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Abstract: Standard driving cycles have been the method of choice for testing vehicle per-
formance for decades, both in research and at the regulatory level. These methodologies
offer the significant advantage of test reproducibility, allowing for consistent comparisons
between vehicles. However, their inability to reflect real-world driving conditions has
become increasingly evident. This issue was first exacerbated by the advent of hybrid
and plug-in hybrid vehicles, which introduced new complexities in powertrain operation.
Legislators attempted to adapt testing procedures to account for electric energy usage in
emissions assessments, but these efforts have largely failed to address the technical chal-
lenges posed by modern vehicles. As a result, the gap between real-world fuel consumption
and type-approval values has continued to grow. The introduction of ADAS technologies
has further widened this discrepancy, as standard driving cycles are no longer capable of
accurately representing modern vehicle performance. In light of these challenges, this paper
critically evaluates the limitations of standard drive cycles and on-road testing procedures,
explores how hybrid and connected vehicles further complicate performance assessment,
and proposes directions for improving these methodologies.

Keywords: driving cycles; on-road testing; electric vehicles; hybrid vehicles; connected
vehicles; traffic modelling; testing; automotive homologation

1. Introduction
Air pollution is widely acknowledged as a leading risk factor for chronic non-

communicable diseases and is estimated to surpass all other known environmental risk
factors in its contribution to global morbidity and mortality [1]. Since vehicular traffic is a
major contributor to air pollution [2,3], legislators around the world have been trying to
curb tailpipe emissions for decades. Among early initiatives, the United States enforced
their first federal standard in 1975 [4] and the European Union in 1993 [3]. More recent leg-
islative actions have extended their focus to reduce Greenhouse Gas (GHG) emissions from
road vehicles in major automotive markets [5], a critical target given that road transport
contributes significantly to total anthropogenic GHG emissions [3,6].

To enforce emissions regulations, policymakers, researchers, and automakers have
relied heavily on standardized Driving Cycles (DCs). The performance in terms of energy
consumption and emissions of a vehicle, in particular Light-Duty Vehicles (LDVs), is
typically evaluated on a chassis dyno under controlled and repeatable conditions, which
include the time series of vehicle speed, that is, the DC. This methodology allows for
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consistent comparisons across different vehicles, and it has been instrumental in ensuring
regulatory compliance. However, standardized DCs fail in reflecting real-world driving
conditions, which has become increasingly evident over time [5,7]. The growing gap
between standard driving cycle assessments and real-world vehicle performance has
become a critical issue, particularly with the rise of advanced powertrains that leverage
multiple energy sources (e.g., fuel and batteries), such as hybrids and plug-in hybrids, or
the introduction of Advanced Driver Assistance Systems (ADAS) that leverage connectivity
and onboard sensors to implement some level of driving automation. Interestingly, the gap
is systematically larger for electrified vehicles than conventional ones [5].

While attempts have been made to adapt testing procedures to account for the com-
plexities introduced by modern powertrain systems, particularly in hybrid and plug-in
hybrid vehicles, these adaptations have not fully addressed all the challenges. For instance,
major modifications have been introduced in drive cycle testing protocols to account for
the use of electric energy in plug-in hybrid vehicles [8]. However, these modifications
remain limited in their ability to handle the full range of complexities presented by modern
vehicles [9]. The introduction of on-road testing protocols has been an important step to-
ward improving the representativeness of vehicle performance assessments [3,10]. On-road
testing allows us to check regulation compliance by measuring emissions under real-world
driving conditions, helping to bridge the gap between laboratory tests and actual vehicle
operation. Nonetheless, on-road testing still presents shortfalls, particularly due to the
technical limitations of testing equipment and unsatisfactory exploration of the variability
range of environmental factors that can influence test results [3,11,12].

Further challenges are posed by ADAS that implement some level of driving automa-
tion, such as Predictive Cruise Control (PCC) or Eco-driving, which neither traditional
DCs nor modern on-road testing protocols can fully address. While DC testing provides a
means to evaluate basic energy consumption and emissions, it cannot capture the real-time,
dynamic interactions with traffic, clouds, and infrastructure that driving automation tech-
nologies depend on. Indeed, these interactions are not represented in standard DCs, which
rely on predefined speed profiles and fixed road conditions. At the same time, on-road
testing protocols cannot fully capture real-world variability [11]. Therefore, results are not
statistically relevant to quantify the impact of ADAS technologies on vehicle performance.
These challenges are not only critical for regulatory compliance but also pose significant
barriers within the industrial and research fields that urge to be addressed [13]. As ADAS
technologies for energy efficient driving continue to evolve, there is an increasing need for
novel testing frameworks that can better represent their real-world impact and performance,
fostering accurate research and development efforts. Current testing methodologies often
fall short of providing reliable comparisons or quantifying the full energy benefits of ADAS
under diverse driving conditions, leading to inconsistent results across studies [14,15].

This paper provides a comprehensive overview of global vehicle testing methodolo-
gies, focusing on their limitations in the context of evolving vehicle technologies. Emphasis
is placed on identifying gaps in the standardization of testing procedures, particularly for
Connected and Automated Vehicles (CAVs). The discussion addresses high-level challenges
while referencing key studies that detail specific methodologies, tools, and data sources.
Building on this foundation, the paper explores potential pathways to improve testing
frameworks, better aligning them with the complexities of real-world vehicle operation.

The paper structure is organized to reflect the chronological evolution of vehicle test-
ing methodologies. Section 2 outlines the construction of standardized driving cycles,
providing the basis for understanding the subsequent testing frameworks. Section 3 dis-
cusses chassis dynamometer testing, a traditional method for type-approval and regulatory
compliance. Section 4 examines on-road testing, highlighting its capacity to address the
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representativeness gap of laboratory tests. Sections 5 and 6 delve into challenges intro-
duced by electrified powertrains and connectivity/automation, respectively. Section 7
proposes potential solutions to these challenges, offering a systematic comparison of test
methodologies, their applicable scenarios, advantages, and limitations. Finally, Section 8
concludes the paper by outlining future research directions and advancements in testing
protocols to better capture the complexities of CAV operation under real-world conditions.

2. Construction of Standardized Driving Cycles
When used for vehicle performance assessment, a driving cycle should reflect real-

world vehicle usage and be practical for laboratory execution—neither too lengthy nor overly
complex—while maintaining repeatability and reproducibility. Practical limitations related to
chassis dyno technologies were severely limiting the representativeness of DCs in the past, but
advances over the years have enabled the development of more dynamic and intricate cycles.
Because of this, literature references generally distinguish two types of DCs [16]:

1. Modal, composed of a sequence of constant speed segments.
2. Transitory, which better reflects real usage.

Figure 1 illustrates this distinction by comparing a modal cycle, the New European Driving
Cycle (NEDC) [17], against a dynamic cycle, the Worldwide harmonized Light-duty Test Cycle
(WLTC) [18]. The WLTC replaced the NEDC for type-approval in Europe in 2017. As shown,
the speed profile of the WLTC is significantly more dynamic than that of the NEDC, with
the latter consisting of a sequence of steady-state phases, designed to align with the technical
constraints of testing equipment available in the 1970s, when it was first developed [5].
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Figure 1. Comparison between the old (NEDC) and new (WLTC class 3b) statutory driving cycles
for passenger cars type-approval. WLTC is differentiated into class 1, class 2, class 3a, and class 3b
depending on the power-to-mass ratio and maximum speed of the vehicle, with WLTC class 3b being
the most demanding.

The methodology for the development of modern “real-world” DCs, such as the
WLTC, is a well consolidated practice consisting of the four main steps listed below [19,20]:

1. Route selection
Route selection is crucial because the chosen path must represent the actual network
and typical traffic flow conditions, which are influenced by factors like land use, road
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type, topography, and population density [21]. A thorough understanding of these
factors ensures accurate data and minimizes bias, making driving cycle development
a purpose-driven and region-specific process [22].

2. Data collection
Data collection is crucial as the reliability and representativeness of collected data
directly influence the outcomes. Two primary methods are used: the chase car method,
where an instrumented vehicle follows a target car to record second-by-second speed
data, and the on-board measurement method, which involves installing instruments
on selected vehicles to capture data along predetermined routes [22,23]. The chase car
method is cost-effective but may struggle with aggressive driving behaviors and low
sample sizes, while the on-board measurement method offers higher accuracy at the
expense of increased cost and complexity. A hybrid approach can balance cost and
representativeness [22,24].

3. Cycle construction
Four major approaches to DC construction exist: micro-trip-based, segment-based,
pattern classification, and modal cycle construction.
The micro-trip-based construction method divides real-world driving data into micro-
trips, which are segments of driving activity between two adjacent stops, including
any idle periods. These micro-trips are assigned to bins and selected to create a
driving cycle that matches the target parameters of the population. This method is
particularly effective at capturing stop-go traffic patterns, which are known to signifi-
cantly impact fuel use and emissions [25,26]. However, it is limited in distinguishing
between roadway types and traffic conditions.
The segment-based construction method extends the micro-trip approach by consider-
ing roadway type and traffic congestion during segment selection. Segments are trip
portions categorized by traffic conditions or physical road characteristics, and they can
start and end at any speed. This method is especially useful for expressways, where
stop-go patterns are rare, and the micro-trip method may not be applicable. However,
constructing such cycles requires careful matching of speed and acceleration at the
junctions of connected segments.
The pattern classification method divides entire trips into heterogeneous classes based
on statistical analyses of kinematic sequences, such as speed and acceleration pat-
terns. Succession probabilities are used to estimate the likelihood and chronology
of sequences, and driving cycles are constructed by reconnecting sequences in line
with these probabilities. This method effectively captures diverse traffic patterns but
requires extensive data for initial classification, making it time intensive.
The modal cycle construction method divides driving patterns into acceleration, decel-
eration, cruising, and idling modes. It applies the Markov Chain theory to chain these
modes based on their transition probabilities. Data is clustered into modal bins and DCs
are constructed by chaining speed profile portions from these modal bins while ensuring
continuity in speed and acceleration [27]. This approach reflects real-world traffic con-
ditions and is highly effective in capturing modal transitions. However, in regions with
smooth traffic flow, where modal events are fewer or longer, it may face challenges.

4. Cycle assessment
Cycle assessment is essential to ensure that the DC accurately reflects real-world driving
patterns in a specific area. Parameters such as the number of stops per distance, average
speed, and maximum speed were used in the past. Over time, more sophisticated metrics
have been incorporated into cycle assessments, such as time proportions, averages,
standard deviations, and specific emission-related parameters like root mean square
acceleration and positive acceleration kinetic energy [28–30]. After having selected a



World Electr. Veh. J. 2025, 16, 94 5 of 30

proper set of metrics, the candidate cycle with the smallest deviation from the collected
data characteristics is selected as the most representative [31].
The interested reader can reference [19,24,32–34] for further details.

3. Chassis Dynamometer Testing
The traditional method for measuring LDVs emissions during type-approval involves

operating a vehicle on a rolling road dynamometer according to a predefined DC, during
which pollutant emissions are collected [32]. The capability of these cycles to represent
real-world driving conditions is, thus, of prime interest for the assessment of vehicle
emissions [24]. This methodology has been in place in major automotive markets since the
first regulations on vehicle emissions were established in the mid-1970s in the US.

In the effort to establish representative test methodologies, Europe, the US, China, and
many other countries have moved away from outdated modal cycles over time, adopting
more representative “real-world” DCs tailored to their regional characteristics. In Europe,
the transition from the NEDC to the WLTC was completed in 2020, marking a significant
overhaul of the type-approval procedure to align with the Worldwide Harmonized Light-
duty Test Procedure (WLTP) [35] (Figure 1). Similarly, China, which previously relied on
the NEDC, adopted the WLTP [36] through its statutory driving cycle, the China Light-duty
Test Cycle (CLTC) [37] (Figure 2). The US enforces their Corporate Average Fuel Economy
(CAFE) standards [38] using two distinct transitory driving cycles: the Federal Test Pro-
cedure (FTP-75) [39] and the US EPA Highway Fuel Economy Test Cycle (HWFET) [40]
(Figure 3), contributing 55% and 45%, respectively, to the overall fuel economy calculation.
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Figure 2. China’s statutory driving cycles for passenger cars type-approval.

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW 6 of 32 
 

 

Figure 3. United States’ CAFE procedure statutory driving cycles for passenger cars type-approval. 

The use of DCs for vehicle type-approval is a mature methodology having the great 
advantage of reproducibility, thus, offering a level field for the comparison of different 
vehicles. Anyway, it has several shortfalls that have emerged over the years which may 
threaten real-world performance representatives, which is crucial to ensure proper legis-
lation enforcement. Three major critical points are identified in [16]: 

1. DCs represent an artificial sequence that cannot be found in real-life operation, or a 
specifically measured single sequence of defined length. 

2. DCs statistically do not reflect the parameters of real-life operation of a vehicle. 
3. DCs are fully deterministic and, thus, easily detectable during emission tests. 

Proof of the limited representativeness of DCs is provided by several studies that 
examined the widening gap between type-approval and real-world performance of vehi-
cles across major markets between the mid-1990s and mid-2010s. In Europe, the diver-
gence between official and real-world fuel economy increased from 9–10% in the early-
2000s to 45–50% in the mid-2010s, exacerbated by the introduction of mandatory CO2 tar-
gets in 2009 [5,41,42]. Similar trends are observed in China, where the gap grew from 12% 
in 2008 to 27% in 2015, with studies highlighting weaknesses in the NEDC test procedure 
itself as a key contributor [43,44]. In the US, CAFE values show increasing divergence, 
rising from 14% in 2004 to 31% in 2015 [5,45]. Figure 4 summarizes those numbers by 
plotting the trend of the gap in major automotive markets worldwide. As it is possible to 
see, all type-approval procedures show an enlarging gap over the years. The only excep-
tion is represented by US EPA label values, which are calculated by applying corrective 
coefficients that are periodically adjusted. US EPA label values are not used to check reg-
ulatory compliance. 

0 500 1000 1500 2000 2500
0

50

100

150

Sp
ee

d 
[k

m
/h

]

FTP-75

0 500 1000 1500 2000 2500
Time [s]

0

50

100

150

Sp
ee

d 
[k

m
/h

]

HWFET

Figure 3. United States’ CAFE procedure statutory driving cycles for passenger cars type-approval.



World Electr. Veh. J. 2025, 16, 94 6 of 30

The use of DCs for vehicle type-approval is a mature methodology having the great
advantage of reproducibility, thus, offering a level field for the comparison of different
vehicles. Anyway, it has several shortfalls that have emerged over the years which may
threaten real-world performance representatives, which is crucial to ensure proper legisla-
tion enforcement. Three major critical points are identified in [16]:

1. DCs represent an artificial sequence that cannot be found in real-life operation, or a
specifically measured single sequence of defined length.

2. DCs statistically do not reflect the parameters of real-life operation of a vehicle.
3. DCs are fully deterministic and, thus, easily detectable during emission tests.

Proof of the limited representativeness of DCs is provided by several studies that
examined the widening gap between type-approval and real-world performance of vehicles
across major markets between the mid-1990s and mid-2010s. In Europe, the divergence
between official and real-world fuel economy increased from 9–10% in the early-2000s
to 45–50% in the mid-2010s, exacerbated by the introduction of mandatory CO2 targets
in 2009 [5,41,42]. Similar trends are observed in China, where the gap grew from 12% in 2008
to 27% in 2015, with studies highlighting weaknesses in the NEDC test procedure itself as a
key contributor [43,44]. In the US, CAFE values show increasing divergence, rising from
14% in 2004 to 31% in 2015 [5,45]. Figure 4 summarizes those numbers by plotting the trend
of the gap in major automotive markets worldwide. As it is possible to see, all type-approval
procedures show an enlarging gap over the years. The only exception is represented by
US EPA label values, which are calculated by applying corrective coefficients that are
periodically adjusted. US EPA label values are not used to check regulatory compliance.
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Overall, two key takeaways can be extracted from the presented overview:

1. Countries using modal cycles (EU and China before the transition to WLTP) exhibit a
greater gap than those using transient cycles (US), suggesting a better representative-
ness of the latter ones.

2. The gap is significant even in countries having strict test procedures relying on
transient cycles (US) [46], suggesting that the shortfall is not only caused by the
weaknesses of the NEDC test methodology.

Besides the DC itself, major limitations of the NEDC testing procedure were the
exploitation of flexibilities and tolerances during chassis dynamometer testing, significantly
contributing to the gap growth in the EU and China [47–49]. Studies demonstrated that the
procedure failed to represent real-world conditions, with on-road emissions measured with
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the Portable Emissions Measurement System (PEMS) exceeding official values by up to 30%
in China even when normalized to the NEDC [44]. Weak enforcement and unrealistic road
load coefficients, as shown in comparative studies between EU and US procedures [46],
further exacerbated the issue, prompting the transition to the WLTP.

Experimental studies conducted in 2017 estimated that the adoption of the WLTP
could have reduced the gap between real world and type-approval fuel consumption down
to 10÷15% [50]. Reasons for this include, but are not limited to, improved representativeness
of the test cycle, more realistic determination of road load, and revised gear shifting schedules.
An in-depth discussion about the causes behind this achievement is available in [51]. As it is
possible to see in Figure 5, the WLTP introduced an offset that brought type approval values in
Europe closer to real world ones, but it did influence the trend of growth.

World Electr. Veh. J. 2025, 16, x FOR PEER REVIEW 8 of 32 
 

 

Figure 5. Evolution of the gap between real-world and type-approval CO2 emissions [7]. 

Confirmation about the improved representativity of WLTP for fuel economy testing 
comes from [52], which on the other hand shows a significant shortfall for pollutant emis-
sions. This thesis was strengthened by many authors who dedicated their research effort 
to the analysis of real-world NOx emissions from European diesel-powered vehicles 
[3,11,52], that are widely diffused in the continent [53]. In general, there is strong evidence 
that WLTP testing largely underestimates NOx emissions, with real world values that are 
5–16 times larger than type-approval ones. Shortfalls exist even when the CLTC is used in 
place of WLTC [54], suggesting that the problem does not only reside in the test cycle but 
encompasses the whole test procedure. Strong evidence exists about the optimization of 
NOx reduction systems for the type-approval cycle [11]. While performance optimization 
for the homologation test does not breach the law, it results in underestimation of vehicle 
emissions if the test procedure is not truly representative of real-world conditions. This 
evidence raises concerns about the use of deterministic DCs for homologation purposes 
because they are easily detectable, potentially triggering illegal cycle-beating systems [55]. 
Examples from the past are the US diesel truck scandal in 1995 [3,56] and the Dieselgate 
scandal in 2015 [3,57]. 

4. On-Road Testing 
The advent of PEMS revolutionized vehicle emissions testing starting in the mid-

1990s, allowing for on-road testing. PEMS gained prominence during the US diesel truck 
emissions scandal, eventually leading to their adoption for on-road testing of US trucks 
in 2003. In the EU, the Joint Research Center (JRC) began PEMS testing for Heavy-Duty 
Vehicles (HDVs) in 2004 and LDVs in 2007. These efforts resulted in off-cycle measure-
ment requirements for HDVs by 2014 and the introduction of Real Driving Emissions 
(RDE) testing for LDVs in 2017 [3]. In 2020, China adopted RDE testing for monitoring 
purposes, enforcing it legislatively from 2023 onwards [10]. A comprehensive overview 
of RDE testing procedures is available in [3,58,59]. 

The introduction of RDE testing marked a pivotal advancement in vehicle type-ap-
proval. While deterministic laboratory tests remain essential for providing repeatable and 
explicit compliance evidence, non-reproducible RDE tests serve as a validation tool to en-
force legislation under real-world conditions [58]. EU’s RDE framework sets boundary 
conditions to RDE testing with the goal to cover 95% of real-world driving conditions, 
defining proper ranges for parameters like altitude, ambient temperature, payload, and 
dynamics as reported in Tables 1 and 2, and Figure 6. Trip specifications are provided to 
include urban, rural, and motorway driving in similar proportions [58]. Additionally, the 
basis of in-service conformity and surveillance test are laid [59]. 
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Confirmation about the improved representativity of WLTP for fuel economy testing
comes from [52], which on the other hand shows a significant shortfall for pollutant emis-
sions. This thesis was strengthened by many authors who dedicated their research effort to
the analysis of real-world NOx emissions from European diesel-powered vehicles [3,11,52],
that are widely diffused in the continent [53]. In general, there is strong evidence that
WLTP testing largely underestimates NOx emissions, with real world values that are
5–16 times larger than type-approval ones. Shortfalls exist even when the CLTC is used in
place of WLTC [54], suggesting that the problem does not only reside in the test cycle but
encompasses the whole test procedure. Strong evidence exists about the optimization of
NOx reduction systems for the type-approval cycle [11]. While performance optimization
for the homologation test does not breach the law, it results in underestimation of vehicle
emissions if the test procedure is not truly representative of real-world conditions. This
evidence raises concerns about the use of deterministic DCs for homologation purposes
because they are easily detectable, potentially triggering illegal cycle-beating systems [55].
Examples from the past are the US diesel truck scandal in 1995 [3,56] and the Dieselgate
scandal in 2015 [3,57].

4. On-Road Testing
The advent of PEMS revolutionized vehicle emissions testing starting in the mid-

1990s, allowing for on-road testing. PEMS gained prominence during the US diesel truck
emissions scandal, eventually leading to their adoption for on-road testing of US trucks
in 2003. In the EU, the Joint Research Center (JRC) began PEMS testing for Heavy-Duty
Vehicles (HDVs) in 2004 and LDVs in 2007. These efforts resulted in off-cycle measurement
requirements for HDVs by 2014 and the introduction of Real Driving Emissions (RDE)
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testing for LDVs in 2017 [3]. In 2020, China adopted RDE testing for monitoring purposes,
enforcing it legislatively from 2023 onwards [10]. A comprehensive overview of RDE
testing procedures is available in [3,58,59].

The introduction of RDE testing marked a pivotal advancement in vehicle type-
approval. While deterministic laboratory tests remain essential for providing repeatable
and explicit compliance evidence, non-reproducible RDE tests serve as a validation tool to
enforce legislation under real-world conditions [58]. EU’s RDE framework sets boundary
conditions to RDE testing with the goal to cover 95% of real-world driving conditions,
defining proper ranges for parameters like altitude, ambient temperature, payload, and
dynamics as reported in Tables 1 and 2, and Figure 6. Trip specifications are provided to
include urban, rural, and motorway driving in similar proportions [58]. Additionally, the
basis of in-service conformity and surveillance test are laid [59].

Table 1. Valid Euro 6d RDE trip components [60,61].

Parameter Trip Portion Limit Range

Total duration Between 90 and 120 min

Distance
Urban >16 km
Rural >16 km

Motorway >16 km

Composition
Urban 29 to 44% of total distance
Rural 23 to 43% of total distance

Motorway 23 to 43% of total distance

Average speed
Urban 15 to 40 km/f
Rural 60 to 90 km/h

Motorway >90 km/h (>100 km/h for at least 5 min)

Table 2. Valid Euro 6d RDE trip boundary conditions [60,61].

Parameter Boundary Type Limit Range

Total mass ≤90% of maximum vehicle weight

Altitude
Moderate 0 to 700 m
Extended 700 to 1300 m

Altitude difference ≤100 m between start and finish

Cumulative altitude gain ≤12 m/km

Ambient temperature Moderate 0 to 30 ◦C
Extended −7 to 0 ◦C and 30 to 35 ◦C

Stop percentage 6 to 30% of urban time

Maximum speed 145 km/h (160 km/h for a maximum of 3%
of motorway driving time)

High dynamic boundary 95th percentile of v·a curve

Low dynamic boundary Relative positive acceleration curve

Use of auxiliaries Not recorded
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According to [11], where experimental analyses are presented to assess representativeness,
RDE tests effectively capture real-world emissions under normal driving conditions. However,
disproportionally high emissions are recorded under sporty driving conditions outside the
RDE regulation boundaries, with 2–8 times higher NOx emissions and 1.4–1.8 times higher
CO2 emissions. Besides coverage gaps of the current RDE boundaries, ref. [12] highlighted
the risk of test detection (mainly due to the presence of PEMS) and the importance of stricter
oversight of in-service conformity tests. Harsh critics are moved in [3] to the data post-
processing procedure applied when analyzing RDE test results. Indeed, besides excluding
driving conditions not categorized as “normal”, the Euro 6 standard applies a conformity
factor to account for technical uncertainties and measurement variability inherent in PEMS as
described by Equation (1) [3,59].

RDElim,x = CFx EU6lim,x (1)

where EU6lim,x is the Euro 6 standard emission limit for the substance x, RDElim,x is the
RDE test emission limit for the pollutant x, and CFx is the conformity factor that applies
for the pollutant x.

The recorded emissions are normalized by applying the RDE evaluation factor as
shown in Equation (2) [59]. The evaluation factor is a multiplicative coefficient that is lower
or equal to 1 depending on the ratio between specific CO2 emissions during the RDE test
over that of the WLTP.

∼
mx = RF mx (2)

where mx is the recorded specific emission for the pollutant x, RF is the evaluation factor,
and

∼
mx is the corrected specific emission for the pollutant x.

5. Hybrid Electric Powertrains
Hybrid Electric Vehicles (HEVs) consist of two different mechanical actuators, generally

an Internal Combustion Engine (ICE) and an Electric Motor (EM). Energy is stored in the tank
as chemical energy (fuel) and in the Energy Storage System (ESS) as chemical energy (batteries),
electrostatic energy (capacitors), or a combination of both (supercapacitors). The most common
case is having one ICE and one EM for propulsion and a battery pack as ESS. Appendix A
offers an overview of HEVs powertrain architectures, which can be grouped into three main
categories based on their topology [63,64]: series, parallel, and power split.

Besides topology, a vital feature for the characterization of HEVs is the possibility to
charge the ESS from an external source. In case this possibility exists, the name Plug-in
Hybrid Electric Vehicle (PHEV) is used. PHEVs introduce further complexity to hybrid
powertrains by having two different external energy inputs: indeed, the user can provide
energy to the vehicle by both refueling and recharging the ESS.

5.1. HEVs Control

HEVs introduce at least one additional degree of freedom in powertrain control with
respect to CVs. This additional degree of freedom is handled by the vehicle’s Energy
Management Strategy (EMS), a control algorithm that manages the power flows within
the powertrain, generally developed to increase energy efficiency without deteriorating
vehicle performance. EMSs can be classified into three main categories [63,65–67]:

1. Rule-Based (RB)
RB EMSs rely on predefined rules or logical conditions to manage the distribution
of power between the ICE and the EMs. These rules are usually designed based
on heuristic knowledge, vehicle operating modes, or specific performance targets.
Two different types of RB-EMS can be identified [65]: deterministic and fuzzy.
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2. Optimization-Based (OB)
OB EMSs are those obtained from the solution of an optimal control problem, a general
formulation of which is given in [68]. This family of EMSs applies optimization
techniques to determine the best control actions at each instant of time to minimize
a cost function along a driving mission. Optimization techniques can be divided
into global and local based on the solution space they look over, and into online and
offline based on whether the optimization is performed in real-time during the driving
mission or precomputed using prior knowledge of the entire mission trajectory.

3. Learning-Based (LB)
LB EMSs for HEVs primarily leverage Machine Learning (ML) to implement an agent
that reacts in the best possible way to the observed environmental conditions. To achieve
this, the agent undergoes a training phase in which it learns from its prior experience.
Depending on how the training data is organized, ML can be divided into three categories:
supervised learning, reinforcement learning, and unsupervised learning [66].

The classification above provides a framework for understanding HEVs EMS strategies.
Most of the presented approaches are general enough to be expanded to other control
problems, finding broader application in advanced vehicle technologies (Section 6). The
interested reader can reference Appendix B for a comprehensive overview of EMSs, with
relevant examples of applications from the literature.

5.2. PHEVs Use

PHEVs owners can provide energy to the vehicle by both refueling and recharging the
ESS. They generally operate in two major distinct modes [9]:

1. Charge Depleting (CD), in which power mostly comes from the ESS.
2. Charge Sustaining (CS), in which power mostly comes from the fuel.

The possibility of using different energy sources makes the vehicle performance
dependent on user’s charging behavior, which is generally non-homogeneous within the
population [63]. If the driver does not charge the ESS regularly, the state of charge will be
low and, thus, more fuel will likely be used.

Several studies attempted to analyze the charging behavior of PHEVs drivers to
determine the causes of variability. One of the most intuitive factors is the trend of fuel and
electricity prices, with drivers that change their habits as a response to fluctuations [69].
A key role is played by people’s stopping tolerance for battery recharging, which may
hinder the use of PHEVs at their best. According to [70], there exists a critical stopping
tolerance at which drivers start driving on gasoline rather than electricity. ESS size can
be leveraged to mitigate this effect, with larger ESSs offering increased range between
consecutive charging events [69,70]. As a consequence, PHEVs are generally designed to
have long All-Electric Range (AER) and are, therefore, characterized by high Hybridization
Ratio (HR, see Appendix A) and high-capacity ESS. Charging infrastructure availability is
another crucial element in promoting a correct charging behavior in PHEVs owners [71].
Evidence exists that drivers that take advantage of public and workplace infrastructure
regularly cover significantly more electric mileage than those who don’t [72].

The complexity of PHEVs is handled by legislative framework in EU, China, and
US by means of complex procedures that aim at determining the vehicle’s AER and its
emissions under both CD and CS mode. A unique emission value is obtained combining
those under CD and CS mode by means of a weighted average based on the Utility Factor
(UF), as described by Equation (3) [8].

mx,weighted =
k

∑
j=1

(
UFj mx,CD,j

)
+

k

∑
j=1

(
1 − UFj

)
mx,CS (3)
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where j is the index number of the considered phase, k is the number of phases driven
until the end of the transition cycle from CD to CS, mx,weighted is the weighted emission
for the pollutant x, mx,CD,j is the mass emission of the compound x of phase j under CD
mode, and mx,CS is the charge-sustaining mass emission of compound x. Further details
are available in [8].

The UF is used as a weight coefficient to account for the use of energy from the
ESS rather than from fuel. It effectively scales down emissions recorded under CS mode,
progressively making those under CD more prominent. Its value progressively changes
during the test as the vehicle accumulates distance in CD mode. UF curves have been
defined in the attempt to account for the variability factors discussed above [8,73], an
example of which is provided in Figure 7.
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5.3. Discussion for HEVs

HEVs are a viable option to meet the increasingly stringent GHG emission stan-
dards [54,75,76] as they enable engine downsizing, kinetic energy recovery, electrification
of auxiliaries and more, although they do not provide a clear advantage in terms of pollutant
emissions [54,76,77]. They started their rise in the automotive market almost three decades
ago and today have a significant share [78].

HEVs add an extra layer of complexity in high-level powertrain control compared to
ICEVs and BEVs, offering the possibility to satisfy the vehicle power demand in multiple
different manners. Most of the EMSs available in the literature today require one or more
reference cycles for design and/or tuning, making DC prediction and construction active
fields of research [79]. Natural choices for cycle selection for this purpose are those used for
regulatory compliance. While this approach may ensure favorable results during testing, it may
bring significant discrepancies in real-world performance, potentially undermining the gains
in fuel efficiency and emission reductions expected by lawmakers. Confirmation of this comes
from the evidence brought by some authors who highlighted that the gap between real-world
and type-approval fuel consumption is systematically larger for HEVs than ICEVs [5]. Research
effort should be dedicated to understanding the causes of this phenomenon.

Complexity is further increased in the case of PHEVs. This category of vehicles offers
flexibility by allowing energy inputs from both refueling and recharging but performance
heavily depends on users’ charging behavior, which varies significantly across the popula-
tion. Despite several studies highlighting how much charging behavior can impact PHEVs
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use, current regulations fail to account for these variations [74,80]. As a result, PHEVs may
meet emissions standards under controlled testing conditions but perform differently in
real-world scenarios, undermining the potential environmental benefits of the technology.
As proof of this, reference [81] pinpoints a growing gap between real-world and WLTP fuel
consumption for PHEVs, with the latter being three to five times lower than real values.

6. Connected and Automated Vehicles
Advanced Driver Assistance Systems (ADASs) have progressively transformed the

automotive landscape, pushing the boundaries of mobility and reshaping the way vehicles
operate in real-world environments. ADAS initially emerged with systems designed to
support drivers in safety-critical conditions, such as anti-lock braking systems and traction
control. Over time, these technologies evolved to include more complex functionalities
like adaptive cruise control, lane-keeping assistance, and automated emergency braking.
As the availability of sensors and computational power on board of vehicles increased,
connectivity emerged. CAVs are today envisioned as critical enablers for safer, more
efficient, and environmentally friendly transportation systems [14,15].

Energy-efficient ADAS features implement the concept of eco-driving, defined in [68],
to improve vehicle control based on preview information made available from the sur-
rounding traffic, the infrastructure and the cloud. Therefore, from a high-level perspective,
these offer the possibility to improve vehicle operation by interacting with the surrounding
environment. This can occur through two classes of mechanisms [14]:

1. Anticipation
Connected vehicles have the potential to interact with the infrastructure, gather
information from the cloud and perceive the environment in their surroundings to
anticipate probable slowdowns, prepare for road grade variations, and predict the
most likely actions of neighboring vehicles.

2. Cooperation
In case connectivity enables vehicle-to-vehicle interactions, much more information can
be made available. Deliberate exchange of intentions by vehicles and infrastructure allows
CAVs to cooperate rather than compete, coordinating movements for a “common” good.

Besides the high-level classification introduced above, a recent literature review
article [15] individuated eight active research areas that are impacted by ADASs: power-
train control, vehicle platooning, car-following, intersection management, speed planning,
traffic control, lane changing, and on-ramp merging. Table 3 provides an overview of
each of them, quantifying their energy-saving potential as reported by the authors and
providing relevant literature references.

Table 3. Fields of research impacted by ADASs.

Optimization Approach Description Relevant Literature Expected Benefit

Powertrain control Optimization of powertrain operation based on
evolving environment [82–85] 2–12% **

5–15% *
[14]
[15]

Vehicle platooning Forming and coordinating a line of CAVs to minimize
energy consumption [86–90] 4–13% * [15]

Car-following Minimization of energy consumption of a CAV following
a leader [91–95] 4–50% **

6–10% *
[14]
[15]

Intersection management Optimization of the trajectory of CAVs
approaching intersections [96–100] 2–50% **

2–58% *
[14]
[15]

Lane changing Cooperation of CAVs for lateral position change [101–104] 8–48% **
47–60% *

[14]
[15]

On-ramp merging Cooperation of CAVs for smooth on-ramp merging [105–108] 3–57% *
48–52% *

[15]
[105]*
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Table 3. Cont.

Optimization Approach Description Relevant Literature Expected Benefit

Traffic control Exploitation of CAVs to smooth traffic flow [96,109–112] 20–34% * [15]

Speed planning and control Speed modulation in the presence of other vehicles [113–116] 9–40% * [15]

* Energy saving; ** Efficiency gain.

6.1. Virtual Simulation

Typically, the potential of ADASs and eco-driving technologies is first demonstrated
through simulations. Authors arbitrarily select a route of interest or build artificial test scenar-
ios to stress their technology [92]. Traffic conditions are often neglected [116] or modeled in
a simplistic manner, either by simulating the lead vehicle velocity profile by means of a
DC [89,93,95] or by using macroscopic traffic models [117,118], both simply resulting in
a reduction of the maximum speed at which the ego vehicle can travel [119–121]. While
macroscopic traffic models are very useful to gather preview information for optimization
purposes [114,115], they cannot accurately reproduce the complex vehicle-to-vehicle inter-
actions that characterize real-world driving [26] and, therefore, cannot be used to reliably
demonstrate the benefits of ADASs.

Some literature examples exist that attempt to introduce real-world variability in the
assessment of ADASs benefits through simulations. Some authors proposed the use of
multiple DCs recorded along the same route [113] to simulate a lead vehicle constraining
a speed planning algorithm. A further step forward is made with the use of micro-traffic
simulations, which is widespread to prove lane changing [101,102,104], merging [105–108],
and intersection management algorithms [96,98,99]. Micro-traffic models are effective at
describing the complex interactions that characterize real world driving, representing a
viable opportunity for solving the limitations related to ADASs performance assessment.
Leveraging this increased level of detail, efforts have been made to establish a connection
between detailed vehicle models and micro-traffic simulators. An example is [103], where
the movement of a vehicle in a micro-traffic simulation is used to extract velocity profiles
that are then used as DCs for a powertrain model in Simulink. The tested ADAS controls the
vehicle in the micro-traffic simulator and the energy benefit is assessed with an a-posteriori
run of the Simulink model. Even though this set up effectively establishes an open-loop
connection between the traffic model and the vehicle model, it cannot ensure causality between
powertrain actuation and vehicle motion. To solve this issue, closed-loop co-simulation setups
have been presented in [26,122,123] that preserve causality between powertrain actuation and
vehicle motion. While the combination of accuracy and causality marks a significant step in
the direction of properly simulating ADASs, the complexity of micro-traffic-based simulations
and their computational burden are open points yet to be addressed.

6.2. Experimental Testing

Experimental tests are not immune to limitations [120]. On-road testing is often
conducted in protected conditions to ensure safety [91,94], thus, not capturing real-world
vehicle-to-vehicle interactions variability. An interesting setup to address this limitation
is shown in [100], where a passenger car on a test track virtually interacts with vehicles
simulated in a micro traffic simulator. A further step forward is made in [97], where an
eco-approach and departure algorithm is tested on an open road in real traffic conditions.
Both [97] and [100] deploy their algorithms as speed advice for the driver, with no direct
actuation of the powertrain, making it difficult to distinguish the influence of the driver
from that of the algorithm itself.

Real-world on-road testing is affected by uncertainties due to environmental factors
like traffic, weather, and surface conditions, which in turn impact vehicle parameters, such
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as rolling resistance and tire radius. A statistical approach to testing would allow handling
such uncertainties but is impractical due to the large number of trials needed, which would
escalate complexity and cost.

6.3. Discussion for CAVs

CAVs are perceived as key enablers for cleaner and safer transportation. Improvements
offered by anticipative and cooperative features of CAVs allow virtuous speed modulation,
with benefits that extend to the surrounding traffic too, indirectly contributing to energy
efficiency of conventional vehicles [96,109–112].

The complexity of ADASs systems brings most authors at developing customized
test conditions to assess the benefit of their technology. The construction of artificial test
scenarios and/or simplified traffic conditions is beneficial to show how the presented
technology works and impacts vehicle operation in specific conditions, as it eliminates
uncertainties related to real-world driving. Anyway, the removal of such uncertainties
is the reason why this methodology is unsuitable for reliably demonstrating the actual
benefits of new ADASs. A conflict of interest often arises, as authors aim to showcase
the superiority of their technology, which can lead to the design of overly favorable test
conditions. This bias contributes to the significant variability in results, as illustrated in
Table 3, when compared to technologies tested under more balanced conditions.

Compared to traditional vehicles, CAVs introduce additional degrees of freedom to
vehicle control systems as they take away the longitudinal vehicle control from the driver
(at least partly), and/or the lateral one. Because of this, traditional testing methodologies
that impose a DC are unsuitable as they do not allow freedom in speed modulation.
Being that the interaction with the environment is crucial for CAVs, dedicated testing
methodologies must be developed.

Lack of standardization in testing procedures at both simulation and experimental
level causes confusion when comparing different technological solutions, representing a
literature gap that must be filled. Virtuous examples in this direction are the closed-loop co-
simulation frameworks presented in [26,122,123], which preserve causality while offering
the chance of simulating accurate vehicle models within realistic traffic scenarios.

7. Overall Discussion
The advent of new technologies in the automotive industry is posing challenges

to testing procedures, both at the experimental and simulation level, as they introduce
new degrees of freedom for manufacturers to optimize performance and for drivers to
personalize their travel experience. Every time a new degree of freedom is introduced,
a whole range of previously unexpected scenarios opens. In this context, vehicle testing
protocols must evolve to capture real-world conditions, but the evidence shows that they
are falling short in this regard. This section proposes a discussion about modern testing
procedures and explores possible scenarios to overcome their limitations. A summary of
the findings is provided in Table 4.

Currently applied testing protocols have been developed with the aim of being at
the same time reproducible and representative of real-world conditions. Lawmakers have
long been trying to ensure reproducibility and representativity by only relying on DCs,
but evidence about a persistent gap in both fuel consumption and noxious emissions between
type-approval and real-world conditions, as well as scandals related to the use of cycle-beating
technologies, have led to the introduction of on-road testing with PEMS. In this framework,
DCs in repeatable conditions are used to enforce legislative limits and non-repeatable RDE
measurements are used to check compliance with real-world conditions.
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Even though the combined use of DCs and RDE testing constitutes a significant step
in the direction of more representative testing procedures, many challenges have yet to
be addressed. Harsh critics are moved to European’s RDE framework about how mea-
surements uncertainty of PEMS is handled, resulting in a data post-processing procedure
that many fear to be watering down legislative constraints on noxious emissions. While
conformity factors (Equation (1)) are needed to account for the much larger measurement
uncertainty of PEMS compared to laboratory equipment, they may represent a loophole
that manufacturers can exploit to successfully homologate vehicles that do not fully comply
with emission standards in real-world conditions.

A simple solution to this problem would be to move the RDE test out of the road
to eliminate uncertainties related to PEMS technology. This may be done by recording
the speed profile and elevation change of the vehicle on an RDE-compliant route, to then
measure emissions on the same profile in a lab test. Real-world representativeness may
be enhanced by recording boundary conditions such as environmental temperature and
reproducing them in a controlled environment. Besides completely eliminating the need
for PEMS, this methodology would significantly ease the measurement of non-combustion
emissions with respect to on-road conditions.

The approach of moving the RDE test to the lab would combine reproducibility and
representativeness, offering the chance to completely eliminate the need for standardized
DCs to check compliance with legislative requirements. Even though at first sight this
approach might appear similar to random cycle generation, it actually is not. As discussed
in the Construction of Standardized Driving Cycles section, random cycle generation
approaches rely on previously recorded data to generate new cycles. This would not be
the case for the proposed methodology, which would effectively capture the response of
the whole vehicle system to evolving conditions without constraining its speed, marking a
significant step forward in the direction of addressing the problems related to CAV testing
discussed in Section 6 (Connected and Automated Vehicles).

Three critical aspects would emerge if this approach was adopted:

1. The powertrain should be actuated by a test driver or a dedicated controller to constrain
the vehicle to follow the recorded speed profile during laboratory measurement, thus,
disabling ADAS functionalities. This would lead to simple detection of test conditions.

2. Disabling ADAS functionalities results in having less information made available to
the powertrain controller, which may cause differences in vehicle performance with
respect to real-world conditions.

3. CAVs react to evolving conditions, thus, statistical relevance of the test must be ensured.
Repeating the measurement of the speed profile multiple times until a sufficiently wide
range of traffic and environmental conditions is captured would be impractical.

The most immediate solution to problems number 1 and 2 would be to solely test
vehicles on-road, but this would bring back the need for PEMS. Additionally, this solution
would not solve problem number 3. A different approach would be to record sensors’
outputs and control signals during the on-road speed profile measurement. Once in the
protected environment, injecting the same sensor signals would allow us to virtually
recreate the same road conditions encountered during speed profile measurement, and
comparing laboratory test control signals with on-road ones would provide indication
about possible use of test detection system. Still, the problem of statistical significance
remains to be addressed.

A viable way to achieve statistical relevance of the tested scenarios is represented
by the closed-loop co-simulation framework discussed in Section 6.3 (Connected and
Automated Vehicles—Discussion). The available literature [26,122,123] shows that, if
properly developed, such methodology has the potential of being capable of building test
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routes and simulating vehicle performance under different traffic conditions in a repeatable
manner, offering the possibility to shift the legislation focus from the concept of standard
DC to that of standard driving scenario. The main technological challenge in this context
lays in introducing the vehicle in the simulation loop. Two main approaches are available
to achieve this:

1. Hardware-in-the-loop co-simulation, requiring the development of an experimental setup
capable of triggering vehicle sensors to allow the perception of the simulated scenario.

2. Model-in-the-loop co-simulation, requiring the development of a simulation-based
homologation procedure relying on a validated vehicle model.

The hardware-in-the-loop approach is preferable as it allows us to test the actual
vehicle without relying on a virtual model, but the number of tested scenarios may be
limited due to practicality constraints. Challenges are also related to the speed of the
simulation framework, which must be real time capable. The model-in-the-loop approach
would relax both these constraints at the price of introducing a model in place of the
actual vehicle, thus, introducing accuracy issues that must be carefully evaluated. The
development of a robust standardized validation methodology to ensure the model truly
represents the actual vehicle becomes vital in this context.

Table 4. Summary of existing and proposed test methods.

Test Method Pros Cons

Chassis dyno testing with statutory DC
• Highly repeatable
• Precise measurement equipment

• Poor representativeness of real-world conditions
• Simple detection
• Unsuitable for CAVs

RDE testing with PEMS

• Highly representative for
confirmation after DC testing

• Suitable for CAVs

• Non repeatable
• Large measurement uncertainty
• Possible detection
• Poorly representative for emissions assessment

(only one random walk in the real world)

Chassis dyno testing with speed profile
recorded in the real world

• Highly repeatable
• Highly representative
• Precise measurement equipment
• Suitable for CAVs

• Speed profile recording emissions measurement
in distinct phases

• Difficult to ensure the vehicle behaves in the
same way in the two phases

• Statistical significance limited by practicality
constraints on the number of test cases

Chassis dyno testing in a simulated traffic
scenario based on a micro-traffic model

• Highly repeatable
• Potentially highly representative
• Precise measurement equipment
• Suitable for CAVs

• Complex experimental setup
• Need for real-time traffic simulation
• Statistical significance limited by practicality

constraints on the number of test cases

Simulation-based testing in a simulated traffic
scenario based on a micro-traffic model

• Highly repeatable
• Potentially highly representative
• Precise measurement equipment
• Suitable for CAVs
• Statistically significant

• Need for a standardized traffic model
• Need for a robust vehicle model validation method

Incorporating traffic conditions into vehicle performance testing frameworks is a critical
step toward accurately evaluating the impact of modern vehicle technologies. As demonstrated
in [26], traffic congestion significantly influences energy consumption, with large variations
observed even along identical routes. These findings highlight the necessity of shifting from
traditional deterministic approaches to stochastic, scenario-based testing frameworks that
capture the variability of real-world conditions. The reasons why research effort should be
dedicated to the development of closed-loop traffic-in-the-loop simulations are not limited
to those just discussed. Indeed, these tools offer the possibility of testing the performance of
vehicle control strategies in diverse scenarios in a repeatable manner, assessing their robustness
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against evolving road, traffic, and vehicle conditions. Further, they are essential for the
construction of a virtual test ground to assess the impact of ADAS and connectivity features in
a fair and repeatable manner, easing the comparison between different technologies.

8. Conclusions
Legislative efforts to adapt homologation procedures to increasingly complex vehicle

systems are not delivering the expected results. Evidence is clear that both fuel consumption
and noxious emissions from vehicles in real driving scenarios are well above legislative limits.

Deterministic DCs are easily detectable and direct manufacturers’ focus on perfor-
mance optimization under test conditions, which are proven not to represent real-world
driving accurately. Furthermore, they constrain vehicle speed to a predefined profile,
making them unsuitable for testing automated vehicles. The introduction of RDE testing
marked a significant step forward in increasing representativeness. However, RDE results
are hindered by large measurement uncertainties and the limited number of practical test
runs, reducing the range of conditions tested and the statistical significance of results.

The introduction of closed-loop traffic-in-the-loop simulation frameworks capable of
preserving causality between powertrain actuation and vehicle motion offers the chance of
introducing the concept of statistical robustness within vehicles testing protocols, shifting
their focus from the concept of standard driving cycle to that of standard driving scenarios.
Further, they lay the foundation for establishing a level ground for CAVs testing and for the
assessment of driver habits on vehicle performance, facilitating the comparison of different
technological solutions in a fair, robust, and reproducible manner.

Looking ahead, testing methodologies must evolve to better represent the complexities
of electrified powertrains, driving automation and connectivity features. Several avenues
for future research emerge:

1. Driving scenarios standardization
Future testing frameworks should shift from static, deterministic DCs to dynamic,
standardized driving scenarios. This process has initiated with the introduction of
on-road testing protocols, but the creation of standardized virtual simulation tools
that can reproduce the complexity of the real-world is still far to come. While on-road
testing protocol laid the foundations for standardizing environmental conditions
and driving dynamic range further work is required to account for factors such as
traffic congestion, CAV penetration rates, and the availability of information from
infrastructure and the cloud.

2. Traffic incorporation
Advanced traffic-in-the-loop simulation frameworks are emerging, enabling realistic
and reproducible traffic conditions while maintaining causality between powertrain
actuation and vehicle movement. Future research should focus on developing traffic
control policies that produce macroscopic realism and selecting controllers that accu-
rately represent diverse vehicle behaviors, including varying levels of aggressiveness
and automation, to enable heterogeneous traffic flows.

3. Performance optimization
Current traffic-in-the-loop models are often tailored to demonstrate specific features
and lack optimization for broader performance. Establishing standardized virtual
testing scenarios would eliminate the need for custom setups, allowing researchers
to focus on improving computational efficiency and achieving real-time capabilities
essential for hardware-in-the-loop testing in simulated traffic environments.

4. Vehicle incorporation
Vehicle integration will be particularly critical if the proposed virtual framework is
used for legislative enforcement. Research should explore the suitability of model-
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in-the-loop and hardware-in-the-loop approaches, each with its advantages and
limitations, to determine the most appropriate method for testing.

5. Performance metrics
To ensure statistical significance, multiple tests under diverse conditions will be
necessary. This requires the development of novel performance metrics capable of
capturing variability under evolving conditions, providing a more comprehensive
assessment of vehicle performance.

By addressing these challenges, future testing methodologies can better capture the
complexities of modern vehicles and their operating environments, overcoming the lim-
itations of current approaches. This would ensure effective legislative enforcement and
establish a robust framework for testing and comparing diverse vehicular technologies.
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Appendix A. HEV Powertrain Topologies
This appendix provides an overview of the primary powertrain topologies used in

hybrid electric vehicles (HEVs), which define how energy flows within the system and how
various components interact to deliver power.

HEV powertrains can be classified into three main topologies [63,64]:

1. Series
Series hybrids consist of one ICE, one EM that serves as a generator, and at least one
EM for propulsion. The ICE powers the generator to produce electric energy which
can be either directly used by the traction EM or stored in the ESS. Series hybrids allow
the ICE to operate at peak efficiency regardless of wheel speed but encounter generally
high drivetrain losses due to the numerous energy conversion processes [63].

2. Parallel
Parallel architectures are composed of ICE and at least one EM, and both these compo-
nents are connected to the driveline to provide traction. Powertrain control is responsible
for splitting the torque request from the driver between the ICE and EM. Parallels have
smaller drivetrain losses and lower capital costs compared to series because they need
one less EM to operate. Depending on where the EM is located, parallel architectures can
be categorized as P0 (or P1r), P1 (or P1f), P2, P3, P4, and P5 [124].

3. Power split
Power-split architectures combine the benefits of both series and parallel hybrids.
They consist of one ICE and two EM. A planetary gear set is used to connect these three
elements and the transmission together, serving as power-splitting device. Compared
to the other two, power split topologies comprise higher capital costs and greater
control complexity but offer the beneficial aspects of both series and parallels [125].
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Hybrid vehicles can be characterized according to their Hybridization Ratio (HR),
defined by means of Equation (A1) [126]:

HR =
PEM,max(ω

∗)

PPWT,max
(A1)

where ω∗ is the rotational speed of the motor crankshaft at which the maximum powertrain
power is expressed, PEM,max(ω

∗) is the maximum power of the electric motor when the
crankshaft is rotating at ω∗, and PPWT,max is the maximum power that the powertrain can
deliver. Slightly different definitions can be found in [127,128]. According to Equation (A1),
the HR ranges from 0, in the case of CVs, to 1, in the case EVs, with HEVs that range between
these two extremes. Generally speaking, the higher the HR, the more expensive the vehicle.
Indeed, low-HR HEVs require both cheaper EMs and smaller ESS.

Appendix B. Energy Management Strategies for HEVs
This appendix provides an in-depth overview of EMSs as applied to HEVs. EMSs play

a critical role in managing power flows within the powertrain to optimize energy efficiency,
minimize emissions, and maintain performance. While initially developed for HEVs, many
of these strategies are adaptable to a wide range of control problems, including those found
in EVs and CAVs. Their adaptability stems from their foundational principles, which are
often general enough to address challenges such as dynamic power allocation, predictive
decision-making, and real-time adaptability in complex systems.

This appendix elaborates on each category, detailing their methodologies, applications,
and inherent trade-offs. References to key studies and examples are provided to guide
readers interested in exploring specific EMS implementations.

By bridging concepts across vehicle architectures, the discussion in this appendix un-
derscores the broader relevance of EMSs in advanced vehicle technologies, complementing
the insights provided in Section 6.

RB EMSs are based on a set of predefined rules based on heuristics. They can be
categorized as deterministic or fuzzy:

1. Deterministic RB EMSs
Deterministic RB EMSs use strict, predefined rules for decision-making. They are
conceptually simple and easily real-time implementable [65], often by means of state
machines [129,130]. Examples of EMSs belonging to the category of deterministic RB
methods are available in [131–133].

2. Fuzzy RB EMSs
Fuzzy-logic RB EMSs are still based on a set of rules but apply fuzzy logic to handle
imprecision and variability. Unlike deterministic strategies, fuzzy RB EMS can deal with
a range of values for inputs and produce gradual control outputs rather than binary
decisions. This approach enables smoother transitions between operating modes and
allows the EMS to adapt more flexibly to varying driving conditions. Fuzzy RB EMSs
deliver better fuel economy than deterministic ones, but they can only be optimized
for specific drive cycles [65]. The interested reader can reference [134–139] for practical
examples of fuzzy logic RB EMSs.

RB EMSs are intuitive and easily implementable but cannot fully capture the potential
fuel economy benefits that HEV architectures offer. To achieve globally optimal solutions, a
rigorous mathematical model and formal optimization methods are required [140].

OB EMSs apply optimization techniques to determine the best control actions at each
instant of time to minimize a cost function along a driving mission. Below is a brief
description of the most relevant optimization techniques used in HEVs EMSs:
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1. Dynamic Programming (DP)
DP is a global optimization technique that solves a discretized version of the optimal
control problem [141,142], with discretization that can be made both in the time
domain [143,144] and in the space domain [82]. DP is capable of finding the global
optimum but is computationally expensive. Therefore, it is widely used offline as the
benchmark for results obtained from online controllers.

2. Pontryagin’s Minimum Principle (PMP)
The PMP, first formulated in 1956, is a generalization of the Euler–Lagrange equations
to problems with constrained control inputs. It is used to convert global optimization
problems into local ones [145]. This approach can provide near-optimal results when
the drive cycle is known in advance [146]. The interested reader can reference [147]
for an in-depth mathematical description of PMP.
Many examples of the application of PMP are available in the literature, seeking to
minimize CO2 emissions [147] and fuel consumption [148,149]. References that use
multivariate expressions for instantaneous cost are available too [150].

3. Equivalent Consumption Minimization Strategy (ECMS)
The ECMS was first introduced in 2000 by [151] and then deepened by [152] and
expanded to power-split topologies by [153]. The rationale behind ECMS is to solve
a local optimization problem at each time instant to determine the power split that
minimizes the instantaneous equivalent fuel consumption. References [147,154,155]
show proof of the equivalence between PMP and ECMS, evidencing how the ECMS
can be obtained from the PMP under proper assumptions. Being that the ECMS is a
local optimization problem which does not require any information in advance, it is a
suitable technique for real-time HEVs control.
The ECMS relies on an equivalence factor that weights fuel displacement due to the
use of energy from the ESS. The larger the equivalence factor, the less energy will be
drained from the ESS. In simplest formulations the equivalence factor is just a constant
for charge and one for discharge tuned to optimize vehicle performance on one or
more driving cycles [156], or is derived from the powertrain’s components efficiency
maps [152,157]. More advanced approaches propose functions to enforce constraints
on parameters like battery state of charge [154,158,159], state of health [160], and road
load [161–163]. Overall, ECMS can provide results close to DP while being real-time
implementable [164], but is very sensitive to the tuning.

4. Model Predictive Control (MPC)
MPC is a real-time implementable OB control that relies on a plant model to calcu-
late the optimal control actions over a prediction horizon. It is a well consolidated
approach that has a wide array of industrial applications [165]. The first step in MPC
control is the solution of an optimization problem aimed at minimizing a cost function
over the prediction horizon, obtaining the sequence of control actions that minimizes
the global cost within the prediction horizon. Then, only the first portion of the control
trajectory is applied to the plant. Finally, the prediction horizon is moved forward
with the vehicle, and the cycle is started over [166]. An in-depth mathematical de-
scription of MPC is available in [167]. Many literature references exist that apply MPC
to the control of HEVs [168,169]. While some assume that the reference speed profile
is known within the prediction horizon [170–172], others propose stochastic models
to forecast vehicle power demand [173–176].

OB techniques are not limited to those discussed above, with approaches like Linear
Programming (LP) [177,178], Genetic Algorithm (GA) [179–181], Particle Swarm Opti-
mization (PSO) [182–184], Simulated Annealing (SA) [185,186] and Divider RECTangle
(DIRECT) [187,188] that have been proposed in several studies [63].
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LB EMSs for HEVs primarily leverage ML to implement an agent that reacts in the best
possible way to the observed environmental conditions. Depending on how the training
data is organized, ML can be divided into three categories:

1. Supervised learning
Supervised learning is today the most common ML framework for the development
of LB EMSs. The adjective “supervised” is because training data is labelled: the model
learns by associating input features (like speed, battery state, and road conditions)
with optimal control actions (e.g., power split between engine and motor). Optimal
control theory is generally used to generate labeled data for training [66].
Methods such as Artificial Neural Networks (ANN) [189–191] and Support Vector
Machines (SVM) [192,193] are widely used, often producing EMSs that can predict the
best energy allocation for anticipated driving conditions. These systems are typically
accurate in predictable scenarios but lack adaptability to unplanned events.

2. Reinforcement learning
Reinforcement learning is a class of ML techniques in which the training is performed
without label data. The aim of the training is to maximize an accumulated reward by
means of a trial-and-error interaction with the environment, eventually learning an
ideal control approach. The reward is received as feedback from actions taken within
the driving environment [66,194].
Reinforcement learning techniques used in HEVs’ EMSs include Q-learning [195–198]
and advanced methods like Deep Q-Networks (DQN) [199–203] and Deep Deter-
ministic Policy Gradients (DDPG) [204,205]. EMSs based on reinforcement learning
are advantageous in complex, changing environments because they refine strategies
through experience, improving fuel efficiency and system performance over time. This
adaptability makes RL-based approaches well-suited for real-world, unpredictable
driving scenarios.

3. Unsupervised learning
Unsupervised learning can be employed for three primary objectives: dimensionality
reduction, association, and clustering. They operate by identifying patterns in unla-
beled data, thus, the training process does not rely on a reward function.
Examples are available in the literature that combine clustering techniques with
OB EMSs [206] and RB EMSs [207–209] in order to tune critical parameters based on
driving conditions. Techniques like K-means clustering or principal component analy-
sis (PCA) can reveal underlying driving profiles, allowing the EMS to adjust strategies
according to real-time driving conditions. These approaches are particularly valu-
able for online applications, offering flexible adaptability with lower computational
demands than RL.

Overall, LB EMSs enhance the adaptability and performance of HEVs by leveraging
diverse data-driven approaches. Each method provides unique benefits, with supervised
learning offering high accuracy for predictable tasks, reinforcement learning enabling
continuous improvement in dynamic environments, and unsupervised learning allowing
for pattern recognition and adaptive control without extensive labeled data requirements.
This classification helps in selecting the most appropriate learning-based EMS approach
based on specific operational needs and computational constraints of HEV systems.
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