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Abstract 

Improving urban dwellers quality of life requires mitigating traffic congestion, minimizing waiting delays, and 

reducing fuel wastage and associated toxic air pollutants. Battery-electric vehicles (BEVs) are envisioned as the 

best option, thanks to zero exhaust emissions and regenerative braking. BEVs can be human-driven or 
autonomous and will co-exist with internal combustion engine vehicles (ICEVs) for years. BEVs can help at complex 

intersections where traffic is saturated. However, their benefits can be reduced by poor intersection management 
(IM) strategies that coordinate mixed traffic configurations inefficiently. This paper studies energy savings and 

emissions reduction using BEVs mixed with human-driven ICEVs under eight relevant IM approaches. It shows that 
adding BEVs has impacts on throughput, energy consumption, waiting delays, and tail-pipe emissions that depend 
on the specific IM approach used. Thus, this study provides the information needed to support an optimal choice 

of IM approaches considering the emerging trend towards electrical mobility. 
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A B S T R A C T

Improving urban dwellers quality of life requires mitigating traffic congestion, minimizing
waiting delays, and reducing fuel wastage and associated toxic air pollutants. Battery-electric
vehicles (BEVs) are envisioned as the best option, thanks to zero exhaust emissions and
regenerative braking. BEVs can be human-driven or autonomous and will co-exist with internal
combustion engine vehicles (ICEVs) for years. BEVs can help at complex intersections where
traffic is saturated. However, their benefits can be reduced by poor intersection management
(IM) strategies that coordinate mixed traffic configurations inefficiently. This paper studies
energy savings and emissions reduction using BEVs mixed with human-driven ICEVs under
eight relevant IM approaches. It shows that adding BEVs has impacts on throughput, energy
consumption, waiting delays, and tail-pipe emissions that depend on the specific IM approach
used. Thus, this study provides the information needed to support an optimal choice of IM
approaches considering the emerging trend towards electrical mobility.

1. Introduction

Emissions of particulate matter (PMx), nitrogen oxides (NOx) and carbon monoxide (CO) are on the list of UN-designated toxic
air pollutants, and the hydrocarbons (HC) and carbon dioxide (CO2) are also responsible for damaging the environment and human
health (UN and WHO, 2016). According to the European Environment Agency, more than 80% of European urban dwellers are
exposed to higher concentrations than the recommended annual limit of CO, PMx, and NOx, mainly observed at traffic stations and
intersections (Grossberndt and Bartonova, 2021). This exposure can cause heart disease and stroke, lung cancer, respiratory diseases,
and ultimately death. These complications are expected to worsen in high-income and middle-income countries and continue to
rise in low-income countries (WHO, 2022; Koengkan et al., 2022). A few studies from pre-pandemic traffic conditions focused on
the excess fuel consumption and associated emissions due to congestion at intersections. For example, Choudhary and Gokhale
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Acronyms

BEAVs battery-electric autonomous vehicles
BEVs battery-electric vehicles
ICEVs internal combustion engine vehicles
IIM intelligent intersection management
ITLC Intelligent Traffic Light Control
MCA Max-pressure Control Algorithm
QTLC Q-learning-based Traffic Light Control
RR Round-Robin
SIMP Synchronous Intersection Management Protocol
TTLC Trivial Traffic Light Control
WTLC Webster’s Traffic Light Control

(2016) observed that intersection congestion in peak hours led to 2–7 times more emissions in Guwahati, India; Bharadwaj et al.
(2017) saw that peak hours in intersections caused ∼ 51% of more travel delays producing 53% more CO2 emissions in Mumbai
Metropolitan Region; while Gately et al. (2017) observed 113 million gallons of excess fuel consumption in eastern Massachusetts due
to congestion at intersections. The research on post-pandemic traffic patterns suggests the need for intelligent and sustainable urban
mobility as commuters opt for private vehicles rather than public transport or ride-sharing services (Das et al., 2021). This indicates
that traffic congestion conditions are expected to be worse and more diverse than in pre-pandemic conditions. Urban transportation
must be intelligent as it highly influences urban dwellers quality of life, impacting travel delays, fuel costs, health conditions, and
environmental sustainability. According to the United States Department of Energy,1 sustainable transportation requires low- and
zero-emission energy-efficient transportation, including electric/alternative/bio-fuel vehicles.

To cope with the traffic issues, connected, autonomous and electric vehicles have been introduced (Alkheir et al., 2018; Sadeghi
et al., 2020). Among these, battery-electric vehicles (BEVs) emerged following environmental concerns and fuel costs. In this study,
we consider BEVs either operated by human drivers (simply BEVs) or autonomous (BEAVs). As a baseline, we will also consider
human-driven gasoline internal combustion engine vehicles (ICEVs)2 Human-driven vehicles (BEVs and ICEVs) and autonomous
vehicles (BEAVs) tend to exhibit different driving behaviors (Krauß, 1998; Milanés and Shladover, 2014; Xiao et al., 2017), that
may impact traffic and energy consumption efficiency; we model these different behaviors with appropriate car-following models
(CFM) that determine the speed of a vehicle in isolation and when approaching other vehicles in front. Furthermore, both BEVs and
BEAVs are energy-efficient through regenerative braking and are environmentally friendly due to zero tailpipe emission of toxic air
pollutants. Research studies have predicted increased BEV penetration and addressed energy efficiency and emission characteristics.
Examples include the life-cycle assessment (LCA) to study the CO2 emissions and environmental effects (Kawamoto et al., 2019;
Lattanzio and Clark, 2020; Verma et al., 2022; Middela et al., 2022); the well-to-wheel-based estimation of energy efficiency and
emissions (Faria et al., 2012; Athanasopoulou et al., 2018; Sheng et al., 2021); energy efficient powertrain models (Mamarikas et al.,
2022), and the environmental feasibility of using electric vehicle taxis (Singh et al., 2019). The effect on greenhouse gas emissions
by introducing BEVs in 29 European Union countries between 2010 and 2020 is also explored (Fuinhas et al., 2021). These works
analyzed mixed BEVs and ICEVs scenarios, thus generally considering human drivers. On the other hand, only a few research studies
have considered BEAVs. Some examples include energy-efficient cruise driving (Lu et al., 2019), trajectory control (Li et al., 2016),
energy optimization (Zhang et al., 2021a), and ride-sharing (Iacobucci et al., 2018).

Beyond vehicles, intersection management (IM) can also impact the sustainability of the transportation system. Studies of
mixed ICEVs/BEVs/BEAVs scenarios on the associated energy savings and emissions at isolated complex intersections are not
commonly found yet, but there are already some examples (Ahn et al., 2020; Reddy et al., 2020). In this work, we aim to study the
sustainability of the transportation system in terms of reducing gasoline/electricity consumption and lowering emissions brought
by the introduction of BEVs/BEAVs in scenarios of co-existence with ICEVs at complex intersections. The efficiency of different IM
approaches is a second dimension that we include in this study. For this, we consider eight state-of-the-art IM approaches: Round-
Robin (RR) (Alekszejenkó and Dobrowiecki, 2019), Trivial Traffic Light Control (TTLC) (Björck and Omstedt, 2018), Max-pressure
Control Algorithm (MCA) (Varaiya, 2013), Webster’s Traffic Light Control (WTLC) (Webster, 1958), Intelligent Traffic Light Control
(ITLC) (Younes and Boukerche, 2014), Q-learning-based Traffic Light Control (QTLC) (Abdulhai et al., 2003), and the Synchronous
Intersection Management Protocol (SIMP) for dedicated (SIMP-D) and shared (SIMP-S) left-crossing lanes (Reddy et al., 2023a).
These were chosen for being representative of four IM categories, namely conventional (RR and TTLC), intelligent (ITLC and QTLC),
adaptive (MCA and WTLC), and reactive (SIMP-D and SIMP-S). In another dimension, the last six IM approaches (ITLC, QTLC, MCA,

1 https://www.energy.gov/eere/sustainable-transportation
2 We exclude from the study the existence of autonomous ICEVs, taking as reference legislation such as the EU mandate that all vehicles produced from

2035 onwards must be electric (IEA, 2022), and that the foreseen temporal horizon for the introduction of Level 5 autonomy matches or even exceeds that
date (Khan et al., 2022).
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WTLC, SIMP-D, and SIMP-S) fall under the intelligent intersection management (IIM) category. Note also that each IM approach has
different infrastructure requirements. Thus, this study is also relevant for stakeholders such as urban traffic planners and managers
(notably municipalities) that wish to maximize the lifetime of investments in road infrastructure by opting for a solution that ensures
efficient intersection operation considering emerging trends in mobility paradigms (e.g., presence of autonomous vehicles and/or
V2X communications).

We carried out this study using the SUMO simulator (Lopez et al., 2018). We implemented the IM approaches referred to
above in near-saturated traffic conditions with passenger cars, only, and considered mixed ICEVs/BEVs traffic scenarios for varying
BEVs/BEAVs penetration ratios. We present results in terms of the intersection throughput, waiting delays, gasoline/electricity
consumption, and emission of toxic air pollutants (PMx, NOx, CO, CO2, and HC). The results show that introducing BEAVs
significantly decreases the average fuel consumption and pollutant emissions by inducing a smoother, less jerky traffic behavior.
Siding with this, the SIMP protocol that also implements a smooth intersection crossing behavior allows attaining the highest
throughput, lowest delays and fuel wastage and associated emissions, thus being the best IIM candidate to enable a seamless and
sustainable co-existence of BEVs/BEAVs and ICEVs.

Our study uniquely contributes to the existing literature in two key ways. Firstly, we consider the increasing penetration ratios
of human-driven and autonomous BEVs mixed with gasoline ICEVs, a scenario that has not been sufficiently explored. Secondly, we
estimate the operational efficiency of various types of IM approaches, including conventional, intelligent, adaptive, and reactive. We
analyzed performance metrics such as intersection throughput and waiting delays, energy savings, and reduction of toxic tailpipe
emissions. This comprehensive approach to studying the interaction between different vehicle types and IM strategies is a novel
addition to the field, offering valuable insights for transportation researchers, policymakers, and urban planners.

The rest of the paper is organized as follows: We review the relevant related works in Section 2. Section 3 describes the complex
multi-lane signalized intersections. Section 4 describes both fuel consumption models (gasoline and electricity) and emission models
(gasoline). Section 5 outlines the state-of-the-art IM protocols used for comparison. In Section 6, the simulation scenario, parameters,
and associated values are presented. The performance of the compared IM approaches is presented in Section 7. The limitations of
this study are specified in Section 8. Final remarks are drawn in Section 9.

2. Related works

This section reviews the relevant existing works in two aspects: the impact of introducing BEVs/BEAVs mixed with ICEVs and
the geographical scope addressing region, city-wide or network of intersections, and isolated intersections.

2.1. Impact of introducing battery-electric vehicles

The impacts of introducing BEVs/BEAVs mixed with ICEVs were studied primarily focusing on energy efficiency and the emission
of CO2. For this purpose, researchers have employed different methodologies, including the well-to-wheel, i.e., from the energy
extraction to the consumption in the vehicle (Faria et al., 2012; Athanasopoulou et al., 2018; Sheng et al., 2021), life-cycle assessment
(LCA), i.e., from the vehicle production until its end of life plus the distance it traveled (Kawamoto et al., 2019; Bieker, 2021; Middela
et al., 2022), powertrain models (Mamarikas et al., 2022), and combinations of these methodologies (García et al., 2023).

With respect to the well-to-wheel methodology, Faria et al. (2012) compared the CO2 emissions produced by the electricity
generation from traditional fuels, the ownership cost, and the impact of BEV driving cycles, i.e., the BEVs performance during various
speed conditions with respect to the electricity consumption and CO2 emissions. Meanwhile, Mamarikas et al. (2022) considered
more than 100 driving cycles using powertrain modeling but only studied energy (fuel and electricity) consumption results. On the
other hand, Athanasopoulou et al. (2018) compared the estimated and approved CO2 emissions for ICEVs (gasoline and diesel) and
BEVs. A comparative study on energy savings and CO2 emissions using various fuel-powered and plug-in electric vehicles and BEVs
was carried out by Sheng et al. (2021). The studies reported by Liu et al. (2020) and Ramírez-Díaz et al. (2023) focused on medium-
and heavy-duty vehicles, while those referred previously focused on passenger car vehicles.

The LCA methodology was used by Kawamoto et al. (2019) for comparing the CO2 emissions of ICEVs (gasoline and diesel) and
BEVs. This work found that BEVs estimated CO2 emissions are higher than those of ICEVs due to additional CO2 emissions from
battery production. When renewable energy sources were considered, the BEVs CO2 emissions were lesser than those of ICEVs.
In a similar study, Bieker (2021) considered the global implications of BEVs. Watabe and Leaver (2023) also employed LCA but
considered both CO2 emissions and marginal cost to adopt BEVs in Japan fully. Similarly, Koroma et al. (2022) considered the LCA
approach studying CO2 and PM2.5 emissions with respect to electricity charging, battery efficiency fade, battery refurbishment, and
recycling. Hill et al. (2023) used the LCA methodology and found that the BEVs production initially generates higher CO2 emissions
than ICEVs. Still, over time, it can be reduced up to 60% in European Union traffic conditions and it is projected to reach 80% or
more by 2050. Conversely to the previous works that considered passenger cars, Middela et al. (2022) provide an example of using
LCA for freight transportation.

A combination of the well-to-wheel and LCA methodologies for different powertrains is used by García et al. (2023) to understand
the impact of BEVs in CO2 emissions against margins set by the European Union. Overall, these well-to-wheel and LCA-based
approaches have mainly focused on introducing BEVs and studying energy efficiency and CO2 emissions. The reported works clarify
that introducing BEAVs and associated sustainability analysis (energy efficiency and toxic emissions) is nontrivial.
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2.2. Geographical scope

Considering the geographical scope, we reviewed research works that focused on BEVs/BEAVs mixed with ICEVs in a region,
a city or network of intersections, and in isolated intersections (Marmaras et al., 2017; He and Wu, 2018; Patella et al., 2019;
Kawamoto et al., 2019; Sheng et al., 2021; Ahn et al., 2020; Zhao et al., 2021; Dong et al., 2022; Zhang et al., 2021b).

At the regional level, various studies have estimated the carbon footprint of BEVs in different regions. For example, Kawamoto
et al. (2019) considered the United States, the European Union, Japan, China, and Australia, while Bieker (2021) analyzed the
European Union, the USA, China, and India. Both works used the LCA method to estimate BEVs CO2 emissions. Conversely, the
well-to-wheel analysis is used by Sheng et al. (2021) to evaluate the CO2 emissions and energy consumption on the BEV markets
of Australia and New Zealand. Hill et al. (2023) presented a study on the European Union’s 27 countries. They analyzed the CO2

emissions of BEVs using LCA and provided policy recommendations. They also assessed the effects of technical and legislative
developments on the potential outlook up to 2050. Watabe and Leaver (2023) discussed the adaptation of BEVs in Japan and
forecasted their CO2 emissions for 2050 and 2060. The study aimed at determining whether introducing BEVs will lead to carbon
neutrality.

At the city or network of intersections level, Patella et al. (2019) used LCA to simulate the CO2 emissions of BEVs in Rome,
assuming 100% adoption. Meanwhile, Middela et al. (2022) estimated the emissions of freight BEVs in Chennai, India, by measuring
onboard emissions and trip characteristics. In another study, Mamarikas et al. (2022) considered the energy consumption of BEVs
and ICEVs in urban road networks with various powertrain models. Chen and Rakha (2022) integrated an Eco-Cooperative Adaptive
Cruise Control at Intersections controller with a multi-objective dynamic router to save energy and reduce travel delays in the Greater
Los Angeles Area. Lastly, Ahn et al. (2023) tested an Eco-Cooperative Automated Control system for BEVs with three different
congestion levels (no, mild, and heavy) in a microscopic traffic simulation environment, taking into account energy-efficient routes,
vehicle speed evolution, motion, and control.

At the isolated intersection level, Ahn et al. (2020) studied the impact of IM on a roundabout, highway intersection, and a two-
way stop considering BEVs/ICEVs energy consumption as they have different consumption patterns. They found that BEVs are energy
efficient at high-speed roundabouts and intersections, while ICEVs are more efficient at a two-way stop sign. Differently, Dong et al.
(2022) proposed an energy-efficient driving strategy for various types of BEVs and ICEVs considering traffic queues at a signalized
intersection. Similarly, Zhang et al. (2021b) presented an eco-driving control strategy for connected BEAVs at intersections with
wireless charging, called W-eco-driving, to decrease the total energy consumption and increase traffic efficiency. Meanwhile, Zhao
et al. (2021) analyzed the influence of signal timing on the CO2 emission of BEVs and ICEVs. They use a set of CO2 incremental
emission models depending on stop rate and control delay to achieve this. They also found that the road section speed and the
mixed proportion of BEVs directly impact the vehicles delay at intersections.

2.3. Summary

Different studies have employed various methodologies to understand the impact of introducing BEVs and BEAVs at various
levels, namely regional, city, or network of intersections and isolated intersections. Such studies mainly focused on energy
efficiency and CO2 emissions. However, the studies on the differentiated impact of human-driven and autonomous BEVs at complex
intersections and in saturated traffic conditions are limited. Moreover, studying toxic air pollutants such as PMx, NOx, and CO has
not been given sufficient attention. Therefore, our work aims at contributing to fill these gaps specifically analyzing the impact
of different IM approaches in isolated complex intersections to manage saturated traffic conditions with BEVs and BEAVs mixed
with ICEVs. We study different performance metrics, namely the intersection throughput and associated travel delays, fuel/energy
efficiency, and emission of toxic air pollutants (PMx, NOx, CO, HC, CO2).

3. Complex signalized intersections

Signalized intersections can be in various shapes and geographic settings and are significant in urban transportation where
multiple road paths cross. The complexity of an intersection increases as the number of approach legs to the intersection increases.3

Each road can have a lane group indicating a set of inflow/outflow road lanes at the intersection entrance. Traffic light control signals
manage intersections over time to avoid conflicts between vehicles arriving from different roads. According to the Highway Capacity
Manual (HCM) (HCM, 1997) an intersection is already considered complex with four legs and groups of two incoming lanes per leg.
Fig. 1 shows the two most common lane group configurations and respective vehicle movements in complex intersections (HCM,
1997). Our study is restricted to these configurations, but we claim that our results are relevant given their popularity.

The configuration in Fig. 1a includes a left lane dedicated to traffic turning left (L) and a right lane shared by traffic going
straight (S) and turning right (R). The configuration in Fig. 1b has the left lane shared by L and S traffic.

Fig. 2 presents an overview of the four-way two-lane isolated intersection that we use in our work. Without loss of generality,
we consider 90◦ angled legs and two outflow lanes per leg, which is beyond the already referred two inflow lanes per leg. In the
figure, there are eight lane groups, Ri, where odd indexes (i = 1, 3, 5, 7) stand for inflow lanes and even indexes (i = 2, 4, 6, 8) for
outflow lanes. A further index, j, is used to identify the specific lane inside each lane group. Thus Rij stands for lane j in lane group

3 https://safety.fhwa.dot.gov/intersection/signal/fhwasa13027.pdf
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(or road) i. Index j assumes two values, j = 1 and j = 2, to refer to the side (right) and center-most (left) lanes, respectively. All
inflow and outflow lanes are assumed to be equal in length. This intersection model can easily be adapted to specific real-world
intersections by changing geographic settings like road length and angle.

This intersection model considers that the intersection is featured with the necessary sensors to support the IM approaches that
will be considered further on, including induction loop detectors and cameras placed appropriately at the intersection entrance and
exit points and at some distance away from the intersection on inflow lanes (represented with yellow lines). Note that complex
sensors like cameras are only needed when vehicles of different crossing directions share a road lane, while simple induction loop
detectors are sufficient for the dedicated left-crossing lanes.

Fig. 1. Two typical lane groups (L, S, and R indicate the left, straight, and right-crossing directions, respectively).

Fig. 2. Four-way two-lane complex intersection.

Our model also considers that all roads are equipped with roadside units (RSU-N, RSU-E, RSU-S, RSU-W) that provide
communications to communications-enabled vehicles (e.g., over IEEE 802.11p or 5G). This is in addition to the traffic lights that
signal non-communicating vehicles. Though human-driven vehicles can also be communication-enabled without loss of generality,
we consider only autonomous vehicles (BEAVs) to have this feature. Therefore, BEAVs can receive information via wireless
communications of the traffic light phases and communicate their position and intended crossing direction via the same medium.
ICEVs and BEVs are considered non-communicating vehicles and are detected by sensors only. Finally, the RSUs and sensors
communicate with the IM unit over wired media (we assume these to be lossless and instantaneous).

Applying the two lane groups shown Fig. 1 to the four-legged intersection in Fig. 2 we obtain the two intersection crossing
configurations in Fig. 3, namely dedicated left-crossing (Fig. 3(a)) and shared left-crossing (Fig. 3(b)). This figure also identifies
the three types of conflicts (crossing, diverging, and merging) that each configuration exhibits. These conflicts, i.e., locations where
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vehicle trajectories diverge, cross, or merge, are points of potential intersection safety incidents, such as crashes (Chandler et al.,
2013), and thus need to be explicitly considered by any IM.

Fig. 3. Two possible configurations of a four-way two-lane intersection.

• Diverging conflicts occur when the single-lane traffic splits to cross different directions at the intersection entrance.
• Crossing conflicts occur when the trajectories of vehicles with different source and destination lanes cross each other inside
the intersection.
• The merging conflicts arise when vehicles from different lanes cross the intersection towards the same destination lane at the
exit of the intersection.

Each crossing configuration has a different number of crossing, diverging, and merging conflicts. The shared left-crossing
configuration (Fig. 3(b)) is more complex, with double diverging and merging conflicts and more than double the crossing conflicts
than the dedicated left-crossing configuration (Fig. 3(a)). This work analyzes both configurations in low-speed urban residential
areas, particularly subject to a limit of 30 km∕h maximum speed.

4. Energy consumption and emissions models

This section presents the fuel (gasoline) consumption model for ICEVs, the associated emissions model, and the electricity
consumption model for BEVs and BEAVs that we use in our work.

4.1. Gasoline consumption

The quantification of fuel consumption is based on the Handbook on Emission Factors for Road Transport (HBEFA3.1) (Keller
et al., 2010), which is used by the SUMO simulator (Lopez et al., 2018). HBEFA and European Emissions Standard IV state that
the emission class PC_G_EU4 characterizes a passenger car with gasoline fuel, i.e., an ICEV. Following HBEFA3.1, the total fuel
utilization C in a given vehicle trajectory is defined by Eq. (1), where ti and tj indicate the start and end instants in the vehicle
path and Q(t) represents the fuel flow.

C = ∫
tj

ti

Q(t) dt (1)

The fuel flow occurs over a time of t and is estimated with a velocity of v(t) and an acceleration of a(t), i.e., Q(t) = Q(v(t), a(t)).
The vehicles acceleration (a) and velocity (v) are employed to minimize the impact of error-prone operations for estimating fuel
consumption.

4.2. Emissions

The vehicular emissions of a given pollutant p are determined by the corresponding Emissions Factor EFp. This is a continuous
real number that directly depends on the vehicle velocity and acceleration (Lazaro et al., 2009). The HBEFA proposes Eq. (2) to
compute the Emissions Factor EFp(v, a) in time steps considering constant speed v and acceleration a. The ei parameters and their
values are specific to the emission class PC_G_EU4.

EFp(v, a) =
e0 + eva1va + eva2va

2 + e1v + e2v
2 + e3v

3

3600
(2)

Then, the Emissions Factor EFp for a given vehicle is obtained by integrating numerically Eq. (2) over all the simulation steps
in the vehicle path duration, i.e., from ti to tj , as in Eq. (3).

EFp =

tj
∑

t=ti

EFp(v(t), a(t)) (3)
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The total emissions of different pollutants have different relationships with fuel consumption. For example, emissions of PMx,
NOx, and CO2 are directly proportional to fuel consumption. For CO and HC, the emissions estimation also considers the vehicle
engine parameters (temperature, speed, and gear), leading to a non-linear relationship and being less accurate than for the other
emissions (Lazaro et al., 2009).

4.3. Electricity consumption

The electricity consumption is deduced by observing the loss of the vehicle energy along its path. The energy of a BEV (EBEV ) at
time instant t is composed of three energy components, namely kinetic (Ek), potential (Ep), and rotational (Er). These components
are determined by parameters such as mass (m), speed over time (v[t]), effects of gravity (g) and altitude over time (ℎ[t]), and
internal rotating moment of inertia (Ii) (Eq. (4)).

EBEV [t] = Ek[t] + Ep[t] + Er[t] =
m

2
⋅ v2[t] + m ⋅ g ⋅ ℎ[t] +

Ii

2
⋅ v2[t] (4)

Between time steps there is an additional energy loss (�El) due to resistance components, such as air, rolling, and curve resistance,
plus comfort parameters such as air conditioning or heating (Kurczveil et al., 2013).

Therefore, the vehicle energy gain between consecutive time steps t and t + 1 (�Eg) can be estimated using Eq. (5).

�Eg[t] = EBEV [t + 1] − EBEV [t] − �El[t] (5)

Note that the energy gain can be negative, e.g., when there is the need to add propulsion, or positive, e.g., when there is
regenerative braking. Therefore, the energy variation in the battery (EBat) should be the variation in the vehicle energy affected
by some efficiency coefficient, which is different depending on the process that dominates the gain. For regeneration (i.e., when
�Eg[t] > 0), the efficiency coefficient is �r. For propulsion (i.e., when �Eg[t] < 0), the efficiency coefficient is �p.

EBat[t + 1] =

{

EBat[t] + �Eg[t] ⋅ �r (�Eg[t] > 0)

EBat[t] + �Eg[t] ⋅ �
−1
p

(�Eg[t] < 0)
(6)

5. Intersection management approaches

As mentioned earlier, this paper uses eight IM approaches that cover different categories and which are either commonly found
or proposed by research. Namely, RR and TTLC are conventional, MCA and WTLC are adaptive, ITLC and QTLC are intelligent, and
SIMP-D and SIMP-S are reactive. These IM approaches are briefly presented next. Their main characteristics are summarized at the
end of this section in Table 1.

Fig. 4. Traffic control phases associated to the various IM approaches.

5.1. Round-Robin - RR

RR IM is also called the uniform signal controller due to the uniform green time allocation to all road lanes. RR IM is the
conventional IM strategy that periodically alters green-yellow-red phases in a pre-determined circular fashion (Alekszejenkó and
Dobrowiecki, 2019). This IM strategy allows vehicles from one lane at a time in a clockwise direction. For instance, when we take a
four-way two-lane dedicated left-crossing lane intersection (Fig. 3(a)), every green phase of 30 s is followed by a 4 s yellow phase,
and the inflow from the other road lanes will be blocked. The TLC control phases of RR IM are shown in Fig. 4(a). Note that we
have tested various green phase times (5 s, 15 s, 30 s, and above) and found that 30 s of green time exhibits the best performance.
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5.2. Trivial Traffic Light Control - TTLC

TTLC follows the RR interns as a pre-configured IM strategy that operates periodically (Björck and Omstedt, 2018). In contrast to
RR, TTLC allows vehicles from opposite directions, as shown in Fig. 4(b). For instance, when we take a four-way two-lane dedicated
left-crossing intersection, the shared right-most lane gets a greater green time of the 30 s than the center-most lane, which equals
a half 15 s and a 4 s of yellow time while all other inflow lanes are blocked with red phases.

5.3. Intelligent Traffic Light Control - ITLC

ITLC utilizes real-time traffic characteristics such as queue length, vehicle speed, and acceleration to determine traffic light
phases, order, and execution length (Younes and Boukerche, 2014). Using these real-time characteristics, ITLC can improve traffic
fluidity and reduce waiting time. For instance, the opposite road lanes with a longer queue length will get the higher priority, and
a maximum green time of 60 s is allocated, followed by a 4 s yellow time. The other conflicting inflows to the intersection will be
blocked. For shorter queue length, a minimum green time of 5 s followed by 4 s yellow time is allocated. The functioning of ITLC
over a four-way two-lane dedicated left-crossing intersection is shown in Fig. 4(b).

5.4. Q-learning-based Traffic Light Control - QTLC

QTLC strategy is designed based on multi-agent systems for reducing vehicle delays (Abdulhai et al., 2003). Akin to the previous
IM strategy, QTLC also uses queue length and elapsed phase time for decision-making, and this decision can either continue with the
current phase or switch to another phase. Unlike the other IM strategies, this adaptive behavior results in the reduction of vehicle
delays. QTLC follows a fixed cycle with a minimum duration of the 20 s and a maximum duration of the 60 s. These cycles also
follow an arbitrary limit of 10 s at the beginning and 10 s at the end, in which a 4 s yellow phase follows each green phase. Fig. 4(b)
shows the control phases of QTLC.

5.5. Max-pressure Control Algorithm - MCA

MCA measures adjacent lanes instantaneous traffic flow (number of vehicles) movement and then assigns corresponding weights
for turn-based movements (Varaiya, 2013). By this, MCA can eventually increase the intersection throughput by bringing stability
to the queue pressure in an acyclic manner with dynamic phase lengths. We have tested MCAs various green time (5 s, 15 s, and
30 s) and TLC phases (Fig. 4(a) and 4(b)) configurations. The MCA control phases shown in Fig. 4(b) with the 30 s of green time
followed by a 4 s yellow time show the best results.

5.6. Webster’s Traffic Light Control - WTLC

WTLC follows a cycle-based traffic signal control for a fixed minimum and maximum allocated time and employs traffic flow
data for traffic signal optimization (Webster, 1958). This method collects the traffic flow data for a specified time interval. Then
Webster’s method calculates the cycle time and green phase duration for that time interval. The adaptive form of WTLC utilizes the
most recent time interval to collect data and then assumes that the traffic demand will be the same for the upcoming time interval.
In WTLC, the time interval selection is crucial as it can result in various trade-offs. Smaller values can result in frequent adaptations
to changing traffic demands, and larger values adapt less frequently. This paper utilizes both minimum (40 s) and maximum (180
s) TLC cycle lengths with a time interval of 450 s, and higher interval times lead to lower performance due to saturated traffic
conditions. The WTLC control phases are shown in Fig. 4(a), the same as RR.

5.7. Synchronous Intersection Management Protocol - SIMP

SIMP is an IIM protocol that provides traffic fluidity at complex intersections (Reddy et al., 2023a). SIMP works over two
distinctive left-lane configurations employing the intelligent intersection management architecture (IIMA shown in Fig. 2), namely
the dedicated left-crossing (SIMP-D) and shared left-crossing (SIMP-S) as presented in Fig. 3(a) and 3(b). SIMP’s synchronous nature
iterates the following steps cyclically: firstly, finding vehicles at the intersection entrance; deducing the intended crossing directions
by utilizing the available sensors; computing vehicles safe crossing using a Conflicting Directions Matrix (CDM); triggering their
access to the intersection via traffic lights or wireless messages. This process waits for vehicles within the intersection until the exit.
The process is repeated once all vehicles in the intersection have exited it within the short cycle length, leading to the reactive
nature. The CDM allows SIMP to track all conflicting directions (presented in Fig. 3(a) and 3(b)) simultaneously at every control
cycle, which checks all inflow road lanes.
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Table 1
Main properties of the IM approaches under comparison.

IM Road Infrastructure Left lane TLC decision Green time (s) (S/R & L) Objective

RR N D F 30 & 30 Manage
TTLC N D F 30 & 15 Manage
ITLC Y D I [5, 60] & 15 Fluidity & Delays
QTLC Y D I [20, 60] & 15 Delays
MCA Y D A 30+ & 30+ Traffic stability
WTLC Y D A [6, 41] & [6, 41] Optimum signal time
SIMP Y D/S R 2.5 & 3 Fluidity

Notes. Y-yes, N-no, D-dedicated, S-shared, F-fixed, I-intelligent, A-adaptive, and R-reactive.

5.8. Summary of IM approaches properties

Table 1 summarizes the main properties of the IM approaches considered. Among them, ITLC, QTLC, MCA, WTLC, and
SIMP require road infrastructure, while the RR and TTLC approaches work on roads without infrastructure. Regarding left lane
configurations, SIMP provides both dedicated and shared left lanes. Although all other protocols could also support the shared left
lane configuration, we omitted it from this study for consistency with their proposals that considered dedicated left lanes only.

As we referred to before, these IM approaches can be classified into four cases according to their decision-making process, namely
conventional, intelligent, adaptive, and reactive. RR and TTLC are the conventional approaches used in this work, which present a
fixed cycle independent of the traffic patterns (for this reason, we refer to them here as fixed). ITLC and QTLC present an intelligent
behavior that changes the cycle according to the current traffic intensity in the different lanes. MCA and WTLC present an adaptive
behavior in traffic signal timing reflected in the traffic lights control cycle length (minimum, maximum, or both) based on the traffic
intensities on different road lanes. Differently, SIMP takes a reactive approach that responds to the presence of individual vehicles
at the entrance of the intersection.

In the table, under the green time column, the S/R lane indicates the rightmost lane that shares the straight-/right-crossing
vehicles, and the L lane indicates the left-crossing lane that can be either dedicated to left-crossing or shared between straight-/left-
crossing vehicles. MCA is acyclic but has a minimum green time, so we indicated it with + . The values indicated in the table and
used in this paper are those proposed by the respective references.

The main objectives driving the development of the IM approaches are shown in the last column. While RR and TTLC simply
aim at managing the traffic to avoid collisions, SIMP also aims at increasing the fluidity of the traffic, and QTLC at reducing average
delays. On the other hand, ITLC aims to achieve both fluidity and delay reduction, MCA aims to minimize the traffic intensity in
the road network, and WTLC aims to optimize traffic signal timing.

6. Simulation setup

In our simulation study, we designed and simulated two mixed traffic scenarios to analyze energy savings and emissions volume
when crossing one complex intersection controlled by a specific intersection management approach. The mixed traffic scenarios
considered an increasing penetration of human-driving BEVs and autonomous BEAVs together with human-driven ICEVs.

In the first scenario, ICEVs and BEVs follow the Krauss car-following model (Krauß, 1998) that represents typical human driving
behavior. This scenario showcases the increased energy efficiency and decreased emission of air pollutants obtained from employing
human-driven BEVs. We observe these effects under the various IM approaches applied to the intersection to see which approach
can benefit the most when introducing human-driven BEVs, and which performs more sustainably in absolute terms.

In the second scenario, ICEVs follow the same Krauss CFM simulating human-driven vehicles, while BEVs become BEAVs
equipped with autonomous control (ACC CFM (Milanés and Shladover, 2014; Xiao et al., 2017)). This scenario studies the impact
of introducing BEAVs in the overall fuel consumption and emissions of the ICEVs. As in the previous case, we apply the referred
eight IM approaches to the intersection to understand which is impacted the most when adding BEAVs.

The previously described IM approaches are deployed on an isolated four-way two-lane intersection using the SUMO framework
v1.12.0 under identical geographic settings. The simulator runs on an Intel Core-i5 8th-generation CPU with 4 cores @1.60 GHz,
8 GB RAM, and a 64-bit Windows 11 OS.

The simulated time is one hour (3600 s). The inflow and outflow road lanes connecting to the intersection are 500 m long and
flat. We also consider a maximum speed of 30 km∕h, which represents typical low-speed urban settings. With these settings, the
simple road system we consider, with a single complex flat intersection, is a key component to building general urban road systems.
According to the results shared in Reddy et al. (2023a), most of the IM approaches that we consider saturate at 0.2 veh∕s (i.e., 12
vehicles per minute) in a similar setting, so we choose the same traffic arrival rate. To apply this arrival rate, at every second, we
sample from a uniform distribution in the range [0, 1] and inject a vehicle if the sample is inferior to the selected arrival rate. At
this arrival rate, in 1 h, we inject an average of 720 vehicles in the road system. Assignment of intended trajectory to vehicles also
uses samples from a uniform distribution. Vehicles are distributed with equal probability for left (33%), straight (33%), and right

Transportation Research Part D 136 (2024) 104403 

9 



R. Reddy et al.

(33%) crossings in all experiments4 (Reddy et al., 2023a,b). This means that we are injecting, on average, 240 vehicles per crossing

direction in each 1 h experiment. Vehicles assigned to the left are injected in the leftmost lane, and those assigned to the straight

and right are injected in the rightmost lane. Finally, each experiment is run five times with different random seeds but with the

same set of parameters. Hence, each data point is the average of five runs, involving a total of 3600 vehicles on average, 1200 to

each crossing direction.

The acceleration (2.6 m∕s2), deceleration (−4.5 m∕s2), and emergency deceleration (−9 m∕s2) values are adopted from the SUMO

default values.5 Other simulation parameters like the minimum time headway between consecutive cars (1 s) and the driving

imperfection (0.5 for ICEVs and BEVs and 0.0 for BEAVs) are applied to the CFMs described earlier. Using these simulation

parameters values, particularly for the Krauss CFM running at a free-flow maximum speed of 30 km∕h, i.e., 8.33 m∕s, results in

a jerky speed pattern presented in Fig. 5(a). When using the ACC CFM in autonomous vehicles, the resulting speed pattern is

presented in Fig. 5(b).

Table 2 summarizes the main simulation parameters and their assigned values concerning ICEVs, BEVs, and BEAVs. Table 3

presents parameters that are specific to BEVs/BEAVs, representing an average electric passenger car (Helmers and Marx, 2012).

Fig. 5. Driving behaviors of ICEVs/BEVs and BEAVs.

Table 2
Simulation parameters and assigned values.

Parameters Values

Probability of vehicle insertion Uniform distribution [0 1]
Vehicle type Human-driven (Krauss) and Autonomous (ACC)
Vehicle length 5 m
Safety distance (target) 5 m
Fuel type Gasoline (ICEVs) and Electricity (BEVs/BEAVs)
Fuel consumption model HBEFA3.1 (ICEVs) and Battery Electric (BEVs/BEAVs)
Target speed 30 km∕h, i.e., 8.33333 m∕s

Acceleration 2.6 m∕s2

Deceleration −4.5 m∕s2

Emergency deceleration −9 m∕s2

Minimum time headway 1 s

Drivers imperfection 0.5 (Human-driven) 0.0 (Autonomous)

4 In our previous studies, we also employed the Poisson distribution to generate the traffic and tested both continuous and interrupted traffic flow conditions
5 https://sumo.dlr.de/docs/Vehicle_Type_Parameter_Defaults.html
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Table 3
Parameters specific for BEVs/BEAVs.

Parameters Values

Max. battery capacity 64 kWh

Max. power 150 kW

Constant power intake 100 W

Internal moment of inertia 0.01 Kg m2

Air drag coefficient 0.35
Radial drag coefficient 0.5
Roll drag coefficient 0.01
Propulsion efficiency 0.98
Recuperation efficiency 0.96
Stopping threshold 0.1 km∕h

7. Results and discussion

We now discuss intersection management performance metrics (intersection throughput and waiting delays) as we increase the
penetration of battery-electric vehicles from 10% to 90% (both for BEVs and BEAVs). We then carried out a similar exercise but
focused on energy savings (gasoline and electricity) and emission of air pollutants (PMx, NOx, CO, HC, and CO2). The sustainability of
the various IMs is tightly linked to the intersection performance; hence, analyzing throughput and average waiting times is relevant
before discussing fuel consumption and emissions.

7.1. Intersection performance metrics

7.1.1. Intersection throughput (veh∕h)
Fig. 6 shows the intersection throughput results for various penetration ratios of BEVs (Fig. 6(a)) and BEAVs (Fig. 6(b)). We

consider the intersection throughput as the number of vehicles an IM approach serves in an hour (3600 s).
The BEV scenario results (Fig. 6(a)) show clearly that throughput is not affected by the nature of the vehicles propulsion, which

is expected since BEVs are human-driven such as ICEVs, thus their motion behavior is similar. On the other hand, the results for
BEAVs (Fig. 6(b)) show a visible increase in throughput for all IMs, particularly the ones exhibiting lower values. This difference
emerges from the speed feedback control of BEAVs that increases the average speed and reducing the headway (respecting safety
distance) to the vehicle ahead when compared to human-driven vehicles, leading to more vehicles crossing the intersection per unit
of time than when more human-driven vehicles (ICEVs) are used.

Fig. 6. Intersection throughput (veh∕h) of different IM approaches for various BEVs and BEAVs penetration ratios.

Concerning the different IMs, we observe that the highest throughput is achieved with both SIMP configurations, with a slight
advantage for SIMP-S over SIMP-D, while WTLC shows the lowest throughput. When the traffic is ICEVs (or BEVs)-dominated,
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WTLC serves approximately 900 vehicles less, in 1 h, than any of the SIMP approaches, i.e., a reduction of approximately 32% in
throughput. This difference is reduced to about 600 vehicles, i.e., approximately 21%, in a BEAVs-dominated scenario.

Overall, taking the throughput of SIMP-S as reference (2775 veh/h - 100%), the ratios achieved by the other IMs in an ICEVs
(or BEVs)-dominated scenario are the following: 99.2% for SIMP-D, 93.09% for ITLC, 91.54% for QTLC, 86.17% for TTLC, 80.11%
for MCA, 71.98% for RR and 68.55% for WTLC. When moving to a BEAVs-dominated scenario, i.e., with a 90% penetration of
BEAVs, all IM approaches experience relative increases in throughput as follows: SIMP-D increases 0.8134%, ITLC increases 5.2%,
QTLC increases 6.64%, TTLC increases 8.36%, MCA increases 9.02%, RR increases 9.98% and WTLC increases 12.7%. These values
confirm that the IM approaches that benefit the most from introducing BEAVs are those with lower throughput, particularly for
penetrations above 50%.

In the BEAVs-dominated scenario, ITLC and QTLC have practically the same throughput as the SIMP approaches, while TTLC
achieves 89.14% of the maximum and MCA achieves 84.44%. Despite exhibiting the strongest relative increase, RR and WTLC
continue to lag behind, achieving just 75.21% and 72.27% of the throughput of SIMP-S, respectively.

SIMP’s throughput performance is due to the very short control cycle time that synchronizes conflict-free vehicle movements,
leading to a more regular (smoother) service that results in serving more vehicles per time unit. We can also observe that there is
no significant throughput improvement with SIMP approaches (i.e., from 2775 to 2786, 0.22% only) when going from a human-
driven (BEVs)-dominated scenario to a scenario dominated by autonomous vehicles (BEAVs). This seems to indicate that SIMP’s
performance in this dimension is close to optimal.

On the other hand, conventional IM approaches (RR and TTLC) block the road lanes that are not being served for longer periods
following their control cycle times, hindering their performance and thus serving fewer vehicles. Differently, ITLC and QTLC adapt
their control cycles using traffic characteristics (queue lengths, vehicle speed, and acceleration) and improve the throughput results.
MCA and WTLC also adapt the control cycle, but the decisions are inefficient in tackling saturated traffic conditions.

7.1.2. Average waiting time (s)
Due to congestion and traffic signal configurations, vehicles may have to wait to access the intersection, particularly during the

yellow and red phases. Apparently, intersection management approaches with longer control cycle times impose longer waiting
times, while shorter cycles impose shorter waiting delays. We measure the waiting time of a vehicle as the interval of time from the
first moment its speed goes below a given threshold (currently 5 km/h, meaning it arrives at a queue) until it enters the intersection.
Fig. 7 displays the average waiting time (s) of vehicles that completed their journey in 1 h of simulated time. As expected, these
results are strongly correlated with the throughput results. Naturally, higher throughput means lower average waiting time and
vice-versa.

Therefore, the waiting times in the BEVs scenario shown in Fig. 7(a) exhibit similar behavior to the corresponding throughput
results in Fig. 6(a), namely independence with respect to the BEVs penetration ratio arising from the fact that both ICEVs and BEVs
follow the same human driving behavior. Concerning the actual values, we observe very low values for the SIMP protocols, namely
5 s for SIMP-S and 7 s for SIMP-D, because this management approach favors a continued flow of vehicles, reducing stop-and-go
effects. ITLC and QTLC exhibit the next lower values, around 100 s, even though they were designed to reduce the waiting time.
Conventional approaches TTLC and RR, together with MCA, exhibit waiting times of around 200 s. The worst IM is WTLC, with an
average waiting time of approximately 250 s. Again, these poor performances arise from the fixed nature of the control cycles in
the conventional approaches or from an inadequate adaptive mechanism in the adaptive MCA and WTLC approaches, which fail to
capture the time-invariant stochastic properties of the injected traffic, either adapting too frequently or too slowly.

Fig. 7. Average waiting time (s) imposed by different IM approaches for various BEVs and BEAVs penetration ratios.

The BEAVs scenario in Fig. 7(b) shows a reducing trend on the waiting times of the different IM approaches when increasing
BEAVs penetration. This is consistent with the throughput case. However, the impacts on different IM approaches are now more
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variable than in the throughput case. The exception are the SIMP protocols that exhibit now a slight waiting time increase for
increasing BEAVs, with SIMP-S adding an extra 1.9 s and SIMP-D 5.8 s in a BEAVs-dominated situation (90% penetration). This
behavior seems to emerge from the increased average speed of BEAVs, which makes them approach the intersection faster, leading
to slightly more traffic accumulation and potentially more stop-and-go situations.

For the remaining IM approaches, going from 10% to 90% BEAVs penetration causes a waiting time variation of −54.04 s

(−54.185%) for ITLC, −40.36 s (−42.224%) for QTLC, −57.54 s (−30.856%) for TTLC, −8.75 s (−4.436%) for RR, −19.96 s (−9.68%)
for MCA and −25.3 s (−10.244%) for WTLC. Interestingly, RR and MCA show very low sensitivity to the penetration of BEAVs,
while ITLC, QTLC and TTLC exhibit significant reductions, being positively affected by the introduction of autonomous vehicles.
This emerges from the slightly higher average speed of the BEAVs that are then served faster in the green phases of the respective
IM approaches.

7.2. Energy savings

Fig. 8 shows the average gasoline consumption (ml) per ICEV for the whole path in both scenarios, penetration of BEVs and
BEAVs. The results indicate a correlation with waiting time, where a longer waiting time leads to higher fuel consumption. This is
due to the additional accelerations of start-stop maneuvers while queuing and to the engine idling while stopped.

Concerning the specific case of introducing BEVs (Fig. 8(a)), we can see again that there is nearly no impact, given that
all vehicles, BEVs and ICEVs, have the same driving pattern. However, in this case we observe a slight reduction in the ICEVs
consumption when the BEVs penetration goes beyond 60% in almost all IM approaches (except for the SIMP protocols that remain
always constant). However, the explanation of this small artifact requires further investigation. But the most relevant result in this
case is the large difference in fuel consumption when comparing the different IMs. The smoother behavior of the SIMP protocols
compensates in low consumption, reaching approximately 100 ml. QTLC and ITLC, the next IMs in fuel consumption, already exhibit
approximately twice that of the SIMP approaches, i.e., around 200 ml. Then the conventional and adaptive approaches vary between
300 ml and 400 ml, i.e., three and four times the consumption with the SIMP approaches.

Fig. 8. ICEVs average gasoline consumption (ml) when introducing BEVs and BEAVs under different IM approaches.

When introducing BEAVs, the results show a pattern very similar to that of the waiting times of the corresponding scenario. All
IMs but the SIMP protocols show a significant reduction in consumption, which reveals itself as soon as BEAVs are introduced (ITLC
and QTLC cases) or for penetrations above 50% (all other cases). The reductions achieved are the following: −53.4 ml (−26.58%)
for QTLC, −69.9 ml (−33.69%) for ITLC, −77.3 ml (−25.1%) for TTLC, −34.0 ml (−12.4%) for RR, −41.6 ml (−13.6%) for MCA, and
−52.1 ml (−25.1%) for WTLC. These values show that the impact of introducing BEAVs can be significant on the fuel consumption
of the ICEVs, particularly under ITLC, QTLC and TTLC. We attribute this effect to a smoothing of the ICEV driving behavior given
that, as BEAVs penetration increases, human-driven ICEVs will be more likely to follow smoother-driving vehicles.

The average electricity consumption (Wh) results of BEVs and BEAVs penetration scenarios are presented in Fig. 9. Note that
the two types of electric vehicles use different car-following models, namely BEVs use Krauss CFM and BEAVs use ACC CFM.
It is also worth mentioning that both types of these vehicles employ regenerative braking, meaning that the slowing down and
stopping actions involved in queuing and synchronizing at the intersection entrance recover part of the energy spent accelerating
and traveling, improving energy efficiency compared to ICEVs.

Fig. 9(a) shows the average electricity consumption of BEVs as their penetration increases. As expected, there is practically no
dependence on the penetration ratio, given the similar driving behavior of BEVs and ICEVs. Moreover, the relative performance of
the different IMs is also similar to the previous cases, with the SIMP protocols showing the lowest energy consumption, followed
by ITLC and QTLC, and then the group of conventional and adaptive IMs. However, there is a significant difference with respect
to the previous results on fuel consumption, i.e., the variations in electricity consumption across the IMs are now smaller than in
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the corresponding scenario on fuel consumption. From the results, SIMP-S and SIMP-D show an average electricity consumption
of approximately 94.5 Wh and 95 Wh, followed by ITLC and QTLC that consume around 98 Wh, i.e., an increase of just 3.7% to
SIMP-S. Then, the other group (TTLC, RR, MCA, and WTLC) consumes around 102 Wh, thus an increase of 7.9% to SIMP-S. These
small differences seem to be related to the higher efficiency of BEVs with respect to ICEVs, including their regenerative braking
capability.

Fig. 9. Average electricity consumption (Wh) for BEVs and BEAVs when increasing their penetration under various IM approaches.

Fig. 9(b) shows the BEAVs average electricity consumption with growing penetration ratios. An immediate observation is that,
compared to BEVs, BEAVs electricity consumption is slightly higher, caused by the slightly higher average speed (consistent with
the higher throughput seen in Fig. 6(b)). For example, the SIMP protocols exhibit an increase of approximately 3.8 Wh, the largest
increase, then ITLC and QTLC show an average increase of 2.2 Wh and 2.3 Wh, respectively, with the smallest increase, and finally,
the remaining IMs show increases between 2.5 Wh for TTLC and 3.12 Wh for RR.

One result of this differentiated increase is that both reactive and intelligent IM approaches (SIMP, ITLC and QTLC) exhibit now
closer electricity consumption, between 98.5 Wh for SIMP-S and 101 Wh for QTLC, when ICEVs dominate (10% BEAVs penetration),
and even less, 98.5 Wh to 100 Wh for the same IMs when BEAVs dominate (90% penetration).

Another observation is that the impact of growing BEAVs penetration is now marginal. The reactive IMs (SIMP) remain fairly
constant for all penetration ratios. On the other hand, both intelligent approaches (ITLC and QTLC) and the conventional TTLC show
a slight reduction of around −1 Wh (−1%) that becomes visible after 50% penetration. Curiously, the IMs of the worse performing
group (RR, MCA and WTLC) show a slight increase of around +1 Wh (+0.96%). These behaviors are somewhat intriguing and seem to
emerge from two opposite effects related to the interference ICEVs may cause to BEAVs. When a BEAV follows an ICEV, it will try to
follow the ICEV’s behavior. On one hand, this will reduce the average speed of the BEAV, leading to lower consumption. However,
it will also make the BEAV exert more accelerations to follow the jerky ICEV speed profile, which leads to higher consumption.
Whether one effect dominates the other depends on specific micro traffic patterns that emerge from the traffic control and the
actual speed profiles and further research is required at such a micro level for a better understanding. Nevertheless, our study
shows that variations in the electricity consumption of BEAVs as a function of their penetration ratio are not significant.

7.3. Emissions reduction

This section presents the average tail-pipe emissions of ICEVs when increasing the penetration ratios of BEVs and BEAVs. We focus
on the emissions of PMx, NOx, CO2, CO and HC. As we reported in Section 4, the models for PMx, NOx, CO2 are directly proportional
to the fuel consumption (Fig. 8). This is confirmed in Figs. 10, 11 and 12 for those three types of emissions, respectively. Since these
plots are all displaying the same pattern, we simply present the first one here, for PMx, while the following ones are included in an
Annex. We decided to keep the similar figures in an Annex because they have specific information on the actual values, despite the
similar pattern. On the other hand, the model for CO and HC is more complex, including specific engine parameters (Section 4).
Nevertheless, the results still show a very similar pattern (Fig. 13 for CO and Fig. 14 for HC), just with differences in the ratios
between the values of different IMs. For this reason, we also relegate these figures to Annex.

There are two major observations we can make when observing these figures. The first one concerns the relative performance
of the different IMs when introducing BEVs. This scenario does not depend on the penetration ratio of BEVs, with ICEVs showing
steady emissions levels. The lowest emissions result from the use of the SIMP protocols. Taking these as a reference, with ITLC and
QTLC ICEVs exhibit between 1.7 and 2.2 times the emissions of PMx, NOx, and CO2 and between 3.4 and 3.9 times the emissions
of CO and HC. With the other IMs (TTLC, RR, MCA and WTLC) ICEVs exhibit between 3.1 and 5.5 times the emissions of PMx, NOx

and CO2 than with the SIMP protocols and about 6 and 8.6 times the emissions of CO and HC. These are significant differences.
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Fig. 10. Average emission of PMx (mg) per ICEV under several IM approaches and with growing BEVs and BEAVs penetrations.

The second observation is that the growing penetration of BEAVs causes ICEVs to produce lower emissions under all IMs except
with the SIMP protocols, which causes ICEVs to produce steady emissions independently of the BEAVs penetration ratio. Therefore,
the relative performance of all IMs with respect to SIMP protocols improves in BEAVs-dominated (90% penetration) scenarios. The
reason is the lower fuel consumption resulting from ICEVs following BEAVs, as explained in Section 7.2. In particular, again taking
the emissions under the SIMP protocols as a reference, with ITLC and QTLC ICEVs exhibit between 1.4 and 1.8 times the emissions
of PMx, NOx, and CO2 and between 2 and 2.4 times the emissions of CO and HC. With the other IMs (TTLC, RR, MCA, and WTLC),
ICEVs exhibit between 2.3 and 4.9 times the emissions of PMx, NOx, and CO2 than with the SIMP protocols and between 4.3 and
7.7 times the emissions of CO and HC.

8. Limitations

This study focused on the energy efficiency (gasoline and electricity), emissions reductions (PMx, NOx, CO2, CO, and HC),
intersection throughput, and waiting delays when HVs (ICEVs and BEVs) and AVs (BEAVs) cross a flat complex intersection up
to of 30 km∕h maximum speed. These results cannot be extrapolated to roads with inclination and/or for higher speeds. The traffic
generation process did not account for different ratios of vehicles tending to each possible direction (left, straight, right), which can
be expected in many real-world intersections. While we consider the layout of the used intersection representative, the results
cannot be extrapolated to other configurations. Our analysis focuses on two car-following models (Krauss and ACC); however,
manufacturers may implement different control algorithms, notably for platooning, and drivers may demonstrate varying driving
styles (e.g., defensive or aggressive), which are not accounted for in this study.

9. Conclusions

This paper presents a novel sustainability analysis examining the penetration of battery-electric vehicles, both human-driven -
BEVs - and autonomous - BEAVs - in a baseline of vehicles with gasoline internal combustion engines - ICEVs. The analysis is carried
out in the scope of an isolated complex intersection common in low-speed residential areas, considering a 30 km∕h maximum speed.
Such an intersection is a central element in building urban road systems, thus this study is relevant for urban planners to help in
the choice of intersection management approaches - IMs - with awareness to the impact of BEVs and BEAVs.

Our research compares, using the SUMO simulator, the performance of eight relevant IM approaches (reactive: SIMP-D and
SIMP-S; intelligent: ITLC and QTLC; conventional: RR and TTLC; and adaptive: MCA and WTLC) when increasing the penetration of
BEVs and BEAVs from 10% to 90%. We measured the intersection throughput, average waiting delays, accrued energy consumption
per vehicle (gasoline and electricity), and the associated emission of toxic air pollutants (PMx, NOx, CO2, CO, HC).

The main findings from our work are the following:

• In what concerns the penetration of BEVs and BEAVs, we found the driving profile to be an important factor. BEVs being
human-driven, such as ICEVs, have no visible impact in the considered metrics. Conversely, adding more BEAVs generally
improves the metrics, except for the energy consumption and under a reactive IM. BEAVs use speed feedback controllers
that keep speed steady, leading to higher average speed than BEVs, thus higher energy consumption. The performance of the
reactive IMs seems to be close to optimal, not offering further improvements when adding BEAVs. With the other IMs, adding
BEAVs increases throughput, reduces waiting time, and causes ICEVs to produce less emissions.
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• Among all tested IMs, the reactive ones (SIMP-S and SIMP-D) offer the best performance in all metrics, with a minimal
advantage of SIMP-S over SIMP-D. However, these are research protocols that have not yet been implemented practically. The
intelligent approaches (ITLC and QTLC) exhibit the second-best performance, with a minimal advantage of ITLC over QTLC,
thus seeming a good option when a sensing infrastructure can be deployed. The conventional approaches are infrastructure-
free, and TTLC consistently shows better performance than RR, which is why TTLC is more used in practice. The adaptive
approaches (MCA and WTLC) offer poor performance, similar to that of RR, seeming unsuited for time-invariant traffic patterns.

In future research, we plan to investigate the toxic emissions generated when producing the electricity consumed by electric
vehicles. Additionally, we aim to study transportation sustainability in a city-wide road network and carry out a practical deployment
of the SIMP protocol.
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Annex. NOx, CO2, CO And HC emissions graphs

See Figs. 11–14.

Fig. 11. Average NOx emission (mg∕veh) per ICEV under various IM approaches and with increasing BEVs and BEAVs.

Fig. 12. Average CO2 emission (g∕veh) per ICEV for various IM approaches at various BEVs and BEAVs penetration ratios.
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Fig. 13. Average CO (g∕veh) emission per ICEV for various IM approaches at various BEVs and BEAVs penetration ratios.

Fig. 14. Average HC emission (mg∕veh) per ICEV for various IM approaches at various BEVs and BEAVs penetration ratios.
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