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Abstract

:

As the transition towards connected and autonomous vehicles gradually happens, different phases with CAVs and human-driven vehicles sharing the same network will occur. This paper’s purpose is to increase the knowledge of these mixed situations, studying the impacts of an increasing number of CAVs within the vehicle fleet on road capacity, travel time savings and energy consumption, providing new insights into the debate that is still open. The methodology focused on a microsimulation-based approach on an urban motorway in the city of Rome. Some of the outcomes from simulations, run with the software PTV VissimTM 21, were used to analyse variations in general performances of the transportation system, whereas the remaining results were fed into the emission model COPERT for assessing the impacts of CAV penetration on the energy consumption of the fleet. Results show how, in congested cases, appreciable improvements can be recorded in terms of road capacity, mean speeds, and environmental impacts, while in lower-congested situations, any enhancement in traffic fluidification counteracts the environmental performances of the whole system.
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1. Introduction


1.1. Motivation of the Study


Continuous technological advancement which has affected every sector of human life in recent years, has reached the automotive sector as well. Hence, it does not seem unrealistic to have a long-term wide diffusion of autonomous and connected vehicles, commonly known as CAVs. For this reason, different efforts were aimed at assessing the impacts of CAVs’ spread in terms of road performances, road safety, social acceptance, and environmental sustainability. Previous studies investigated fully the effects of a 100% CAV-composed vehicle fleet and, as reported in [1], the issue is still debatable. However, the transition towards a fully automated and connected fleet is supposed to be gradual, so that the coexistence of CAVs and human-driven vehicles is supposed to occur. Several research studies focused on the effects of mixed traffic on road performances and fuel consumption, but, as [2] reports, more studies on operational vehicle conditions in mixed traffic situations are needed, as the lack of data does not make it easy to state what the implications of the co-presence of the two different vehicle types are. This paper’s purpose is to contribute to the debate by studying the impacts of mixed traffic situations on a real wide network, analysing changes in general performances and using a consolidated standard methodology for the energy consumption assessment. The remaining part of the introduction is organized as follows: the next sub-section (Section 1.2) provides the literature review, after which, this paper’s contribution to the debate on CAVs’ impact will be clearly set out. The last part (Section 1.3) reports the organization of the paper.




1.2. Literature Review


In recent decades, new technological and telematic innovations have been invested in the automotive industry. Manufactures, in fact, have tried to equip their vehicles with even more advanced devices, in order to improve urban and extra-urban mobility with the private car. The new emerging trends in the automotive world, which will probably be the pillars of future transportation revolutions are: multimodality and shared mobility, electrification, automation, and connectivity [3]. Multimodality and shared mobility come together within the concept of Mobility-as-a-Service (MaaS), which is a novel term whose definition still does not find agreement among researchers [4]. This concept describes a new way for travelling that replaces the idea of car ownership with the concept of mobility intended as a service to be used according to the user’s needs. Technological innovation is fundamental to the deployment of MaaS, to create a digital platform on which travellers can plan their journey, choosing the modes of transport that suit them best. As regards fleet electrification, the spread of Electric (EVs), Battery Electric (BEVs), Hybrid Electric (HEVs) and Plug-in Hybrid Electric Vehicles (PHEVs) instead of diesel and gasoline engines can help to reduce the dependence of the transport sector on carbon fuels, with benefits in terms of reduction of pollutant emissions and energy consumption. Lastly, automation and connectivity are strictly correlated, and the transition towards connected and autonomous vehicles is supposed to be the most disruptive in terms of the social, economic, land use and environmental impacts [5,6,7].



Vehicle automation involves a whole range of technologies capable of managing safety-critical control functions (e.g., steering, throttle, and braking) without direct input from the driver [8]. The Society of Automotive Engineers (SAE International) [9], in January 2014, released a classification of the driving capabilities of autonomous cars under the name of J3016. This taxonomy is periodically updated and the last revision, which occurred in 2021, is known as J3026_202104 [10]. According to this classification, also reported in [11], the automation degree of vehicles is classified into six different classes, ranging from fully traditional driving to fully autonomous vehicles, which are briefly described in Table 1.



Vehicle connectivity is achieved by equipping vehicles with advanced communication technology, which enables them to share information between two components of the transportation system [12,13]. This property is known as “Vehicle-to-Everything” connectivity and is referred as to V2X. All types of connections encompassed in V2X connectivity are described in [12] and are listed in Table 2.



Vehicles that are both autonomous and connected are known as CAVs (Connected Autonomous Vehicles). CAVs can be powered with traditional (diesel or gasoline) or alternative sources of energy (such as the aforementioned ones).



As reported in [14], CAVs are disruptive in the transport sector, and could potentially produce relevant changes in travel behaviours and in the environment. The same study divides the possible impacts of CAVs into two types: “direct” impacts, which directly affect CAVs and their users, and “indirect impacts”, which occur following the wide spread of CAVs within the vehicular fleet.



The indirect impacts were explored in depth in several previous studies, and they can be summarized as follows:




	
Impacts on traffic congestion: CAVs are supposed to reduce congestion in different ways. Firstly, the advanced technological system allows vehicles to stop instantly when required, so that they can travel with reduced headways. As reported in [8], this can lead to increases in road capacity, with the consequent reduction in congestion. Moreover, real-time information shared by the system could perform an instantaneous recalculation of the vehicle’s route based on the received data, so that it could take alternative roads, avoiding congested situations [15,16]. The optimization of signal settings, mainly due to V2I technology, can contribute to reducing congestion [17].



	
Impacts on land use: As cars with a high level of automation can move independently from human guidance, they are able to provide an on-demand service, moving people when they request and then, independently, going away from the destination point. This could lead to a drastic reduction in parking demand, with the possibility of using parking spaces for different purposes within cities’ development [18]. Furthermore, the whole infrastructure system should be rethought, as several elements would become superfluous (e.g., traffic lights, road lighting and lane division) [15].



	
Impacts on urban design: not driving could increase users’ willingness to travel longer distances for their systematic movements (e.g., from and to work), leading to a new distribution of population in urban, sub-urban, and rural areas, causing de-urbanisation and sprawl [6,15,19].



	
Impacts on consumer choices: One of the capabilities of CAVs is the possibility of being used in sharing [5]. Different studies stated that this could lead to a reduction in car ownership, as the vehicle can be used by all the family at the same time, while, on a broader level, driverless taxis services or autonomous car sharing programs could potentially be cheaper travel options if compared with the costs of buying, owning, and maintaining a car [5,15]. Unfortunately, there is no agreement among scholars on this assumption. In fact, as reported in [8], the results of interviews with a sample of 302 people [20] have clearly shown that people prefer to own a vehicle (either human-driven or autonomous) than to use sharing services (whether traditionally or autonomously driven). Hence, the role of CAVs in promoting sharing mobility is still an open discussion.



	
Impacts on travel demand: potential increases in travel demand should be considered, as CAVs would become more accessible to people who could not or did not want to drive (e.g., disabled, elderly, and younger sections of the population and people with no license) [8,15,19].








Direct impacts are the most relevant for protecting human health and the environment, as they refer to road safety and air and noise pollution [21]. In the presence of CAVs, traffic is supposed to be safer. In fact, most crashes are due to human error, but new vehicular equipment helps to prevent accidents, also removing the social costs associated with them [18]. However, for higher levels of automation, the possibility of the emergence of new types of accidents due to possible failures in the automation or communication system should be considered [22,23,24,25].



As regards the environmental impacts, as reported in [26], energy consumption and gaseous emissions are mainly affected by vehicle speed. In fact, these emissions are high at low speeds, flatten out at average speeds, and increase again when speeds are higher. In [8,15], three different solutions for reducing both energy consumption and gas emissions are proposed, all of them easily reachable with a good level of CAV deployment: (1) a reduction in traffic congestion, so that all vehicles can move at the same average speed; (2) vehicle platooning, which reduces aerodynamic drag forces, with the consequent reduction in fuel consumption and gases release; and (3) traffic smoothing, with the elimination of the stop-and-go phenomena. Nevertheless, not all studies on energy consumption related to CAV diffusion show encouraging results. For example, as [8,15] clearly show, if secondary and suburban roads, where speed limits are usually below the optimal values, can benefit from increases in speed, this is not true for highways and freeways, where traffic fluidification can lead to speed values significantly greater than the optimal ones. In [15], the authors mention the possibility of a rebound effect occurring for CAVs. For example, any energy saving obtained by the reduction in congestion might be compensated by the increment in the distance travelled, due to an alternative, longer route. Moreover, reductions in energy consumptions, owing to platooning, would be balanced by potential growths in travel demand that could increase the number of vehicles in the network.



Noise pollution is another big concern for public administrations seeking to control the environmental effects of human activities. As noise production increases linearly with speed, noise pollution is supposed to increase with CAV deployment [15]. Unfortunately, the literature is lacking in environmental assessments generated by CAVs, so that it is difficult to make assertions on this topic.



It is clear that the environmental effects of CAVs, although known and easily conceivable, still need to be investigated.



As the transition to a 100% CAV fleet is non-instantaneous, different intermediate phases with mixed traffic are seen as occurring in the near future. The connectivity of vehicles with the infrastructure will be even more important in these mixed scenarios; in fact, CAVs, being connected to each other, know their location within the network but totally ignore that of the unconnected vehicles, except in the immediate surroundings. In these scenarios it will, therefore, be crucial to know the location of unconnected vehicles through optimal sensor distribution within the infrastructure [27]. The effect of interference between human-driven and autonomous vehicles is still a subject of discussion.



One of the most interesting studies concerning the impacts of mixed-traffic situations with ever-increasing percentages of CAVs in the vehicle fleet is reported in [2]. In this paper, the authors propose an interesting theoretical framework, modelling human-driven and autonomous vehicles separately. The study is aimed at analysing the effects, in terms of travel time savings and fuel consumption reduction, of the interaction between the two vehicle types when the CAV share gradually increases. Simulations are run with three different traffic conditions: low volume, medium traffic volume and dense traffic. The analysis is limited to a merging zone, while the methodology followed for fuel consumption assessment is not clear. Results show energy savings for a 100% CAV scenario and for a mixed-traffic scenario when flows are low. Benefits in terms of travel times are recorded when all vehicles are CAVs and for medium-high volumes when the share of CAVs is equal to or greater than 50%. Hwang and Song [28] proved that the presence of AVs in the fleet affects two parameters: road capacity and speed limits. Using a speed-dependent emission function, they obtained environmental benefits with increasing road capacity, until the “optimal” speed threshold was exceeded. Benefits were also recorded in congested situations, but not in collapsing scenarios (where the demand equals three times the road capacity). In [29] the authors studied the interaction between CAVs and human-driven vehicles by proposing a methodology to improve information and the communication systems of traditional vehicles, in order to improve their interaction with CAVs, without carrying out environmental evaluations. Another study [30] analysed the interaction between two different vehicle types: partially and fully automated vehicles. Lastly, in [1] the authors carried out several environmental assessments, comparing different scenarios with a fleet composed of 100% traditional vehicles, 100% connected vehicles and 100% automated vehicles, using both the European simulator CO2MPASS and COPERT methodology for the assessment of carbon dioxide emissions. The study proved that it is connectivity rather than the automation which provides the environmental benefits in terms of CO2 emissions.



This paper aims to investigate the benefits or disadvantages of CAV penetration in the vehicular fleet of the city of Rome by studying different mixes of CAVs and human-driven vehicles. The work proposes the use of consolidated models for both simulation and energy consumption estimations. The use of consolidated models differentiates the methodology from the studies conducted by [2] and by [28], and the application on a wider scale allows a wider evaluation, compared to the study by [2].



A major aim of this research is to study the interaction between human-guided vehicles and CAVs, an objective that also differentiates it from the research carried out by [1], which studies different non-mixed scenarios.



Five degrees of CAV penetration were considered, and the performances in terms of energy consumption, road capacity and delays were analysed. The energy consumption was assessed by following the standard methodology CORINAIR, consistent with European Commissions guidelines, and used in all the member states to carry out environmental evaluations concerning the transportation system.




1.3. Paper Organization


The remaining part of the paper is divided into sections. In the following one (Section 2), a description of the methodology used is reported, followed by the analysis of the case study described in Section 3. In the next Section (Section 4), the results of the study are shown, while Section 5 is devoted to the discussion of results. The last section (Section 6) will report conclusions and outlooks of the study.





2. Methodology


This study is aimed at analysing the general and environmental performances of a mixed-traffic flow, composed of human-driven vehicles and different numbers of CAVs. The methodology followed in the analysis is shown in the flow chart in Figure 1.



As shown in the flowchart, starting with knowledge of the road network, transportation demand and vehicles characteristics, a simulation model allows us to obtain the flows, speeds, travel times and road capacity of the study area in return. Using this information, general performances or energy consumption (EC) can be calculated, the latter using the COPERT model that will be presented below. Both the assessments will be used to evaluate the mixed-traffic scenarios that were simulated. The general performances considered in this paper are the speed, capacity and delay of different traffic conditions, and their assessment was carried out using a microsimulation approach. Simulations were run with PTV VissimTM, a software which provides tools for microsimulations based on Wiedemann’s car-following model. This model was proposed by Rainer Wiedemann in 1974 [31], and is based on the division of human driving behaviour into four components: free-driving, approaching, following and braking. The transition from one driving mode to another occurs by crossing the six thresholds of perception, reported in [32]. This model was subsequently updated in 1999, to better fit with traffic conditions on freeways.



As car-following models are limited to the description of the longitudinal movement of vehicles, an integration with lane-changing models is necessary. These models, originally theorised by Gipps in 1986 [33], describe the user’s decision process when he decides to change the lane in which he is travelling. In VissimTM, two different types of lane-changings are implemented: mandatory lane-changing, which models, for example, the case in which the user has to perform a turning manoeuvre or the case in which a narrowing of the carriageway occurs; and voluntary lane-changing, when the driver wants to reach higher speeds or greater spacing in relation to other vehicles. In both cases, the change is performed based on the gap acceptance theory, in which it is assumed that the driver makes the manoeuvre if the gap (the time spacing between two different vehicles) is considered “acceptable” by the user [34]. In order to prepare the transition phase, in which human-driven vehicles and connected and autonomous vehicles will coexist in the same road environment, in 2017 the project CoEXist started [35]. As reported in the CoEXist guidelines [36], three different sets of parameters for simulating the behaviour and the characteristics of CAVs are already included in the VissimTM package. These sets are listed below:




	
“Cautious”, where vehicles observe the road code, always adopting safe behaviour in all their manoeuvres. Usually, this option is set for level 1 or level 2 of automation;



	
“Normal”, where vehicles behave like human drivers, with the additional capacity of using their sensors for monitoring spacings and speed of the surrounding vehicles. These parameters are typically set for simulating level 3 of automation;



	
“All-knowing”, in which vehicles have total awareness and predictive capabilities, characterized by smaller gaps for all manoeuvres and situations. This set of parameters is usually used for the simulation of the higher automation levels.








The main difference between human-driven vehicles and CAVs is that the first behave stochastically, while the latter are supposed to operate deterministically. This leads to changes in the basic functions in VissimTM:




	
Acceleration Distributions: in human driving behaviour, the acceleration distributions are composed of three different curves. The first two represent the lower and the upper limit of the distribution, while the last curve represents the mean value. These three curves constitute a large range, in which the accelerations of the human driver take place. As regards connected and autonomous vehicles, the acceleration distributions degenerate in the mean curve, as all vehicles are assumed to have the same value for acceleration. In Figure 2, the two different curves are reported.



	
Speed Distribution: human drivers tend to reach their desired speed, which is different for each user, so that the speed distributions in the software have a significantly irregular trend, with high spreads. On the contrary, CAVs tend to strictly obey limits, so that their speed distribution shows, in VissimTM, a linear trend, with much lower spreads. These trends are reported in Figure 3.








These changes in the main distributions help to represent platooning, in which some vehicles move in a line, at the same speed, with the same acceleration, and with the same spacing and headway, as if they were part of a train convoy. This situation is possible only if vehicles are well connected, and has benefits in terms of increase in capacity [37,38].



The simulation allowed us to obtain the values for the road capacity and travel times in return, to use for estimating the general performances of the system. Another output was the vehicles’ mean speed, which was later used as an input for the assessment of the energy consumption (EC) of the fleet.



The second part of this study focused on the contribution to air pollution of different numbers of CAVs in the moving fleet. As it is assumed that the 100% CAV-composed fleet will be possible in the fairly distant future, it is obvious that significant changes in laws and technology could take place. Since the scenarios simulated in this study are related to different periods, even in distant time, in order to evaluate the impact of a change in driving behaviour only, independently of any potential development in regulations and technology, the same vehicular composition (the current vehicle fleet) was used to calculate energy consumption as a proxy for environmental impact in this study. The mathematical formulation used for the estimation is the COPERT methodology [38], which is part of the EMEP/EEA guidebook for the estimation of pollutant emissions, and is used in a great number of the member states of the European Union [39]. The methodology requires a large number of data, such as vehicular fleet, driving conditions, type of fuel, type of road segment, etc. Energy consumption was expressed as a function of speed, and for its estimation, the first step was the definition of the vehicular fleet related to the territory in which the analysis was conducted. Then, the emission curves for each technology in the fleet were calculated. The assessment of the EC emission curves was carried out with the following formulation (Equation (1)) [37]:


    EC  e   v  =    α e  ·  v 2  +  β e  · v +  γ e  +  δ e  ·  v  − 1      ε e  ·  v 2  +  ζ e  · v +  η e    ·   1 −  r e    ,      V    e , min   ≤ v ≤  V  e , max    



(1)




where:




	
 e : specific technology, consisting of fuel, vehicle size, EURO standard;



	
 v : speed     km / h    ;



	
    EC  e   v   : energy consumption for specific technology  e  at speed  v        MJ   veh · km      ;



	
   α e  ,  β e  ,  γ e  ,  δ e  ,  ε e  ,  ζ e  ,  η e   : CORINAIR emission factor of technology  e ;



	
   r e   : CORINAIR reduction factor of technology  e ;



	
   V  e , min   ,  V  e , max    : lower and upper bound of speed in     EC  e   v    function definition     km / h   .  








Then, for the estimation of the total EC of the entire fleet, an average of the EC for every technology weighted for the number of vehicles with the specific technology was made, according to Equation (2):


  EC  v  =  1 P    ∑   e ∈ E    n e  ·   EC  e   v    ,      V    min   ≤ v ≤  V  max    



(2)




where values of Vmin and Vmax were estimated according to Equation (3), reported below:


   V  max   = min      V  e , max   :  e    ϵ    E      ,      V    min   = max      V  e , min   :  e    ϵ    E       



(3)




where:




	
   V  min   ,  V  max    : lower and upper bound of speed in   EC  v    function definition       km / h    ;



	
 E : set of vehicle technologies defined by CORINAIR methodology;



	
   n e   : number of vehicles in the fleet with technology e     veh    ;



	
  P =   ∑   e ∈ E    n e   : total number of vehicles in the fleet     veh    ;



	
  EC  v   : energy consumption of vehicle fleet       MJ   veh · km      .








The methodology shown was applied in the main urban freeway of the city of Rome in Italy, as described in the following section.




3. Case Study


3.1. Delimitation of the Study Area


The object of the study was a part of the south-east quadrant of the GRA in the city of Rome. The GRA is an urban ring-shaped freeway surrounding the Italian capital, characterized by three lanes for each direction of travel [40].



The area of the south-east quadrant under study (Figure 4) runs for 10 km, from junction 24 of Via Ardeatina, to branch A1 of Roma Sud and vice versa, crossing three municipalities.



Due to its proximity to the main generation and attractions poles of the city of Rome, the South-East quadrant is travelled by high traffic volumes and is often affected by congestion, especially during peak hours.




3.2. Scenario Definition and Assumptions


Five scenarios with different degrees of penetration of CAVs were analysed. Therefore, the vehicle fleet in different scenarios was assumed to be composed as follows:




	
Scenario 1: 100% traditionally driven vehicles;



	
Scenario 2: 75% traditionally driven vehicles and 25% CAVs;



	
Scenario 3: 50% traditionally driven vehicles and 50% CAVs;



	
Scenario 4: 25% traditionally driven vehicles and 75% CAVs;



	
Scenario 5: 100% CAVs.








The scenarios were simulated, considering the following assumptions:



Assumption 1.

In order to avoid introducing complexities into the model that lie outside the scope of this study, all CAVs were considered fully automated (having the level 5 of automation).





Assumption 2.

For the estimation of pollutant emissions, both human-driven and self-driving vehicles in the network were assumed to be powered in the same way as the current Roman vehicle fleet (mainly conventional). Coupling CAV technology with alternative types of powering would produce more environmental benefits. However, the basic idea of the study was to have a fleet which was as similar as possible, so that the effects due to the exclusive change in driving style introduced by CAVs could be compared.





Assumption 3.

The traffic stream was assumed to be composed of only cars and light vehicles, whose presence within the fleet constituted a small percentage, and which were converted into the equivalent vehicles.





The assessment of the mean speeds and the EC of vehicles involved three different links of the GRA:




	
The first link, identified as link 28, connecting the exit junctions of Via Ardeatina and Via Appia, is characterized by values of density that hover around 65 veh/km in different scenarios;



	
The second link, identified as link 71, runs from the exit junction of Morena to the exit junction of Anagnina. Densities are lower than those of link 28;



	
The last link connects Via Tuscolana with the highway A1. It is identified as link 49, and shows a situation of congestion, with much higher densities than the other two links.








In the following sections, the outcomes of the study will be shown and discussed.




3.3. Model Calibration


For the assessment of the general performance of the system (capacity and delays) and of the traffic stream’s mean speed, a simulation approach was used.



Scenario 1, with a total traditional-composed fleet (0% CAVs) was considered the baseline scenario, and it was calibrated with data from detectors located in different sections of the road segment. For verifying the results of the calibration, different statistical indicators were used, according to the Traffic Modelling Guidelines [41]. The document suggests a procedure for building, calibrating and validating a microsimulation model, and one of its sections is entirely dedicated to Vissim models.



The GEH (assessed as in Equation (4)), indicator was used for calibrating volumes:


   GEH    =     2     m − c    2    m + c      



(4)




where:




	
m are the simulated traffic volumes [veh/h];



	
c are traffic volumes from detectors [veh/h].








Calibration can stop if GEH ≤ 5 for 85% of the sample values. When this condition was not satisfied, the OD matrix was subjected to corrections.



For calibrating speeds, two different statistical indicators were used. The “root-mean-square percentage error” (RMSPE) and the “mean absolute normalized error” (MANE) are commonly used for measuring the discrepancy between simulated and observed values. The first one is estimated as shown in Equation (5):


   RMSPE    =    1 N    ∑   n = 1  N         x n  sim   −  x n  obs      x n  obs        2     



(5)







On the other hand, MANE can be evaluated with Equation (6):


   MANE    =  1 N    ∑   n = 1  N       x n  sim   −  x n  obs        x n  obs      



(6)







In both the formulas, terms are defined as follows:




	
   x n  sim     is the n-th simulated speed [km/h];



	
   x n  obs     is the n-th observed speed [km/h];



	
 N  is the number of values considered in the sample.








When the values of RMSPE and MANE are equal to zero, simulated and observed values overlap. This means that the closer to zero they are, the more the model reproduces reality. If these indicators were too high, the driving parameters inside Vissim were adjusted.



The calibration process was carried out considering four different sections (two for the internal and two for the external carriageway) of the road segment, where data were available, due to the presence of detectors. The simulated time interval lasted three hours and corresponded to the morning peak hour of an average weekday. The calibration results are shown in Table 3 and Table 4.



As shown in Table 3, GEH shows values of less than 5 in all the rows. The condition for ending the calibration process for traffic volumes can be considered satisfied.



The average error between the simulated and observed flows was 12.7%. and only in one case should be considered high, with a value of 18.6%. Therefore, the model for the baseline scenario (Scenario 1) is considered to be calibrated.




3.4. Changes in Parameters for Human-Driven and CAVs


In Scenarios 2, 3, 4 and 5, different numbers of CAVs in the moving fleet need to be considered. Vissim allows modelers to change driving behaviour parameters, in order to choose the combination that best fits the needs of the analysis. In Table 5, three different values of parameters are listed. The second column reports the default Vissim values, while in the third column the values obtained after the calibration process can be found. The last part of the table shows how the default parameters were changed for the “all-knowing” condition, in accordance with the CoExist guidelines [36]. All parameters are described in detail in [42].




3.5. Evaluation of the Energy Consumption Curve


With reference to the fleet circulating in the city of Rome and road and traffic conditions on the GRA, the total EC was assessed for each speed, in steps of 10 km/h. Then, a fifth-degree polynomial regression was applied, until a high level of R2 (R2 = 0.9996) was reached.



The curve EC vs. speed takes the following formulation (Equation (7)):


EC(v) = α∙v5 + β∙v4 + γ∙v3 + δ∙v2 + ε∙v + ζ



(7)







The values of the coefficients a, b, c, d, f and g are listed in Table 6.



Where EC is the energy consumption in MJ/km/veh, and v is the mean speed of the traffic stream, in km/h. In fact, speed is the variable that mainly affects the consumption of fuel, and the energy consumption is assumed to be dependent only on speed. The trend of the curve EC–speed is reported in Figure 5.



According to Figure 5, the curve is at a minimum around the value of 75 km/h. Therefore, the energy consumption decreases until the speed reaches the value of 75 km/h and then rises again as the speed increases.





4. Results


The first part of this section concerns the outputs of the microsimulation, while the second part is devoted to understanding how energy consumption occurs in accordance with the variations in the vehicular fleet.



4.1. Assessments of Road Performances


The simulation was run with PTV VissimTM for the morning peak hour (6:00–9:00 a.m.) of an average weekday. Performances of the GRA were analysed in terms of mean speed, road capacity, and travel time savings.



4.1.1. Mean Speed of Traffic Stream


Speeds for each one of the three links resulting from the simulation are listed in the following Table 7.



As Table 7 exhibits, for each condition of congestion on the link, the values of speed tend to grow when the presence of CAVs within the vehicular fleet increases. This is probably due to the fact that the advanced system of technologies, with which autonomous vehicles are equipped, makes these cars independent of human driving, allowing them to reach higher and more homogeneous speeds. Therefore, the traffic stream becomes more “fluid”. Only link 28, in the second column of Table 7, shows a different trend, as the speed decreases even if the number of CAVs increases, up to 25%. This anomaly can probably be caused by the values of the densities and of the speeds, which cause an increased disturbance in the case of the introduction of a different component into the vehicular fleet.




4.1.2. Variations in Road Capacity


The simulations provided different values of road capacity, in accordance with the variations in the number of CAVs in the fleet. In Figure 6, the values for road capacity are shown. As the figure exhibits, road capacity progressively grows with the increase in the number of CAVs within the fleet. As already mentioned in the previous paragraph, CAVs have a tendency to travel at the same speed (typically equal to the limits imposed by the road code) and the fluidification of traffic enables the road to reach higher values of capacity. The phenomenon of platooning has to be considered, as the reduction in spacing and headway between two consecutive vehicles allows for an increment in the number of vehicles that cross a road segment in a specific time interval.




4.1.3. Variations in Travel Times


The other output derived from the microsimulation of the GRA quadrant is composed of travel times for the road which is the subject of study. The south-bound direction values are reported in Figure 7.



Travel times exhibit a clear decrease when the number of CAVs grows within the fleet. The reason for this trend can be found in the fluidification of traffic induced by the diffusion of connected and autonomous vehicles.





4.2. Assessment of Energy Consumption


The assessment of energy consumption was carried out individually for each link listed before. The idea was to study the trend of the EC, not only with the change of the vehicular fleet, but also in different conditions of mixed traffic (with congested and non-congested links).



The estimation of EC for a single vehicle, calculated with Equation (7), was multiplied by the number of vehicles in every single link. This last information is given by the software, in terms of traffic volumes. In this way, the total energy consumption for each link is obtained. In Figure 8, results are shown.



According to the speeds listed in Table 7 and to the curve reported in Figure 5, link 28 (Ardeatina–Appia) and link 71 (Morena–Anagnina), which are part of the non-congested sections of the GRA, exhibit slightly lower values of fuel consumption when speeds fluctuate around the value of 80 km/h, near the EC curve’s minimum. Both the links show a drastic rise in the values corresponding to a fleet composed of 100% automated vehicles, when speeds reach the highest values. A slight difference can be observed on the last link, identified by the number 49 (Tuscolana—A1), which, at the start of the simulation time, was already congested. The decrease in the EC indicator is registered until the penetration of CAVs reaches 75% of the total fleet, and when the consumption increases again its value for the highest speed is slightly lower than in the first two scenarios (0% and 25% CAV).





5. Discussion


The results of this study confirm the positive effects of fully-automated CAVs on traffic fluidification, which can be seen in each scenario. With a low penetration degree of CAVs (equal to 25% of the total fleet), an initial benefit can be appreciated, which continues to increase when the number of CAVs reaches half of the total fleet; this is where the interferences between the two driving styles are reduced, and the CAVs begin to be affected by the platooning phenomena. In scenarios with higher levels of CAV penetration, improvements in performances become more evident, especially for the 100% CAV scenario, where speeds increase by 25% and 43% (for links 28 and 71, respectively), in normal motorway flow conditions, and by 154% in congested situations (link 49).



As regards performance in terms of road capacity, the latter shows a linear trend with an increasing number of connected and autonomous vehicles in the fleet. This is probably due to the reduced CAV reaction time, which allows for a reduced headway between vehicles, increasing road density and the capacity of the whole system.



Concerning environmental performances, results are not so encouraging. In fact, for non-congested links, increments in speeds greater than 25% produce higher consumptions in terms of energy. According to the COPERT model, optimal speeds for reducing energy consumption should be in the range of 70 to 90 km/h, while lower or higher speeds lead to higher values of EC. On the contrary, when the link shows an initial situation of congestion, a CAV penetration greater than 50% leads to a drastic reduction in terms of energy consumption, but this effect disappears in an all-CAV scenario, and mean speeds exceed 110 km/h.



An indirect effect that was impossible to assess in the study, but that emerged from the findings, is the possibility of an increasing willingness to use cars instead of public transport because of the benefits of CAVs on traffic fluidification. Moreover, the potential urban sprawl due to the users’ willingness to travel longer distances, caused by the comfort of travel that CAVs offer, could add further consumption.




6. Conclusions


This study highlights how the diffusion of fully-automated CAVs can produce both positive and negative effects, depending on the degree of congestion. This confirms that the analyses that can be found in literature are still debatable. The fact that CAVs help to improve the environmental sustainability of private transport in cases of dense traffic is straightforward, but the results show that the effects can vary for less-congested situations, overturning the initial expectations.



The outcomes of the analysis highlight how the deployment of CAVs can improve the general and environmental performances of private transport, due to their connection and cooperation capabilities, reducing congestion and, consequently, GHG emissions. This effect can be appreciated in mixed-traffic situations for a number of CAVs equal to or greater than 50%. However, for low-congested situations, such environmental benefits are not to be taken for granted. In fact, as the results show, increases in speed are registered and energy consumption tends to grow. Other consumptions due to the possible increment in travel demand or in distance travelled should be added. However, even in congested situations, when the congestion is relieved, the negative effect due to higher speed occurs again.



In the future, it is hoped that the potential of CAVs will be exploited in order to implement new policies based on achieving an optimal system. Establishing a regulatory framework that can take into account both the positive and negative effects of CAVs is essential for policy makers, with the aim of achieving a balance between the performance indicators (e.g., traffic flow or travel times) and environmental indicators (e.g., EC, GHG and other pollutant emissions). This optimal system should be aimed at maximizing the whole sustainability of the transportation system, involving environmental, social, and economic factors. A possible strategy suggested by the results could be to reduce the speed limit by finding the right trade-off between network performance and power consumption, a study that would warrant careful evaluation.



The limitations of this study can be summarized in the following points:




	
COPERT methodology, although used everywhere in Europe, as validated by the European Union, does not take into account the reduction of speed variability when CAVs are present. In fact, the COPERT model was calibrated with typical human driving styles, with a highly variable speed between each driving cycle. This variability is assumed to be significantly reduced with the spread of CAVs, so the need for calibrating a new model with these new driving cycles becomes evident;



	
Future Scenarios will be characterized by new vehicular fleets with new technological equipment and, probably, new vehicle design, but these aspects cannot be considered beforehand. For these reasons, the analysis was conducted with only one vehicle composition.








These limitations and conclusions suggest perspectives on future developments in this work:




	
Assess the environmental impact more accurately by considering the variation in speed within the flow;



	
Adapt the methodology so that it is independent of the engine technology used;



	
Simulate and evaluate different policies to balance performance with sustainability.








In conclusion, it is possible to state that CAVs should be seen as an opportunity to improve the environmental sustainability of the system, but a prudent management of the network based on an optimal system is needed, in order to create new policies capable of maximizing the whole sustainability of a transport system where CAVs are intended to be widely diffused.
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Figure 1. Methodology representation. 
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Figure 2. Typical Acceleration Distributions (Maximum Acceleration) to set in VissimTM: (a) Typical Acceleration Distribution for human-driven vehicles; (b) Typical Acceleration Distribution for CAVs. In the figures, on the x-axis is the speed and on the y-axis is the acceleration. Green circles represent the minimum and the maximum value of the acceleration corresponding to each value of speed, while red circles are the mean value of the acceleration corresponding to each speed. At a certain value of speed, the user can take an acceleration in the range of values between the maximum and the minimum (upper and lower green circle). 
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Figure 3. Typical Speed Distributions to set in VissimTM: (a) Typical Speed Distribution for human-driven vehicles; (b) Typical Speed Distribution for CAVs. Red circles in the left figure represent the share of users that would travel with a specific speed within the range represented. 
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Figure 4. Location of the case study. 
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Figure 5. Variation of Energy Consumption as the speed increases. 
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Figure 6. Values of road capacity per lane when the degree of penetration of CAVs increases [40]. 
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Figure 7. Travel time variation with the increase in penetration of CAVs [40]. 
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Figure 8. Total Energy Consumption of vehicle moving in Link 28, Link 71 and Link 49. 
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Table 1. Description of the automation degrees classes.
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	Level
	Type of Automation
	Automated Functions
	Description





	Level 0
	No automation
	None
	Human driver fully controls the vehicle.



	Level 1
	Driver assistance
	One function
	Assistance is provided for steering or acceleration. Human driver performs all the other activities.



	Level 2
	Partial automation
	Two functions
	Assistance is provided for steering and acceleration. Human driver performs all the other functions.



	Level 3
	Conditional automation
	All
	The system performs all the driving functions. Human awareness is required.



	Level 4
	High automation
	All
	The system performs all the functions. Human presence is unnecessary. It is applicable under limited, specific conditions.



	Level 5
	Full automation
	All
	Functions are equal to Level 4, but applicable in all driving conditions.
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Table 2. Description of all existing connectivity types.
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	Name
	Type of Connectivity
	Description





	V2V
	Vehicle-to-Vehicle
	Exchange of information between two or more different vehicles.



	V2I
	Vehicle-to-Infrastructure
	Information is exchanged between vehicles and the infrastructure system.



	V2P
	Vehicle-to-Pedestrian
	Specific technologies detect pedestrians’ presence.



	V2N
	Vehicle-to-Network
	Vehicles become a “device” connected to all parts of the network and to cloud services.
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Table 3. Calibration of traffic volumes.
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Detector

	
Time Interval

	
Observed Volume

[veh/h]

	
Simulated Volume

[veh/h]

	
GEH






	
Detector 1:

External Carriageway

	
06:00–07:00 a.m.

	
4568

	
4561

	
0.1




	
07:00–08:00 a.m.

	
4866

	
5016

	
2.1




	
08:00–09:00 a.m.

	
4435

	
4445

	
0.2




	
Detector 1:

Internal Carriageway

	
06:00–07:00 a.m.

	
2813

	
2666

	
2.8




	
07:00–08:00 a.m.

	
4418

	
4168

	
3.8




	
08:00–09:00 a.m.

	
4336

	
4049

	
4.4




	
Detector 2:

External Carriageway

	
06:00–07:00 a.m.

	
4832

	
4682

	
2.2




	
07:00–08:00 a.m.

	
3542

	
3674

	
2.2




	
08:00–09:00 a.m.

	
3278

	
3293

	
0.3




	
Detector 3:

Internal Carriageway

	
06:00–07:00 a.m.

	
2630

	
2612

	
0.4




	
07:00–08:00 a.m.

	
4037

	
3965

	
1.1




	
08:00–09:00 a.m.

	
4121

	
4209

	
1.4
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Table 4. Calibration of speeds.
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Detector

	
Time Interval

	
Observed Speed

[km/h]

	
Simulated Speed

[km/h]

	
RMSPE

	
MAPE






	
Detector 1:

External Carriageway

	
06:00–07:00 a.m.

	
85.90

	
86.07

	
0.134

	
0.104




	
07:00–08:00 a.m.

	
79.60

	
62.96




	
08:00–09:00 a.m.

	
79.90

	
87.77




	
Detector 1:

Internal Carriageway

	
06:00–07:00 a.m.

	
100.60

	
98.07

	
0.090

	
0.072




	
07:00–08:00 a.m.

	
90.70

	
94.70




	
08:00–09:00 a.m.

	
82.80

	
95.00




	
Detector 2:

External Carriageway

	
06:00–07:00 a.m.

	
66.50

	
54.85

	
0.186

	
0.185




	
07:00–08:00 a.m.

	
43.80

	
36.17




	
08:00–09:00 a.m.

	
43.30

	
34.40




	
Detector 3:

Internal Carriageway

	
06:00–07:00 a.m.

	
99.00

	
99.24

	
0.098

	
0.070




	
07:00–08:00 a.m.

	
88.80

	
92.59




	
08:00–09:00 a.m.

	
77.80

	
90.54
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Table 5. Driving behaviour parameters for human-driven vehicles and CAVs.
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	Parameter
	Default Values
	Values for Human-Driven Vehicles
	Values for CAVs

(“All-Knowing”)





	CC0
	1.50 m
	1.50 m
	1.00 m



	CC1
	0.9 s
	1.2 s
	0.8 s



	CC2
	4.00 m
	4.00 m
	0.00 m



	CC3
	−8.00
	−10.00
	−7.50



	CC4
	−0.35
	−0.35
	−0.10



	CC5
	0.35
	0.35
	0.10



	CC6
	11.44
	8.00
	0.00



	CC7
	0.25 m/s2
	0.25 m/s2
	0.10 m/s2



	CC8
	3.50 m/s2
	3.50 m/s2
	4.00 m/s2



	CC9
	1.50 m/s2
	1.50 m/s2
	2.00 m/s2



	Maximum deceleration

(own)
	−4.00 m/s2
	−4.00 m/s2
	−4.00 m/s2



	Maximum deceleration

(trailing)
	−3.00 m/s2
	−3.50 m/s2
	−4.70 m/s2



	−1 m/s2 per distance

(own)
	200.00 m
	200.00 m
	200.00 m



	−1 m/s2 per distance

(trailing)
	200.00 m
	200.00 m
	200.00 m



	Accepted deceleration

(own)
	−1.00 m/s2
	−1.50 m/s2
	−1.50 m/s2



	Accepted deceleration

(trailing)
	−0.50 m/s2
	−1.00 m/s2
	−1.50 m/s2



	Min. clearance (front/rear)
	0.50 m
	0.40 m
	0.40 m



	Safety distance

Reduction factor
	0.60
	0.4
	0.3



	Maximum deceleration for cooperative braking
	−3.00 m/s2
	−5.00 m/s2
	−8.00 m/s2



	Cooperative lane change
	off
	on
	on
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Table 6. Values of the coefficients used in Equation (7).
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	Coefficients
	Values
	Coefficients
	Values





	α
	−4.7647 × 10−10
	δ
	3.7223 × 10−3



	β
	2.2252 × 10−7
	ε
	−0.17665



	γ
	−4.0316 × 10−5
	ζ
	5.3485
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Table 7. Speeds for the analysed links, for different numbers of CAVs in the fleet.
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	Link ID
	0% CAV
	25% CAV
	50% CAV
	75% CAV
	100% CAV





	Link 28
	82 km/h
	79.6 km/h
	83.9 km/h
	88.3 km/h
	103.5 km/h



	Link 71
	79.5 km/h
	91.5 km/h
	95.3 km/h
	97.3 km/h
	113.4 km/h



	Link 49
	43.9 km/h
	49.2 km/h
	83.8 km/h
	94.6 km/h
	111.6 km/h
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