliseconds
(or 0.357 s). Now, we use the Ziegler-Nichols Formulas (9)-(11) in order to calculate the
other values of Ki and K.

K, = 0.6 X K, = 0.6 X 154 = 92.4 (25)
K_2><1<p_z><97.2 5176 2
T, T 0357 T (26)
Ky = 0.125 x K, X T, = 0.125 X 92.4 X 0.357 ~ 4.12 (27)

Added on top of these computed Kp,K;, and K4 are further adjustments. By applying
these early controller improvements, we achieved a baseline response that matched both
responsiveness and stability. Further fine-tuning was performed to ensure the controller
operated optimally under various driving conditions. Riding comfort and vehicle stability
also improved.

Figure 9 shows the response of the HEV when simulated under the WLTP drive cycle.
It shows that the vehicle speed output curve matches the general form of the drive cycle;
however, there are several discrepancies between the input and output, indicating that
further improvement is needed for the vehicle to match the input given to it more closely.

Vehicle Speed [km/h]

00 0 00 00 &0 0 800 200 1000
Time (seconds)

Figure 9. Ziegler-Nichols WLTP PID-tuning response graph.

2.6.2. Genetic Algorithm (GA) PID Tuning

The genetic algorithm optimizes the PID gains by treating each candidate solution as
a “chromosome” encoding a set of values (Kp, K;, and K;). The process, as outlined in
Figure 10, begins with initialization: A population of candidate gain vectors (Kp, K;, and
K;) is randomly generated within preset bounds for each gain. Each chromosome may be
represented as a real-valued or binary string. An objective (fitness) function is defined to
measure how well a given PID parameter set performs in controlling the HEV speed.
Some functions used include the integrated absolute error (IAE), which focuses on reduc-
ing the total magnitude of the error for balanced system performance as follows:

AE = f tle(t)ldt (28)
0
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Alternatively, integrated time-weighted absolute error (ITAE) can be used, which
penalizes errors that persist over time, driving a faster system response over the drive
cycle as follows:

HME=ftwaout (29)
0

The integral of squared error (ISE) penalizes larger errors more heavily (due to the squar-

ing).

t
EEzftdt (30)
0

Set random

Encode Kp, Ki, and
Kd into binary
"chromosome”

strings

Apply
Reproduction,
Crossover, and
mutation

Calculate and
assess IAE, ISE
and ITAE values of
chromosomes

Intialize Max e
B N position and
iterations and swarm N
N velocity values for
size of PSO :
particles

Is Fitness value
minimum or Max
Generations
reached?

Output optimal
Kp, Ki, Kd values

Figure 10. GA PID tuning flowchart.

Each candidate’s fitness value is computed by running a simulation of the HEV
model with that PID controller and evaluating the resulting speed tracking error. If the
termination criterion (e.g., a target error threshold or maximum generation count) is not
met, the GA iterates the selection, crossover, and mutation to create a new population
from the old one. Selection (often through a tournament or roulette wheel process) prob-
abilistically chooses fitter individuals to serve as “parents.” The selection of new parents
from the previous generation’s chromosomes is determined using (31).

_fi
hEST

1)

where

e P the probability of selecting an individual i to be a parent for the next generation.
o fj: the fitness of individual i.
e N: the population size.

To produce children, the chromosomes of some parents are crossed. Parent
chromosomal segments are swapped to set new PID settings. Should parent chromosomes
[Kp1, Kit, Ka1] and [Kpe, Kiz, Ka2] cross, the resulting offspring may be [Kp1, K2, Ka1] and [Kp,
Kii, Ka2]. Crossover combines two parent chromosomes to produce the new generation’s
chromosomes. An example of crossover is shown in (32) and (33), where the parent
exchanges one of its chromosomes for another.

Offspring, = [Parent; (1:k),Parent, (k+ 1:n)] (32)

Offspring, = [Parent, (1:k),Parent; (k + 1:n)] (33)
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where

e  k: the crossover point, randomly chosen between 1 and n - 1.
¢ n: the chromosome length.

Mutation then randomly perturbs genes in some offspring (for example, by flipping
a bit or adding a small random offset to a real value) to maintain genetic diversity and
avoid premature convergence. After crossover and mutation, the offspring replace some
or all of the old population, and their fitness values are computed. Equation (34) shows
how the mutation is introduced in genes.

xi' = Xi + A (34)

where A is a small random value added to the original gene in the chromosomes.

It repeats this loop for each generation, with the GA implicitly “surviving” better-
performing PID settings. Over many generations, the population settles on the set of gains
with the lowest error criterion. The best chromosome obtained as the final output of the
GA is the optimized value of HEV speed.

The code used sets up a genetic algorithm (GA) with a population size of 50 and 40
generations, using one-point crossover at an 80% rate and Gaussian mutation. These GA
settings (population, crossover, etc.) are shown in Table 8. The GA optimizes the gains to
minimize the drive cycle speed tracking error, using selection, crossover, and mutation as

described.

Table 8. GA PID tuning variables.

Parameter GA Settings
Population/Swarm Size 50
Number of Generations/Iterations 40
Crossover Rate 0.8 (one-point)
Mutation Rate 0.01
Ky, Ki, Ki Lower Bound [0, 0, 0]
Ky, Ki, Ka Upper Bound [500, 500, 500]

These values were selected based on a sensitivity analysis of multiple initialization
settings. Parameter sweeps revealed that increasing population or swarm size, or iteration
count beyond these values, produced diminishing returns—less than 1.5% improvement
in MAE and under 1.0% in fuel economy—while significantly increasing computational
load and runtime (up to 60% longer). Comparable parameter sets have been successfully
employed in HEV controller design [7,35], affirming their validity.

In order to implement the GA PID tuning in the HEV MATLAB model, we used
MATLAB’s genetic algorithm solver. We define an objective function, hevSpeedIAE, that
returns the IAE or similar error for controller gains x = [K}, Ki, K] as shown in Figure 11.
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Wehicks Speed [kmvh]

[

%

alirf % Create GA options structure

18 options = optimoptions(‘ga’, ...

19 'Populationsize’, popSize, ... %
20 'MaxGenerations', maxGen, ...

21 'CrossoverFraction', 9.8, ...

22 'MutationFcn’, @mutationgaussian, ...

23 'PlotFcn’, @gaplotbestf, ...

24 ‘Display’, "iter');

25

26? % Define fitness function handle

27 %  x(1)=¥p, x(2)=Ki, x(3)=Kd

28 fitnessFcn = @(x) hevSpeedIAE(x, simModel, stopTime);

29

30 % Run GA

31 rng(1, 'twister'); % for reproducibility

32 [xopt, fval] = ga(fitnessFcn, nvars, [],[],[]1,[], 1b, ub, [], options);
=]

34 % Extract optimized gains

35 Kp_ga = xOpt(1); Ki_ga = xOpt(2); Kd_ga = x0pt(3);

36 fprintf('\nOptimized PID gains via GA:\n Kp=%.3f, Ki=%.3f, Kd=%.3f\n', Kp_ga, Ki_ga, Kd_ga);
37

38 % Close model

39 close_system(simModel,@);

408

a1 %% Fitness function: simulate HEV model and compute IAE

42[F]  function 1 = hevSpeedIAE(x, modelName, Tstop)

a3 % Unpack gains

a4 Kp = x(1); Ki =x(2); Kd = x(3);

45

46 % Apply gains to PID block in model

a7 set_param([modelName '/PID Controller'], 'P', num2str(Kp), ...
48 'I', num2str(ki), ...
49 ‘D', num2str(kd));

50 % Run simulation

51 simout = sim(modelName, 'StopTime', num2str(Tstop), ...

52 ‘SaveOutput', 'on',"SaveTime','on");
52

54 % Extract reference and actual speed

55 refspd = simout.logsout.get( 'VehSpd_kph Ref').values.Data;
56 actsSpd = simout.logsout.get( 'vehSpd_kph').values.Data;

57/ i = simout.logsout.get('vehSpd_kph').values.Time;

58

59 % Compute Integrated Absolute Error (IAE)

60 e = refSpd - actspd;

61 J = trapz(t, abs(e)); % IAE = [le(t)]| dt

Figure 11. MATLAB code for GA PID tuning.

This code sets up a GA with a population size of 50 and 40 generations, using one-

point crossover (at an 80% rate) and Gaussian mutation. These GA settings (population,

crossover, etc.) are shown in Table 7. The GA optimizes the gains to minimize the drive

cycle speed tracking error using selection, crossover, and mutation as described.

Figure 12 shows the resultant output of the HEV model when using the GA PID tun-
ing for vehicle speed control. It shows very promising results, which indicate that the op-

timal tuned parameters found provide excellent control over the speed. However, there

are some inconsistencies and variations between the input WLTP drive cycle and the out-

put speed, suggesting that further improvements could be implemented to reduce the

variation.

—]
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Figure 12. GA PID tuning WLTP response graph.

2.6.3. Particle Swarm Optimization (PSO) PID Tuning
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Figure 13 shows the flowchart of the energy management strategy based on the PSO

PID tuning approach.
Intialize Max Set.:.andon; Evalute fitness Set local and Update Update
iterations and position an Function of global best of velocity of position of

velocity values

swarm size of PSO R
for particles

each particle particles particles particles

Is Fitness value
minimum or Max
Generations
reached?

No
Increment Iteration Time

‘Output optimal
Kp, Ki, Kd values

Figure 13. PSO PID tuning flowchart.

The PSO algorithm takes a different approach to PID tuning inspired by the social
behavior observed in bird flocking or fish schooling. In the search space of gains, a swarm
of particles with each particle representing a gain candidate <K, Ki, Ki> vector flies
through the swarm of particles. Each particle i is at xi (current PID gains) and has a velocity
vi. The positions, as well as velocities, are initially initialized randomly within allowed
gain bounds. Each particle stores its own best position, prst, and shares information with
the swarm’s global best position, gwt. Each iteration computes the fitness of each particle
using the same error metric and updates the particle’s personal best prest and global best
grest accordingly. The update equations for the velocity v{ and position x{ of a particle
are as follows:

Vit = wof + o1 (Dhese (D) — xF) + 275 (Ghese — XF) (35)
xf = xb 4+ vttt (36)
where
e v{*!linew particle velocity after 1 iteration.
t+1,

e x; 7 :new particle position after 1 iteration.

e  w:inertia weight.

* ¢ and c,: cognitive and social coefficients, respectively.

e 1, and r,: random numbers uniformly distributed in [0, 1].

e pi.s(1): best position found up to time ¢ of the i-th particle.

®  gfese: overall best position found up to time t across all particles.

Thus, the swarm flies through the parameter space, balancing exploration (due to
random terms and inertia) and exploiting the best solutions found so far. The process con-
tinues until a stopping criterion, such as a maximum number of iterations or an acceptable
error, is reached. The PSO method typically converges quickly and can efficiently explore
multidimensional gain spaces without requiring binary encoding. In PID tuning, the tuple
(K, Ki, Ka) may directly represent each particle’s position, xi. The best particle, g, is selected
after each iteration. For PID tuning, particle swarm methods tend to outperform tradi-
tional and GA methods in terms of convergence speed and last tracking accuracy, with
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low overshoot and fast settling times during simulation [40]. For PSO-based tuning, we

can implement a simple PSO loop. The PSO PID tuning code used is in Figure 14.

3e
31
32
33

Setup_HEV_Model_Configurations.m shutdown_HEV Modelm star
% PSO parameters

ns=

30,;

%X swarm size

maxIter = 50O; % max iterations

we=20.7;

% inertia weight

¢l = 1.5; ¢2 = 1.5; X cognitive and social gains

X Initialization

X = rand(n,3) .*[see, See, 5e0]; . %X random [Kp,Ki,Kd] i
V = zeros(n,3);

pBest = X; X personal best positions
pBestVal = inf(n,1);

gBest = zeros(1,3);

X global best

gBestVal = inf;
% Main PSO loop
for iter = 1l:maxIter

end

for

end
for

end

i=1ln
X Evaluate fitness (lower is better)
err = hevSpeedError(X(i,:));
if err < pBestval(i)
pBest(i,:) = X(i,:); pBestVal(i) = err;
end
if err < gBestval
gBest = X(4i,:); gBestVal = err;
end

i=1ln
% Update velocity and position

tup_HEV_Modelm

n bounds

V(i,:) = w*V(i,:) + c1*rand*(pBest(i,:)-X(i,:)) ...

+ c2*rand*(gBest - X(i,:));
X(d,:) = X(4,:) + v(i,:);

Kp_pso = gBest(1l); Ki_pso = gBest(2); Kd_psol = gBest(3);
C_pid_pso = pid(Kp_pso, Ki_pso, Kd_pso);

Figure 14. MATLAB code for PSO PID tuning.

This code initializes a swarm of 30 particles (each particle is a [Kp, Ki Kd] solution)

and iterates 50 times with an inertia weight of 0.7. At each step, it updates personal bests

and the global best, then updates velocities and positions according to the standard PSO

rule. The final gt yields the PSO-optimized PID gains. After running the code through
MATLAB, the PSO PID tuned parameters are determined to be Ky=114.7, Ki=313.5, and
Ka=9.74. This results in a WLTP output, as shown in Figure 15, that very closely matches

the original drive cycle input of the HV model with a max deviation of +0.543, which is
acceptable for HEVs.

w0
Time (seconds)

Figure 15. PSO PID tuned WLTP drive cycle response graph.
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3. Results
3.1. PID Tuning Algorithms Analysis and Comparison

Figure 16 shows a cross-section overlaid view of several drive cycles’ reference
speeds with actual vehicle speed traces for all three PID tuning methods—traditional
Ziegler—Nichols as green, GA-optimized as black, and PSO-optimized as blue dashed
lines. All three controllers approximate the slow—fast-slow cycle pattern but differ in fi-
delity. To evaluate tuning robustness, each algorithm was run 12 times with random ini-
tial conditions. Along with the error indices mentioned before, we also used two other
error criteria, the mean absolute error (MAE) and the root mean square error (RMSE), in
order to evaluate the performance of the different PID controller responses as follows:

1 t
MAE = ¢ [ aerai(®) —vrer (D1t @)
0

RMSE = \/EJ (Vactual(t) - Vref(t))z dt (38)
tJo

where

o V(t): reference velocity from the input (drive cycle) [km/h].
®  Vycwal(D): actual simulated velocity output of the HEV [km/h].
e t:elapsed time [s].

Across all three standard drive cycles (WLTP, HWFET, and FTP-75), the PID control-
ler tuned via particle swarm optimization (PSO) consistently delivered the most accurate
speed tracking. For example, on the WLTP cycle the PSO PID reduced the average speed
error by nearly half compared with a conventionally tuned PID (about 0.27 km/h versus
0.51 km/h MAE) and cut the RMS error from roughly 0.58 km/h down to 0.36 km/h. The
other evolutionary approach (GA PID) stood in between, but still lagged behind PSO in
every metric.

This pattern repeats on the HWFET and FTP-75 runs, where PSO PID achieves the
lowest peak deviations and the smallest mean absolute errors (around 0.27-0.32 km/h).
However, GA PID was slightly behind, but only by a narrow margin. By contrast, the
traditional PID delivers errors on the order of 0.50-0.54 km/h MAE and up to 0.68 km/h
in RMSE. These results clearly demonstrate that PSO tuning provides the most accurate
adherence to the target speed profile, making it the superior controller among the three.

Vatick Spesd (o]

®) = e



Energies 2025, 18, 3688

30 of 43

Vehicke Speed [kvh]

(C) " ( nas)
Figure 16. Drive cycle response graphs using different PID tuning methods: (a) WLTP drive cycle;
(b) HWEFET drive cycle; (¢) FTP-75 drive cycle.

Table 9 presents the control strategies according to three different drive cycles as well
the errors. As for the fuel consumed during these tests, the PSO PID-controlled HEV pro-
duced an average fuel consumption across the different drive cycles. The average fuel
consumed during the 1000 s simulation is as follows:

e PSOPID:0.871 L.
e GAPID:0975 L.
e  Traditional PID: 1.014 L.
Table 9. PID tuning methods performance metrics under different drive cycles.
. . Max Deviation = Mean Absolute Error (MAE) Root Mean Square
Drive Cycle  Tuning Method [km/h] [ikm/h] Error (RMSE) [km/h]
PSO PID 0.581 0.271 £ 0.027 0.340 £ 0.034
WLTP GAPID 0.937 0.352 +0.048 0.441 + 0.060
Traditional PID 1.847 0.512 + 0.047 0.642 + 0.059
PSO PID 0.621 0.294 + 0.026 0.368 + 0.033
HWFET GAPID 0.849 0.372 £ 0.033 0.466 + 0.041
Traditional PID 1.553 0.496 + 0.041 0.622 + 0.051
PSO PID 0.634 0.317 £ 0.034 0.397 + 0.043
FTP-75 GAPID 0.892 0.390 + 0.038 0.489 + 0.048
Traditional PID 1.609 0.542 + 0.045 0.679 + 0.056

The vehicle speed is maintained very close to the reference with minimal oscillation,
allowing the engine to run more steadily near the optimal efficiency point, thereby reduc-
ing transient fuel penalties. In contrast, the larger speed swings of the traditional PID push
the engine into less efficient regions more frequently, thereby increasing fuel use. Table
10 presents the optimal PID parameters obtained using each of the listed tuning methods
across the 12 different run cycles.

Table 10. Optimal PID tuned parameters.

PID Tuning Method K, Ki Ka
Traditional (ZN) 92.4 517.6 4.12
GA-Optimized 103.9 347.7 5.26
PSO-Optimized 114.7 313.5 9.74

In summary, the PSO-based tuning demonstrated the best overall performance in
terms of the minor maximum deviation, the lowest mean and RMS error, and the lowest
fuel consumption, making it the most effective method for our series—parallel HEV speed
controller. Later, during the calculation of fuel economy, it was used exclusively to test
the HEV model with different drive cycles.
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3.2. Drive Cycle Outputs

Figure 17 plots the actual vehicle speed [km/h] for all four test cycles. The black trace
(NEDC) rises only to about 50 [km/h] and exhibits numerous stops, the green trace (WLTP
Class 3b) shows intermediate speeds with more variability, the blue trace (FTP) reaches
several high-speed peaks, and the red trace (HWFET) largely stays at a high speed (70—
100 [km/h]) after an initial ramp. In all cases, the PSO PID controller tracks the reference
profile closely. Minor deviations appear in the fast up-down patterns (e.g., slight under-
shoot on accelerations), but there are no significant steady-state errors. This tight tracking
is consistent with the tuned PSO PID achieving minimal speed errors—for example, the
PSO PID never deviated by more than +0.86 [km/h] on a WLTP cycle. Previous results
showed that the PSO PID yielded the lowest mean and RMS speed errors across a WLTP
3b cycle, so its use here ensures stable speed regulation under all four drive cycles. The
smooth (green) HWFET line and the jagged city cycle lines illustrate a key trend: on the
highway, the vehicle holds a nearly constant speed with minor control action, whereas in
urban-style cycles, the controller is constantly correcting for frequent starts and stops.

w00 700 w00 200 1000

500
Time (seconds)

Figure 17. HEV speed output of different drive cycles with PSO PID.

Figure 18 illustrates the ICE behavior and power demand during a representative
cycle. The top plot shows engine speed (rpm), while the bottom one shows power demand
(kW). In the low-speed portions, the engine often shuts off (rpm drops to 0), and power
goes to zero, reflecting regenerative braking or idling. When the driver accelerates, the
ICE speed jumps rapidly to 1500-3000 rpm and the power spikes up (red peaks). Note the
close correlation: every acceleration hump in the green speed curve corresponds to a surge
in rpm and power. During steady cruising segments (flat green line), the engine rpm and
power level off. For example, from ~780 to 850 s, the speed is maintained at around 15
m/s, and the ICE operates steadily at ~3500 rpm, producing between 30 and 50 kW. These
flat intervals indicate that the controller has settled to a steady operating point, minimiz-
ing unnecessary oscillation. Importantly, even during transient ramps, the controller
avoids excessive overshoot: the speed ramps are controlled so that the engine spends min-
imal time far from its optimal efficiency. In previous tests, the PSO PID was found to
maintain the engine’s operation near the optimal efficiency point, with only minor transi-
ent fuel penalties. Our traces show exactly this behavior —the engine transitions smoothly
between off, moderate, and high rpm, with no long-lived oscillations.
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Figure 18. WLTP power consumed and ICE speed graphs.

Figure 19 shows a similar set of plots for the NADC drive cycle. Here again, we see
bursts of engine activity corresponding to the speed trace. During each standstill, the ICE
rpm drops to zero, and the power trace often dips below zero (indicating energy recov-
ery). With each acceleration, the ICE quickly revs to 2000-3000 rpm. In this cycle, the en-
gine spends more time in mid-range RPM (up to ~3000 RPM) and rarely reaches the high-
est 4000 RPM seen in Figure 19, reflecting the slightly lower peak speed of this profile.
However, the overall pattern is the same: repeated power pulses interspersed with idle
periods. The bottom plot confirms the controller’s effectiveness: the speed curve exhibits
very crisp, repeatable steps that match the reference, and any overshoot or undershoot is
minimal. This stability, or absence of oscillation, during aggressive stop—go driving again
matches the performance noted in earlier sections (PSO PID yielded a minor speed error
with no oscillations). In summary, the ICE RPM and power reflect the driving conditions,
where city-like cycles produce frequent on/off engine operation and transient power
peaks, whereas highway cruising would produce longer, flatter traces (as partially seen
after 800 s here).

200 300 400 500 600 700 800 900 1000
Time (seconds)

Figure 19. NEDC power consumed and ICE speed graphs.
Figure 20 presents our detailed simulation of the series—parallel hybrid under the full

1000 s WLTP Class 3b cycle. In the lower panel, the solid black trace shows vehicle speed
climbing to about 35 km/h at 20 s, dipping back to zero by 100 s for a brief stop, then rising



Energies 2025, 18, 3688

33 of 43

again into a broad plateau of 50-60 km/h between 200 s and 300 s, followed by multiple
stop—go segments and a final peak of 75 km/h around 830 s before tapering off to zero at
1000 s.
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Figure 20. WLTP Class 3b power consumed by ICE, motor, and generator.

Above, the four power traces reveal each subsystem’s contribution. The ICE (thick
black line) quickly and sharply rises on activation, reaching 40-50 kW during the first
three accelerations, then settles into 20-30 kW during mid-cycle cruising, and spikes to
the almost-peak power of 88 kW during the high-speed ramps after 700 s. When the vehi-
cle stops (e.g., at 100 s and 600 s), the ICE power falls to zero.

The traction motor (solid blue) increases up to 45 kW at each acceleration—peaking
at42 kW by 60 s and again around 720 s—then sags to 15 kW during regenerative braking
events at 120 s, 350 s, and 900 s, before returning to positive assist.

The generator (solid green) operates within its 28 kW continuous envelope, provid-
ing steady power levels of 10-22 kW during steady-speed segments (notably 15 kW at 250
s and 20 kW at 800 s). It then drops back to near 0 kW when the battery SOC is satisfied
or the vehicle stops. In heavy braking (around 350 s and 950 s), the green trace dips as low as
30 kW, indicating brief motoring to capture excess engine torque.

The battery (red dashed) maintains balance in the loop, charging at —25 kW under
strong regenerative braking (e.g., 120 s and 900 s) and discharging up to +25 kW when
motor demand exceeds generator output (notably at 60 s and 720 s). Between these peaks,
the red trace swings around zero, reflecting active energy buffering throughout the cycle.

Comparing across the drive cycles reveals distinct trends in the real-time dynamics.
In both Figures 17 and 18 (typical of city-style driving), the controller frequently drives
the ICE from off to on, resulting in rapid transitions. Each acceleration transition (repre-
sented by the sharp upward green line) coincides with a spike in RPM and power. The
control loop quickly damps any overshoot—the engine returns to its trimmed speed
within a second or two. By contrast, during steady phases (e.g., flat green segments), the
ICE rpm and output stabilize immediately, indicating a well-damped steady state. The
HWFET case (red in Figure 17) would exhibit even longer flat segments and nearly con-
stant RPM; indeed, the highway segment (around 600-650 s) features a nearly flat RPM
curve, illustrating a steady-state response with minimal control effort. Overall, the system
is highly stable, as we observe no oscillatory behavior or hunting in any cycle, confirming
that the PSO-tuned gains produce a well-damped response. Even in the most dynamic
cycles (FTP and WLTP), the controller quickly settles speed after each change.

The power demand patterns also differ by cycle. The city-centric WLTP and FTP cy-
cles exhibit numerous short, high-power bursts during acceleration, followed by power
levels near zero or even negative (regeneration) when coasting or braking. In Figure 18,
the power spikes up to ~30-40 kW for brief periods and then often goes negative between
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accelerations. By contrast, highway driving (HWFET) yields sustained positive power;
once the vehicle reaches cruising speed, it draws a steady ~40-60 kW (not fully shown
here but indicated by the long green plateaus). Thus, the average power is highest for
HWFET, while energy is frequently recuperated on urban cycles. Despite this, the PSO
controller keeps the engine working in mostly inefficient regions during both scenarios —
the engine is not held at an unusually high rpm when idling or braking. These observa-
tions are consistent with the notion that minimizing speed error, as achieved here, con-
centrates engine operation in optimal zones, thereby reducing fuel burn.

Quantitatively, the average fuel consumption reflects these dynamics. The hybrid
Crafter consumed on the order of a few liters per 100 km under each cycle. In our simula-
tions, WLTP Class 1 gave the highest consumption of 3.126 L/100 km due to its stop-go
nature, while HWFET yielded the lowest (2.857 L/100 km) because of steady cruising. The
intermediate cycles fell between these extremes: WLTP Class 3b, 3.213 L/100 km, and FTP,
3.624 L/100 km.

Figure 21 shows an energy Sankey diagram for the series—parallel HEV under a 1000
s WLTP drive (with a full initial fuel tank and 100% battery charge state) at an ambient
temperature of 25 °C. The block widths are proportional to energy (MJ) and the labels
indicate the corresponding amounts. On the left, fuel (21.4 MJ) enters the engine (purple),
while the initial battery (8.83 M]J) supplies the electric motor (green). The engine delivers
~7.29 M] to the drivetrain (red arrow) after losing ~13.05 MJ as heat and ~1.06 M]J to inter-
nal friction, whereas the battery outputs 8.52 MJ to the motor (with ~0.97 kWh to auxilia-
ries and 0.29 M]J via the DC-DC converter). A portion of engine energy (5.21 M]) is routed
through the generator (brown) to recharge the battery. On the right, the combined me-
chanical output (~9.24 MJ) overcomes vehicle drag and rolling resistance (totaling approx-
imately 4.51 M]J), with approximately 4.37 M] recovered through regenerative braking
(gray) minus a loss of approximately 0.75 MJ. The powertrain losses (~5.39 MJ]) and auxil-
iary loads (~0.74 MJ) are also shown.

Frictional Resistance ||OSS|

1.06

Powertrain losses
539

Aux. (loss) _
0.645

Vehicle Dynamics
9.24

Aux. Consumers (loss) __
0.74

DC-DC Converter

Figure 21. Sankey energy (in MJ) flow diagram of modeled HEV under 1000 s of WLTP drive cycle.

3.3. Battery Thermal and SOC Analysis
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The DC-DC converter’s thermal model is implemented as a lumped thermal network
in Simulink. All of the converter’s electrical losses (switching and conduction losses) are
treated as internal heat sources: the total power loss Pioss is converted into heat (i.e., Q =
Puoss). This heat is assumed to flow into the converter case (modeled as a thermal mass of
mass m and specific heat c) and is dissipated to the environment by convection. In partic-
ular, the convective heat transfer to ambient air [W] is given by the following;:

Qconv = hA(Tcase — Teoolant) (39)
d_T — Q - QConv (40)
dt mc

where

e  h: Convective heat transfer coefficient [W/(m2K)].

e A: Effective surface area [m?].

¢  Tese: Converter case temperature [°C].

¢  Teolant: Ambient temperature. The resulting temperature dynamics are governed by
an energy balance [°C].

¢ m: Mass of the converter [kg].

e« Specific heat capacity [J/(kg-K)].

So, the rate of rise in the case temperature is the net heat input (power loss minus
convective loss) divided by the thermal capacitance, mc. In other words, as the converter
operates, the lost power, Ploss, appears as an internal heat source that raises the case/junc-
tion temperature, and this heat is carried away by convection to the ambient surround-
ings. This model thus explicitly links electrical losses to temperature rise, allowing the
simulation to track the converter’s temperature response under load. Figure 22 shows the
battery temperature.

|
?
|

—— Battery Temp |

Temperature [°C]
[ ¥ N LS} N
wm (o)} ~J o
\1 T
| |

| 1 | | | 1 | | ]
0 100 200 300 400 500 600 700 800 900
Time (seconds)

Figure 22. Modeled HEV battery temperature increase under WLTP drive cycle conditions.

The battery pack’s thermal response under the WLTP driving cycle is seen as a slow,
monotonic temperature rise. In the simulation results, the cell/pack temperature starts
near ambient (rapproximately 25 °C) and gradually increases to just over 30 °C by the end
of the cycle. The smooth, gentle rise implies that during driving, the battery generates heat
(from internal resistance losses) roughly at the same time it sheds heat to the environment,
so the pack temperature increases slowly. In short, under WLTP load, the battery warms
up by only a few degrees, indicating moderate thermal stress rather than any runaway
heating. Figure 23 shows the battery SOC based on the WLTP test procedure.
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Figure 23. Modeled HEV battery SOC under WTLP drive cycle.

The state-of-charge (SOC) profiles further illustrate the vehicle’s energy flows. When
the battery begins at full charge (red plot), its SOC stays essentially flat during steady
driving, rising only slightly during braking phases when regenerative braking feeds a bit
of energy back into the pack. By contrast, when the battery starts at 70% SOC, although
the battery’s SOC declines quickly at first due to the sudden power demand from the mo-
tor during the start phase, the curve shows a clear upward trend over the cycle. The en-
gine—generator’s operation causes this behavior: as the ICE runs, it can drive the generator
to charge the battery, causing the SOC to climb. In the present S-P HEV, this means that
with an initial 70% SOC, the ICE-propelled generator injects current into the pack and
noticeably increases SOC, whereas a fully charged pack has little headroom and only sees
small bumps from regen. These SOC trends match the expected thermal—electric dynam-
ics: regen adds minor SOC during braking, and the ICE can charge the battery when it is
not already full (as seen by the SOC rise in the 70% case).

3.4. Performance Results

We estimated the conventional 2022 VW Crafter’s fuel use by converting logged
OBD-II mass airflow (MAF) data into fuel flow. Assuming stoichiometric combustion (die-
sel AFR = 14.6:1 by mass, density 0.832 kg/L), the instantaneous fuel volume flow is given
by the following;:

1’hair
AFR - p

Vfuel = (41)

where

e Ve fuel volume flow (L/s).

® I, mass airflow (MAF) (g/s).
AFR: actual air fuel ratio.

p: fuel density (kg/L).
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Integrating Vg, over each driving cycle, the total liters consumed are calculated and
then divided by the cycle distance to yield L/100 km. This MAF-based approach—assum-
ing near-stoichiometric operation —has been shown to yield accurate fuel estimates under
normal engine conditions. We applied this calculation to each cycle for the conventional
Crafter. For the series—parallel HEV model (with PSO PID tuning), fuel consumption was
obtained directly from the MATLAB/Simulink simulation under the same drive profiles.
All results below are presented from our data analysis.

Figure 24 compares the fuel economy and derived range for the two vehicles across
the four test cycles conducted at 70% initial battery charge and fuel tank conditions with
an ambient temperature of 25 °C. The conventional Crafter’s fuel consumption was 10.732
L/100 km on the WLTP combined cycle versus 7.473 L/100 km for the hybrid—a 30.4%
reduction. In the FTP-75 cycle (representing city driving), consumption is 13.889 L/100 km
(ICE) versus 9.274 L/100 km (HEV), resulting in a 33.2% reduction. For WLTP Class 3b
(high-speed urban/interurban), the drop is from 8.456 to 5.661 L/100 km (33.1% reduction),
and on HWFET (highway) from 7.952 to 6.054 L/100 km (23.8%). These fuel savings trans-
late into an extended range on a 75 L (full) tank. For example, the WLTP range grows from
~698.8 km (ICE) to 1018.7 km (HEV). In HWFET, the range increases from ~943.6 km to
1296.4 km due to the HEV’s superior highway efficiency. The detailed figures are given
by fuel saving and range equations, where fuel saving and expected range are calculated

as follows:
. _ Fconv — Fuev
Fuel Saving (%) = ———  x 100 (42)
Conv
Vtank
Range (km) = —— x 100 (43)
Cfuel
where

¢ Fcony: Fuel consumed by conventional vehicle.
e  Fygy: Fuel consumed by HEV.

o  Vunk: Volume of tank (75 L in this case) [L].

e Cgye: Fuel consumed [km/100 L].
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Figure 24. Fuel consumption, range, and emission metrics of vehicles under different drive cycles.

3.5. CO:2 Emission Reduction

For CO: emissions, we use 2.62 kg of CO: per liter of diesel burned. Thus, under
WLTP combined, the conventional van emits 10.732 x 26.2 = 281.2 g/km, while the HEV
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emits 7.473 x 26.2 = 195.8 g/km—a reduction of 85.4 g/km. Similar reductions occur in
other cycles: FTP-75 CO: drops from 363.9 to 261.1 g/km (-102.8 g/km), WLTP 3b from
221.5t0165.2 (-56.4), and HWFET from 208.4 to 157.4 (-51.0). These correspond to roughly
24-30% lower tailpipe COz in the hybrid mode. Overall, the CO2 emissions were reduced
by an average of 76.8 g/km.

Each liter of diesel avoided saves approximately 2.62 kg of COz. In practical terms,
the ~3.26 L/100 km fuel savings on the WLTP cycle corresponds to ~8.54 kg CO2 avoided
per 100 km (85.4 g/km). For a delivery van running ~200 km per day, this translates to ~17
kg of COz saved per day, or roughly 4-5 tons per year (assuming around 250 operating
days) per vehicle. The hybrid’s efficiency gain also implies significantly lower NO, and
particulate emissions since the engine runs less and at a more optimal load, and regener-
ative braking recovers energy that would otherwise be lost. In dense urban delivery sce-
narios —characterized by frequent stops and low-speed travel —the HEV’s electric drive
dominates, so these percentage savings often grow even larger in practice. Thus, the PSO
PID-tuned hybrid Crafter would substantially reduce greenhouse gas emissions and fuel
costs in urban logistics, aiding compliance with environmental targets and improving city
air quality. Overall, our analysis shows that the HEV conversion significantly reduces CO:
per kilometer while extending range, outcomes that are crucial for sustainable delivery
operations.

4. Conclusions

A series—parallel HEV conversion of a 2022 Volkswagen Crafter diesel van is demon-
strated in this article to improve fuel efficiency, reduce emissions, and increase operational
range. Simulations under standard driving cycles (with a full tank, 70% battery charge,
and an ambient temperature of 25 °C) revealed an average fuel consumption reduction of
29.5% from 9.952 L/100 km for the conventional model to 7.014 L/100 km for the hybrid
configuration. The average CO: emissions decreased by 74.8 g/km (from 260.8 g/km down
to 186 g/km) compared with global urban logistics sustainability targets. The hybrid sys-
tem also increased the range of the proposed vehicle by 40.7% to 1105 km from 785.7 km.

Key among these was the optimization of PID control strategies using PSO, which
proved superior to the conventional Ziegler—-Nichols and genetic algorithm methods.
Speed tracking errors were reduced to only +0.34 km/h by the optimized PSO-tuned con-
troller, enabling engine operation near its efficiency points. This precision reduced transi-
ent fuel penalties and maximized regenerative braking energy recovery, especially in ur-
ban cycles.

Despite these advances, some challenges, such as increased system complexity and
upfront costs, were noted. However, the long-term fuel savings and environmental bene-
fits make the investment worthwhile, especially for high-mileage fleets. Future work may
investigate adaptive PID controllers for real-time parameter adjustment and lifecycle
cost-benefit analyses to confirm the commercial viability of the hybrid Crafter.

This study concludes that series—parallel HEVs represent a significant contribution
to decarbonizing urban transportation. It combines advanced control strategies with prac-
tical engineering solutions to create a roadmap for sustainable logistics that balances per-
formance, efficiency, and environmental stewardship. The simulation results confirm that
such a system can deliver substantial operational and environmental gains without sacri-
ficing performance. This work lays a foundation for future developments in light com-
mercial hybrid vehicles, and the methodology presented —integrating control optimiza-
tion, system-level modeling, and empirical calibration—can be extended to other vehicle
types and architectures.
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Limitations and Future Development

This paper presents a study on converting the VW Crafter into a series—parallel hy-
brid vehicle, which necessitates certain modeling assumptions and simplifications. For
example, the simulated vehicle dynamics were idealized; however, some variables, such
as variable load distribution, road grade, suspension effects, and drivetrain losses, were
not fully accounted for. Because our tests used idealized cycles (no external load, full tank,
and ambient 25 °C), the quoted range is an upper bound. In real-world operations —with
variable speeds, payload, road grade, and accessory loads—fuel consumption would be
higher, reducing the range. For example, analyses indicate that PHEVs often use several
times more fuel in practice than WLTP figures suggest, so the achievable range would
degrade accordingly. Similarly, the battery and engine were modeled using simple equiv-
alent circuits or efficiency maps, and phenomena such as thermal effects, aging, and com-
ponent nonlinearities were ignored. The control strategy was based on a conventional PID
controller, which may not fully exploit the potential of the hybrid system under dynamic
conditions. All results are crucially numerically simulated and not hardware-tested; prac-
tical issues, such as sensor noise, actuator delays, and mechanical integration constraints,
are not addressed. Therefore, future work should focus on improving model fidelity and
conducting experimental validation. The vehicle/powertrain models can be extended to
nonlinear dynamics, such as tire and suspension models, variable loading and drag, and
more detailed battery behavior, including thermal management and degradation. Simi-
larly, an energy management strategy may be extended beyond PID; for example, model
predictive control is an optimization-based method that computes optimal power split
decisions over a prediction horizon, while considering system constraints.

Future work should focus on refining the power split device and electric drive to
more tightly match—and potentially exceed —the original diesel’s traction and speed en-
velope. Introducing an adaptive sun-ring ratio (via a two-stage e-gearset or continuously
variable mechanism) alongside a higher power motor and faster discharge battery would
improve low-speed launch without sacrificing top speed. Real-time control algorithms,
which are predictive of driver demand and road load, could actively adjust the torque
split for optimal performance. Finally, adding lightweight multi-speed e-transmission in
a parallel mode would combine the seamless operation of an e-CVT with the responsive-
ness of fixed gears, ensuring full force and speed coverage under all conditions. The HEV
model should also be further tested under various loads, initial battery charges, tank fills,
and ambient temperature conditions to ensure its adaptability across different real-life
scenarios.

It is worthwhile to also note that the PSO tuning in our study was performed offline
to determine the PID gains. Once optimized, these gains are fixed, and the controller op-
erates in real time with minimal computation. In other words, the vehicle’s control unit
would simply apply the precomputed PID parameters at each control timestep. This of-
fline calibration/online control approach is common in HEV design (for example, the
ECMS control law utilizes offline-optimized parameters in real-time execution). Thus, alt-
hough the PSO was run offline, the resulting PID controller is inherently real-time imple-
mentable. In practice, one can periodically re-run the offline PSO or use a fast adaptive
method (e.g., a lookup table or model-predictive scheme) to update the gains if conditions
change; however, the core control law itself can run live on the vehicle without further
optimization.

Fuzzy logic and learning-based controllers, such as reinforcement learning, may also
be investigated to handle uncertainties and nonlinearity. Finally, the simulation results
should be checked in practice. This could involve hardware-in-the-loop testing using real
controller hardware or building a prototype conversion of a VW Crafter. Such
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experimental validation would uncover unmodeled issues and confirm that the simulated
gains in fuel efficiency and emissions are real in actual driving conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

HEV Hybrid Electric Vehicle

ICE Internal Combustion Engine

PID Proportional-Integral-Derivative
PSO Particle Swarm Optimization

GA Genetic Algorithm

ZN Ziegler—-Nichols

WLTP Worldwide Harmonized Light Vehicles
NEDC New European Driving Cycle
HWFET  Highway Fuel Economy Test

FTP Federal Test Procedure

S0C State of Charge

HV High Voltage

VW Volkswagen

TDI Turbocharged Direct Injection
FWD Front Wheel Drive

LWB Long Wheelbase

PMSM Permanent Magnet Synchronous Motor
HPEVS  High-Performance Electric Vehicle Systems

IAE Integral of Absolute Error

ISE Integral of Squared Error

ITAE Integral of Time-weighted Absolute Error
ITSE Integral of Time-weighted Square Error
MPG Miles Per Gallon

MAF Mass Air Flow

AFR Air-Fuel Ratio

MPC Model Predictive Controller

MAE Mean Absolute Error

RMSE Root Mean Square Error

HIL Hardware-in-the-loop

EMS Energy Management System

MOMPC  Multi-Objective Model Predictive Control
A-ECMS  Adaptive Equivalent Consumption Minimization Strategy
DDPG Deep Deterministic Policy Gradient
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