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A B S T R A C T   

Electric Vehicles (EVs) are key contributors to the reduction of CO2 emissions. However, reliance on EVs must 
come with the guarantee that the integrated road-power infrastructure is capable of providing adequate mobility 
serviceability, even in case of disruption due to accidents or disturbances due to traffic jams. In this paper, we 
propose a probabilistic scenario analysis framework to quantify service losses in terms of delays that vehicles 
(both EVs and Internal Combustion Vehicles (ICVs)) may incur due to different car accident scenarios. The 
framework is based on modelling the System of Systems (SoS) comprised by road network, electric power system 
and vehicles, with graph theory and Finite State Machines (FSMs), respectively, and then embedding the model 
within a probabilistic scenario analysis, wherein meaningful disruption scenarios are sampled, service losses are 
measured (specifically as the ratio between the increase in travel time spent along the origin-destination routes 
on the road network following a disruption, and the corresponding travel time in nominal traffic conditions), and 
the economic losses and transport reliability of the infrastructure are assessed. To exemplify the application of 
the framework, we consider a benchmark road-power infrastructure in New York state travelled by a mixed fleet 
of EVs and ICVs, with different EVs penetration levels and under car accidental scenarios of different magnitudes. 
By using the insightful graphical representation of the results in terms of traffic volume across different road 
sections, the framework allows comparing alternative road-power infrastructure designs (e.g., critical roads, 
optimal gas and charging station locations, power network structure and topology, …) with respect to travel 
times, economic service losses and transport reliability considering different nominal and disruption scenarios 
under different EVs penetration levels service.   

1. Introduction 

THE transportation network is considered one of the most crucial 
lifelines of modern society. To deal with the reduction of CO2 emissions, 
and supported by fast technological development, transportation 
network is exposed to the uncertain and unknown effects of the 
increasing penetration by Electric Vehicles (EVs), that makes it strongly 
dependant on power distribution systems. This calls for a System of 
Systems (SoS) concept to study the attributes and performance [1–7] for 
the integrated road-power network [2–9]. In relation to the reliability 
performance of the integrated road-power network, the concern is that 
disruptions and disturbances on the transportation network may affect 
the power distribution system, and vice versa, causing travel time in-
creases and service losses [10]. To analyse these problems, the concept 
of travel time reliability has been defined [11], as the probability that 

travel time between a pair of Origin-Destination (O-D) nodes is less than 
a threshold value, which defines the condition of no delay [10]. Also, 
any occurring delay can be mapped into a cost to compute the economic 
losses due to the disruption [12]. 

Up to now, studies have been focusing on the assessment of the 
reliability and service losses i.e., the serviceability of conventional road 
networks (that is, not integrated with power networks in a SoS 
perspective) and mainly from a topological (i.e., network connectivity) 
perspective: the economic impact of service losses for integrated road- 
power networks has not been studied in depth, whereas it is needed to 
design, build and operate the reliable infrastructures of tomorrow. The 
challenge is even more relevant when we consider a hybrid fleet of EVs 
and ICVs running on an integrated road-power network originally 
designed solely for ICVs. Indeed, the current integrated road-power in-
frastructures require a limited amount of electricity to be supplied, 
mainly devoted to auxiliary services such as street lighting [13], 
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whereas with the increasing penetration of EVs, power networks are 
challenged, particularly because EVs charging loads vary over time and 
spatially due to the EVs mobility and relatively long charging time [14]: 
this leads to changing from the typical constant (in time and in space) 
power load profile to a dynamic, distributed load profile. In this sce-
nario, the concern is that widespread use of EVs can expose the current 
road-power infrastructure to disruptive events (with consequent service 
losses), if instances such as congestion of charging stations and of 
transmission lines are not properly considered and dealt with [15,16]. 

Considering the aforementioned concerns, the research gaps 
addressed in this work are filled by developing:  

• a SoS approach to assess the mutual effects of events occurring on the 
road network and power grid,  

• a framework that accounts for the evaluation of dynamic distributed 
power profiles,  

• a stochastic approach for the evaluation of road-power network 
disruption scenarios,  

• a metric to measure the economic losses and transport reliability of 
integrated road-power networks, in presence of hybrid fleet of EVs 
and ICVs. 

To do this, we propose a novel probabilistic scenario analysis 

Notation 

G Road network graph 
C Matrix of the capacity of the edges of G 
V Set of nodes of G 
i Node index of G 
j Node index of G 
H Total number of nodes of G 
A Adjacency matrix of G 
ai,j Number of lanes connecting edge i, j 
ci,j Maximum number of vehicles which can drive along the 

edge i, j 
ε Matrix of edges of G 
εi,j Edge length connecting the i th and the j-th nodes of G 
R Total number of roads of G 
μ FSM model 
S Set of states of μ 
Sm m-th state of μ 
M Total number of states of μ 
f Transition function of μ 
θ Set of context parameters of ƒ 
θl l-th context parameter of ƒ 
L Total number of context parameters of ƒ 
EVr r-th EV 
NEVs Total number of EVs 
ICVp p-th ICV 
NICVs Total number of ICVs 
t Time 
T Time interval 

Number of vehicles in the edge i, j of road section at time t 
NCSx (t) Number of vehicles at the charging station CSx at time t 
NGSξ (t) Number of vehicles at the gas station GSξ at time t 

CHx(t) Power demand of charging station x at time t 
chr(t) Power demand of EVr at time t 
Etot Power demand of the integrated road-power infrastructure 
SoCr(t) SoC of EVr at time t 
SoCcritical Critical SoC for an EV 
FLp(t) FL of ICVp at time t 
FLcritical Critical FL for an ICV 
FLcritical− c Critical FL for a commercial ICV 
Pd Driving power of EVs 
Pq Queuing for traffic power of EVs 
P Charging power of EVs 
Fdr

p Driving fuel consumption rate for ICVp 

Fid
p Idling fuel consumption rate for ICVp 

Br Battery capacity of EVr 
Tankp Tank capacity of non-commercial ICVs 
Tankp− c Tank capacity of commercial ICVs 
tr,in Entrance time of EVr 

tp,in Entrance time of ICVp 

tch
r Charging time 

TrEVr Travel time of EVr 
TrICVp Travel time of ICVp 

U Constant speed 
qv Refilling rate of non-commercial ICVs 
qv− c Refilling rate of commercial ICVs 
α EV penetration level 
φ Turning parameter 
Q Power network graph 
Я Set of road sections 
R R-th road section 
CS Set of charging stations 
CSx Charging station fed by the x-th bus 
GS Set of gas stations 
GSξ ξ-th gas station 
ƹ Total number of gas stations 
W Set of buses of Q 
wx x-th bus 
X Total number of buses of Q 
Z Set of branches of Q 
Γ Constant value for economic service losses 
λ Economic service loss threshold 
ρ Severity of car accident on the road-power infrastructure 
SLEVr or ICVp (ρ) Services losses of EVr or ICVp 

ESLEVr or ICVp (Γ,ρ) Economic service losses of EVr or ICVp 

Acronyms 
AADT Annual Average Daily Traffic 
CTM Cell Transmission Model 
DFDM Deterministic Fluid Dynamic Model 
DTA Dynamic Traffic Assignment 
ELR Energy Loss Rate 
EV Electric Vehicle 
FL Fuel Level 
FSM Finite State Machine 
HTAF Hourly Temporal Allocation Factor 
HTD Hourly Traffic Demand 
ICV Internal Combustion Vehicle 
LoC Level of Congestion 
LP Linear Program 
NVD Nodal Voltage Deviation 
O Origin 
D Destination 
O-D Origin-Destination 
PDS Power Distribution System 
SoC State of Charge 
STM Spatial-Temporal Model 
SUEM Static User Equilibrium Model 
TR Transport Reliability 
UTAM Unconstrained Traffic Assignment Model  
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framework that is based on an integrated model that accounts for the 
interconnections and interactions within the road-power SoS [17–19], 
and is used to quantify a set of performance metrics [20] under nominal 
condition and disruption scenarios [21,22]. 

The SoS model consists of a set of dynamically interacting models, 
namely, those of the road and electric power networks, and the vehicles 
fleet. We use graph theory to model the topological structure of the road 
network [23–25]. The electric power network topology is also modelled 
using graph theory and its response evaluated with a single-phase AC 
power flow, a widely accepted high-quality approximation of the 
steady-state behaviour of a real-world power flow [26,16]. Vehicles fleet 
motion is modelled by Finite State Machines (FSMs), a promising 
approach amongst the so called single-vehicle models [27,24] that are 
aimed to modelling each vehicle separately, and, then, the interactions 
with the other vehicles. Despite the larger computational cost, 
single-vehicle methods are more effective in capturing changes in traffic 
volume during accidents, compared to flow-vehicle methods [16]: the 
flow-vehicle methods, average the vehicles motion, somehow over-
looking traffic congestions and travel time delay that may result in extra 
energy consumptions. Moreover, FSM, by capturing the real 
spatial-temporal features of EVs charging demands and the effects that 
traffic congestions may bring beyond the road-power system domain, 
are suitable for the reliability assessment of road-power networks. To 
name few examples of single-vehicles methods, [28] presented an O-D 
model for EV motion and combined it with Monte Carlo simulation for 
estimating the EV charging load within a Spatial-Temporal Model (STM) 
framework; [15] analysed how EVs mobility impacts on the character-
istics of a power network (in terms of Level of Congestion (LoC), Nodal 
Voltage Deviation (NVD) and Energy Loss Rate (ELR)); [29] proposed a 
rectangular coordinate road model for simulating EV motion that, in 
combination with a bidirectional charging control strategy, is used to 
assess the reliability of an integrated transportation-power infrastruc-
ture; [24] utilized FSM to model EV motion on transportation networks 
to optimally schedule the charging of long-range batteries. 

As said, differently from single-vehicle models, flow-vehicle models 
describe vehicles motion based on an “integral” perspective [30,31]. 
These can be classified in Deterministic Fluid Dynamic Models (DFDMs), 
Static User Equilibrium Models (SUEMs) and Cell Transmission Models 
(CTMs). [32] used a DFDM based on the conservation equation of traffic 
flow for assessing charging demand in charging stations; [33] used a 
SUEM for the optimal design of charging station location and capacities; 
[34] proposed an Unconstrained Traffic Assignment Model (UTAM), i.e., 
a SUEM, to simulate realistic traffic flows in transportation networks; 
[35] proposed a SUEM that considers also travellers recharging de-
cisions, and captures the impact of recharging time and anxiety of 
drivers on travel time and route selection; [36] developed a SUEM for 
modelling congested regional transportation networks where recharging 
or battery-swapping stations for EVs are scarce; [37] considered a CTM 
for modelling the interactions between a time-varying urban trans-
portation system and a power distribution system; [16] modelled a 
highway traffic flow by a CTM, to evaluate the spatial-temporal EV 
charging loads in different areas of an electrified transportation system. 

All the above-mentioned research studies have been focused on 
modelling the EVs motion on actual road networks, while not consid-
ering the still massive presence of ICVs that still play a crucial role, 
especially in terms of traffic congestion. To fill this gap, in this paper we 
build FSMs to model both EVs and ICVs which as a single-vehicle 
method is practical to study the interaction of them on a typical trans-
portation network. 

We realistically model the drivers attitudes in selecting alternative 
routes along the O-D travel in case of car accidents and the consequent 
traffic congestions that arise. In doing so, we account for the charging 
and refilling time that, in turn, depends also on the EVs battery capacity 
and ICVs tank capacity, and the charge and fuel consumption rates. 

The developed model is embedded within a probabilistic scenario 
analysis framework to quantify, at SoS level, the service losses, the 

associated economic losses and the overall transport reliability (i.e., the 
serviceability), in relation to the delays that vehicles (both EVs and 
ICVs) incur due to different car accidental scenarios. 

Since the delay in travel time is the triggering event of economic 
service losses, it is here used as an important metric for quantifying the 
reliability and service losses with a probabilistic perspective. A realistic 
case study is considered, concerning the travel of both EVs and ICVs on a 
road network in New York State. Different levels of EVs penetration are 
considered and FSM is shown to provide a powerful modelling frame-
work that can include various characteristics of the SoS dynamics, such 
as drivers attitudes, traffic congestion, and disruptive effects induced by 
traffic incidents on the EVs and ICVs motion [20]. For the performance 
of the integrated road-power infrastructure, with a hybrid fleet of EVs 
and ICVs under different disruption scenarios, in line with [38], we 
quantify the service losses related to delays that the vehicles may incur 
in the different accidental scenarios. For the quantification, we use the 
ratio between the increase in travel time on the O-D routes of the road 
network due to a disruption and the corresponding expected time in 
nominal travel conditions. Then, the economic losses associated to the 
delays are evaluated in line with [12] and finally, the Transport Reli-
ability (TR) is estimated [10]. 

The remainder of the paper is as follows: Section 2 provides a 
description of the modelling approaches adopted for the integrated 
road-power infrastructure, the EVs and ICVs, and the quantification of 
the service losses and TR; Section 3 presents the application of the 
proposed modelling framework to the selected case study; Section 4 
shows the results, and in Section 5 some conclusions are drawn. 

2. Methodology 

In this Section, we describe the framework for modelling the SoS 
comprised by road network, electric power system and vehicles. Graph 
theory and FSMs are used, respectively, and probabilistic scenario 
analysis is performed by sampling meaningful disruption scenarios, and 
assessing the associated economic losses and overall transport reli-
ability. The overall framework is sketched in Fig. 1. 

2.1. The integrated road-power infrastructure 

The integrated road-power infrastructure is composed by a set of 
interconnected and interdependent subsystems: the road network, the 
vehicles and the electric power system, whose detailed modelling solu-
tions adopted are described in Sections 2.1.1, 2.1.2 and 2.1.5, 
respectively. 

2.1.1. The road network 
The road network is modelled as a connected graph G(V ; ε;A;C)

[24], where V = {1, 2,…, i, …, H} is a non-empty set of H nodes, ε is 
a matrix whose element εij is the edge (road) length connecting the i-th 
and the j-th nodes (i = 1, …, H and j = 1, …, H, with i ∕= j), A is a 
weighted adjacency matrix, whose element aij is the number of lanes 
connecting the i-th and the j-th nodes, and C is the capacity matrix, 
whose element cij is the maximum number of vehicles which can drive 
between the i-th and the j-th nodes at the same time. We consider that 
the road network is composed of a set of R road sections Я = (1, 2, …, R, 
…, R), a set of X charging stations CS = (CS1,CS2,…,CSx,…,CSX) and a 
set of gas stations . 

2.1.2. Finite state machine for modelling vehicle motion 
Vehicles motion is modelled by FSM, assuming that it is a process of 

transition through different states, defined by a set of rules [39,40]. In 
practice, a FSM (an example is sketched in Fig. 2) is a model μ(S, f)
where S is a finite set of M states S={S0, S1, …, Sm, …, SM}, with S0 being 
the initial state (start-up), SM the final state (shut-down) and f(Sm, i, θ )
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a transition rule that depends on the vehicle m-th state Sm, the i-th node 
the vehicle is passing through and the values taken by a set of L context 
parameters θ(θ1, θ2, …, θl, …, θL), such as road traffic congestion, EV 
current State of Charge (SoC), Fuel Level (FL), drivers road selection 
attitude (i.e. φ turning), etc. [27,41,42]. In the Appendix A, the FSM 
developed to model EVs and ICVs are described. In Fig. 3, the resulting 
FSM structure is shown. 

To describe the vehicles flow, at each time t we collect the number of 
EVs and ICVs, , passing through (or stopping at) each node i, edge 
i,j, charging station CSx, and gas station GSξ, along with the following 
information (summarized in Table 1):  

• ID of the p-th ICVp, and the r-th EVr  
• Entrance time of ICVs and EVs into the road-power network, tp,in and 

tr,in, respectively  
• EVs entrance SoC, SoCr(tr,in)
• ICVs entrance FL, FLp(tp,in)
• Drivers charging attitude, chr(t)
• Refilling FL, Tankp or Tankp− c  
• SoC profile, SoCr(t)
• FL profile, FLp(t)
• Travel time for each vehicle, TrEVr , TrICVp . 

This allows collecting trajectories (i.e., time series) of travelled nodes 
and states (S0, S1, S2, S3, S4, S5) for each vehicle EVr and ICVp, traffic 
volume , SoCr(t), FLp(t), NCSx (t) or NGSξ (t), CHx(t) for each edge 
i,j, charging station CSx and gas station GSξ. The availability of such 
multi-dimensional time series is the main benefit of the modelling 
framework proposed with respect to flow-vehicles models that lump all 
this information in integral flow-related measures that lack of details 
with respect to the state of the vehicles running on the road system [20]. 

Fig. 1. The probabilistic framework for the scenario analysis.  

Fig. 2. Sketch of a generic FSM with M States.  

Fig. 3. FSM for an EV or ICV.  

Table 1 
List of available information of the FSM for vehicles.  

EVs ICVs Road-power network 

ID (EVr) ID (ICVp) Traffic volume  

in edge i, j of road R at time t 
Entrance time, tr,in Entrance time, tp,in Number of EVs, in charging 

station CSx at time t, NCSx (t)
Entrance SoC, SoCr(tr,in) Entrance FL, FLp(tp,in) Power demand in charging 

station, CHx(t)
Drivers charging 

attitude, chr(t)
FL profile, FLp(t) Power demand of entire 

system, Etot(t)
SoC profile, SoCr(t) Time series of travelled 

nodes 
Number of ICVs in gas station 
Go at time t, NGo (t), 

Time series of travelled 
nodes 

Time series of states, 
(S0, S1, S2, S3, S4, S5) 

Fuel demand in gas station 

Time series of states, 
(S0, S1, S2, S3, S4, S5) 

Travel time, TrICVp Fuel demand of entire system 

Travel time, TrEVr    
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2.1.3. Modelling travel under nominal conditions 
For nominal conditions, i.e., no car accidents or disruption and 

, daily traffic patterns of the vehicles motion are 
modelled considering the drivers road selection attitude: each vehicle 
EVr or ICVp starts the trip at the Origin (O) with SoCr(tr,in) or FLp(tp,in); 
during the travel, at each time interval T, it consumes Pd or Fdr

p ; when it 
passes by a charging station CSx or gas station GSξ, recharge or refill is 
performed in case the SoCr(t) or FLp(t) equals the critical amount 
SoCcritical or FLcritical or FLcritical− c that would not allow the vehicle to reach 
to the next charging station CSx+1 or gas station GSξ+1, or the vehicle 
travels to the node where an intersection is reached and where, 
depending on the driver turning rate parameter φ (here considered equal 
to 0.5), one of the other roads is selected; the travelling motion cycle 
continues until Destination (D) is reached. 

At the charging station CSx, in case of availability of the charger, an 
EVr is charged depending on the driver charging attitude chr(t); and 
then, EVr leaves the charging station with SoCr(t); otherwise, EVr waits 
for a charger to become available. 

At the gas station GSξ, in case of availability of a fuel pump, an ICVp is 
refilled depending on the Tankp or Tankp− c and, then, it leaves the gas 
station; otherwise, it waits for a fuel pump to become available. 

2.1.4. Modelling disruption scenarios 
Disruption is modelled as traffic congestion that randomly occurs at a 

node of the road network for a duration ρ (hereafter also called severity), 
during which vehicles are temporarily trapped in a “queuing for traffic” 
state: when vehicle EVr or ICVp is stuck in the traffic jam, it consumes Pq 

or Fid
p or Fid

p− c until it can move forward to the following road network 
node; when the vehicle reaches an intersection, for the “next road se-
lection” the rule adopted is that the EVr or ICVp always takes the less 
crowded path, resulting in a shorter or longer path than the path trav-
elled in the nominal conditions scenario. The charging or refilling logic 
is the same adopted for the nominal conditions travel. 

2.1.5. Power flow for modelling the power network 
The power network functioning is modelled by a single-phase AC 

power flow [16] that solves the dispatchment problem for an undirected 
graph Q (W, Z) comprised of a set of buses W={w1,w2…, wx,…, wX}, 
each one feeding a charging station CSx and a set of branches Z. Power 
demand CHx(t) at the x-th charging station CSx at time t, is calculated 
from Eq. (1): 

CHx(t) =
∑

r=k
chr (t) (1)  

where chr(t) is the power demand of the r-th EV being charged at time t, 
and k is the total number of EVs charged in CSx. 

The power demand Etot(t) of the entire system at time t is calculated 
as: 

Etot(t) =
∑X

tot=1
CHx(t) (2)  

2.2. Performance metrics 

2.2.1. Service losses 
Travel time is one of the most important trip characteristics for in-

dividual drivers. It has long been considered as the major influencing 
factor of transportation system performance [10,38]. Here, we use travel 
time to reflect the transportation network service level and estimate 
system services losses. For a specific car accident of severity ρ on the 
road-power infrastructure, Eq. (3) estimates the service losses 
SLEVr or ICVp (ρ) for each EVr or ICVp: 

SLEVr or ICVp (ρ) =
ΔTrEVr or ICVp (ρ)
TrEVr or ICVp (0)

(3)  

where 

ΔTrEVr or ICVp (ρ) = TrEVr or ICVp (ρ) − TrEVr or ICVp (0) (4)  

and TrEVr or ICVp (ρ) and TrEVr or ICVp (0) are the travel times of each EVr or 
ICVp, under disruption and nominal conditions, respectively. 

2.2.2. Economic service losses 
Travel time is related with power or fuel consumption and, therefore, 

power or fuel cost of individual vehicles [43]. Economic service losses 
are, then, dependant on the service losses SLEVror ICVp (ρ), considering 
(without loss of generality) a linear relationship; then, they are, in turn, 
dependant on the travel time. Economic service losses ESLEVr or ICVp (Γ, ρ)
caused by a disruption of severity ρ, for a specific EVr or ICVp are defined 
as in Eq. (5) [12]: 

ESLEVr or ICVp (Γ, ρ) = ΓSLEVr or ICVp (ρ) (5)  

where Γ is a constant value that is representative of the cost that service 
losses impose to the system. 

2.2.3. Transport reliability 
Transport Reliability (TR) provides a useful measure for the service 

performance of the integrated road-power network, and constitutes 
useful information for the travelers (especially EV drivers), regarding 
the effects that route selection and charging timing may have on the 
travel time. TR is traditionally defined as the probability that vehicles 
successfully complete their trips within a desired time interval [9], and 
is here related to the economic service losses, ESLEVr or ICVp (Γ,ρ): then, it 
can be interpreted as the probability that the vehicles ESLEVr or ICVp (Γ, ρ)
are less than a loss threshold (λ), that is representative of the maximum 
acceptable economic service losses, as defined in Eq. (6): 

TR = P
(
ESLEVr or ICVp (Γ, ρ) ≤ λ

)
(6)  

3. Case study 

The case study used in [16] is here adapted to the objective of the 
current study. The transportation network is considered a comprehen-
sive sample of a part of the national highway system of New York State 
(Fig. 4(a)), whose topological structure consists of R = 11 road sections 
(Fig. 4(b)). As described in Section 2.1, the physical network is mapped 
into a homogeneous graph G with H = 224 nodes (Fig. 4(c)) connected 
with edges εij, all of the same length equal to 1.0833 mi. Solid lines 
denote a direct connection between two nodes, whereas dashed lines 
represent that some intermediate nodes are omitted. Vehicles can enter 
the road network either from node 1 or from node 22, and exit either 
from node 203 or from node 224. 

The hourly traffic pattern related to the selected network is extracted 
from the Hourly Traffic Demand (HTD) curve [16] widely used as 
benchmark traffic assignment model [16,20,44,45]: 

HTD(t) = AADT × HTAF(t) (7)  

where AADT is the Annual Average Daily Traffic (NICVs + NEVs) =
225,780 vehicles [16] and HTAF is the Hourly Temporal Allocation 
Factor that accounts for the day of the week and the month of the year 
considered and is shown in Fig. 5 for the roads US11 and NY190, and the 
cumulative value of both [44,45]. 

To assess the effect of the penetration of EVs in the transportation 
network on the service losses and TR of the SoS, different EV penetration 
levels (α) are considered. Table 2 summarizes the modelling parameters 
assumed for the road network. 

When in “driving” state, both ICVs and EVs are modelled to run at a 
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constant speed of U = 65 mph. 
Each EV is characterized by: 

• Battery capacity Br: a random Br following a truncated Normal dis-
tribution ℕ(24,10), in the range min = 10 and max = 90 (kWh) [46, 
47].  

• State of charge SoCr(tr,in): a random SoC uniformly distributed within 
the range of battery capacity Br.  

• SoCcritical: the minimum SoC is insufficient to reach the next charging 
station CSx+1.  

• Power demand chr(t): vehicles charge 80 % of their battery in the 
charging stations in order to recharge fast [46]; therefore, chr(t)
follows a truncated Normal distribution 
ℕ(20,10), in the range min = 10 and max = 90 (kWh), corre-
sponding to Br distribution.  

• Charging time tch
r : we assume a linear relationship between the 

charging time tch
r and the energy stored in the battery chr(t), then, tchr 

can be estimated according to Eq. (8), assuming that the drivers 
charging attitude chr(t) and the charging power P of EVs are known 
[48]: 

tch
r =

chr(t)
P

(8)   

ICVs are categorized in commercial and non-commercial [49], and 
each ICV is characterized by:  

• Tank capacity of non-commercial vehicles Tankp: a random Tankp 
capacity following a truncated Normal distribution ℕ(60,5), in the 
range min = 40 and max = 70 (L) as shown in Fig. 5 [50].  

• Tank capacity of commercial vehicles Tankp− c: a random Tankp− c 
capacity following a truncated normal kernel distribution with two 
picks 350, 950, Bandwidth 50, and in the range min = 70 and max =

1250 (L), as shown in Fig. 7 [51,52,53].  
• Fdr

p : driving fuel consumption rate Fdr
p corresponding to the randomly 

selected tank capacity Tankp in Fig. 6.  
• Fdr

p− c: driving fuel consumption rate Fdr
p− c corresponding to the 

randomly selected tank capacity Tankp− c in Fig. 7.  
• Fid

p : idling fuel consumption rate Fid
p corresponding to the randomly 

selected tank capacity Tankp in Fig. 6.  
• Fid

p− c: idling fuel consumption rate Fid
p− c corresponding to the 

randomly selected tank capacity Tankp− c in Fig. 7.  
• FLp(tp,in): a random FL uniformly distributed within the range of tank 

capacity Tankp or Tankp− c.  
• Refilling time trefill

p : assuming a linear relationship between trefill
p and 

Tankp or Tankp− c, trefill
p can be estimated according to Eq. (9) 

considering the refilling rate of gas pump qv or qv− c: 

Fig. 4. The test road network [16].  

Fig. 5. HTAF of the roads,.  

Table 2 
Parameters of the network.  

Parameters Symbols Values 

Road Number of nodes H 224 
Edge length (mi) εi,j 1.0833 
Maximum number of vehicles per lane in the edge i,j ci,j 200 
Turning parameter φ 0.5 

Travel time interval (min) T 1  

Fig. 6. Tank capacity of non-commercial ICVs.  
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trefill
p =

Tankp

qv
or trefill

p =
Tankp− c

qv− c
(9)   

• FLcritical or FLcritical− c: the minimum FL in ICVp tank that is not suffi-
cient to reach to the next gas station GSξ+1, based on its Fdr

p or Fid
p− c. 

Table 3 List of the parameters assumed to model ICVs and EVs. 
For the power distribution infrastructure, it is assumed that a 

charging station (of unlimited maximum capacity) is located in the 
middle of each road section (X = 11) providing the required power 
demand (Eq. (1)). 

4. Results 

In this Section, without loss of generality, two disruption scenarios 
with severity ρ of 1 hour, a negligible disruption, and 2 hours, a severe 
disruption, are presented for two different road sections, i.e., road 2 
(with two lanes and expected not to be too much exposed to traffic jam) 
and road 3 (with four lanes and more exposed to traffic jam, since all the 

vehicles enter the road network passing through it), and the results 
compared. In Fig. 8., the traffic volumes (vehicles running in the system) 
per lane are plotted on a time span from 08:00 to 16:00 h, for the 
cases of (a) normal conditions (b) ρ=1 hour disruption occurring at time 
9:00 (i.e., rush time) in node 30 of road 2, (c) ρ=2 h disruption occurring 
at time 9:00 in node 30 of road 2, (d) ρ=1 hour disruption occurring at 
time 9:00 (i.e., rush time) in node 50 of road 3 (i.e., the one with the 
higher vehicle capacity and all vehicles pass through), and (e) ρ=2 h 
disruption occurring at time 9:00 in node 50 of road 3. 

It can be seen that nodes 43 to 62 (road 3) are critical, especially 
during rush hours when the reaches values close to ci,j = 200. This 
result would be exacerbated with the increase of α: in Figs. 9 and 10, the 
Probability Density Functions (PDFs) of the vehicles travel time for 
different levels of EVs penetration (α= 0 %, 25 %, 50 %, 75 % and 100 
%) are plotted for incident in node 30 and node 50, respectively, 
showing the travel time increasing with the penetration level, due to the 
relevant contribution of charging and waiting for charging at the 
charging stations; Also, as expected, we can see that the severer the 
disruption ρ, the longer the travel time Tr. Disruption occurring in node 
50, i.e., the critical node, cause more sever effects on the travel time in 
comparison with that occurring in node 30, meaning that the delay due 
to disruption could be relevant for the performance of the road power 
infrastructure. 

The PDFs of the economic service losses due to the disruptions for 
each node can be calculated for different levels of α (Figs. 11 and 12): as 
α increases, the standard deviation of the ESLEVr or ICVp (Γ, ρ) PDF in-
creases, whereas as ρ increases, both mean and standard deviation of the 
ESLEVr or ICVp (Γ, ρ) PDF increase (Figs. 13 and 14). Standard deviation of 
the ESLEVr or ICVp (Γ, ρ) PDF for disruption in node 30 follows almost the 
same pattern for node 50 while the mean of the ESLEVr or ICVp (Γ, ρ) PDF 
for disruption in node 30 is smaller than for node 50. 

In Figs. 11 and 12, we can see that the ESLEVr or ICVp (Γ, ρ) of the 
majority of the vehicles that are not jammed in the traffic is equal to 
zero; the negative values of ESLEVr or ICVp (Γ, ρ) account for those vehicles 
that where jammed in the traffic congestion and have opted for a less 
congested and shorter path to reach the destination; the positive values 
of ESLEVr or ICVp (Γ, ρ) account for those vehicles that were jammed in 
traffic congestion and have opted to change the route into less congested 
but longer paths. Let us assume, without loss of generality, an acceptable 
threshold delay of 15 % of the nominal coverage travel time, λ = 0.15Γ: 
Figs. 15 and 16 for disruption in node 30 and node 50, respectively, 
show the TR for ρ = 1 and ρ = 2; when α increases, TR reduces, i.e., as 
the number of EVs on the road network increases and the number of 
vehicles successfully completing their O-D travel within the desired time 
reduces, due to the EVs waiting for charging and, then, charging. Be-
sides, TR of disruption in node 50 is lower than TR of disruption in node 
30. This should alert the designers of integrated road-power network 
infrastructures where a hybrid fleet of EVs and ICVs is expected to run 
on: such negligible decrease in TR when ρ increases is only possible if 
energy supply by power grid is reliable, even in light of the demand 
increase due to EVs charging stations, the difficult coordination of EVs 
charging, and the challenging minimization of power losses and peak 
loads. 

Beyond the quantitative results above presented, whose validity is 
limited to the case considered, the potential of the framework stands in 
enabling a straightforward comparison of the performance of the inte-
grated road-power infrastructures under different disruption scenarios: 
simulations of disruptions of different duration and severity at specific 
nodes provide insights on how traffic flow is impacted, enabling 
informed decision-making regarding, for example, the optimal place-
ment of gasoline and charging stations, the development of strategies for 
emergency management during disruptions, etc.. Without relying on 
such probabilistic framework of analysis, stakeholders may lack of un-
certainty information to decide with confidence about planning to 

Fig. 7. Tank capacity of commercial ICVs.  

Table 3 
ICVs and EVs parameters.  

Parameters Symbols Values References 

EVs EVs penetration level 
(%) 

α 0, 25, 50, 
75,100  

Driving power of EVs 
(kW) 

Pd 17.38 
[46] 

Queuing for traffic 
power of EVs (kW) 

Pq 6 
[46] 

Charging power of EVs 
(kW) 

P 75 [46] 

Critical SoC in vehicles 
(kWh) 

SoCcritical 7 Minimum SoC to 
reach to the next CS 

ICVs Refilling rate of non- 
commercial ICVs (L/ 
min) 

qv 32 
[50] 

Refilling rate of 
commercial ICVs (L/ 
min) 

qv− c 100 [51,52,53] 

EVs 
and 
ICVs 

Constant speed (mph) U 65 [16]  
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prepare for and respond to disruptions caused by events such as acci-
dents (but also, to external events). Simulations enable simple com-
parisons of alternative solutions by identifying potential issues and 
searching for solutions. 

The insights gained by the framework of analysis to inform decision 
making come with computational complexity that increases with the 
dimension of the integrated road-power infrastructure, the level of detail 
of the FMSs models adopted and the number of parameters therein. 
Table 4 shows the role played by the considered time horizon, disruption 
severity and EVs penetration level α on the computational time (in mi-
nutes): the longer the time horizon, the more the vehicles expected to 
run on the road and, therefore, the larger the number of FSMs simul-
taneously running and the associated computational time; the larger the 
severity, the more the vehicles queuing simultaneously and, thus, the 
larger the number of FSMs simultaneously running; the larger the 
penetration, the longer the computational time, because the EVs FSM is 
more burdensome than the FSM of ICVs. The computational burden is 
likely to increase when attempting to realistically modelling integrated 
road and power infrastructures, traffic flow of EVs and ICVs, power load 
under different scenarios of EVs penetration levels and various disrup-
tion scenarios. 

5. Conclusion 

In this paper, a probabilistic scenario analysis framework has been 
proposed to quantify the service losses related to delays that vehicles, 
both EVs and ICVs may incur due to different car accidental scenarios. 
The framework is based on modelling the SoS, comprised by road 
network, electric power system and vehicles, with graph theory and FSM 
(first research gap). FSM enables to assess the performance of a single 
vehicle, as well as of the integrated fleet of EVs and ICVs travelling on 
the road-power network, taking into account realistic (stochastic) 
characteristics like diversity of the EVs types, drivers charging attitudes 
and drivers road selection attitudes (second research gap). The proposed 
framework is powerful for modelling integrated systems of road and 
power infrastructures, traffic flow of EVs and ICVs, and dynamically 
assessing the distributed power load (third research gap), under 
different scenarios of EVs penetration levels and various disruption 
scenarios. In a realistic case study, two disruption scenarios with 
severity ρ of 1 hour and 2 hours have been considered, and the service 
losses, associated economic losses and transport reliability have been 
assessed. To address the last research gap, the service losses related to 
travel delays have been qualified as the ratio between the increase in 
travel time spent along the O-D routes due to a disruption and the cor-
responding expected time of travel in nominal conditions. The economic 
service losses have been computed as a function of the service losses, and 
thus ultimately associated with travel time. We extended the definition 
of TR as the probability that the economic service losses are less than an 
acceptable loss threshold. Based on the results of the case study, it can be 
concluded that EVs penetration might not affect the economic service 
losses and TR of the integrated road-power SoS, provided that the power 
system for EVs charging can adapt to the demand increase, by power 
coordination of EVs charging time, by control schemes and employing 
optimization methods to achieve systemic objectives like power loss 
minimization, peak load reduction, voltage regulation, distribution 
infrastructure overloading minimization, etc. 

The proposed framework is shown to allow modelling the in-
terconnections and interactions within the integrated road-power SoS, 
made of road network, power grid, EVs and ICVs. This allows enabling 
the identification of potential issues and the development of solutions to 
support EV growth, by quantifying a set of performance metrics under 
nominal conditions and disruption scenarios too. These metrics can help 
stakeholders make informed decisions about EV infrastructure choices 
and policies that can have significant long-term impacts on the envi-
ronment, economy and society, in particular with respect to CO2 
emission reduction. However, as also shown, the framework may result 

Fig. 8. Traffic volume per lane, in each node of the transportation network 
from 8:00 to 16:00 for a) nominal conditions, b) 1 hour disruption (ρ = 1h) in 
node 30, c) 2 hours disruption (ρ = 2h) in node 30, b) 1 hour disruption (ρ =
1h) in node 50, c) 2 hours disruption (ρ = 2h) in node 50. 
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computationally burdensome when complex modelling and simulation 
are adopted with realistic assumptions, that challenge its scalability for 
the analysis of large systems. That said, several promising research di-
rections can be pursued, including:  

• Investigation of advanced simulation methods based on artificial 
intelligence and machine learning approaches to reduce the 
computational burden and, at the same time, increase the realism in 
the modelling assumptions, amongst which we can list:  
○ the dimension of the road and power infrastructure that may reach 

hundreds thousands of road intersections and dispatchment nodes, 
respectively;  

○ the EVs charging attitude and coordination amongst different 
charging stations, which influence the performance of the inte-
grated road-power network in terms of peak load, voltage regula-
tion and power losses; 

○ the actual role of EVs on the reduction of greenhouse gas emis-
sions, improvement of air quality and public wellbeing;  

• Exploring the use of advanced optimization methods to optimally 
design the integrated road-power infrastructure so as to pursue the 
minimization of vehicles travel time and voltage instability under a 
large spectrum of possible disruption scenarios. 

• Conducting a rigorous and structured sensitivity analysis to deter-
mine the impact on the optimization results of different parameters, 

Fig. 9. PDF of vehicles (EVs + ICVs) travel time for an incident in node 30.  

Fig. 10. PDF of vehicles (EVs + ICVs) travel time for an incident in node 50.  
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such as EVs penetration rate, travel demand, and charging infra-
structure capacity, to inform the decision makers on the most sen-
sitive information for decision-making regarding, for example, the 
optimal placement of gas and charging stations, as the development 
of strategies for emergency management during disruptions. 

Fig. 11. PDF of the economic service losses due to the disruptions in node 30.  

Fig. 12. PDF of the economic service losses due to the disruptions in node 50.  

Fig. 13. Standard deviation and mean of the PDF ESLEVr or ICVp (Γ, ρ) for disruptions in node 30.  

Fig. 14. Standard deviation and mean of the PDF ESLEVr or ICVp (Γ, ρ) for disruptions in node 50.  

Fig. 15. Transport Reliability for disruptions in node 30.  

Fig. 16. Transport Reliability for disruptions in node 50.  
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Appendix A 

FSM for Modelling EVs or ICVs 

For modelling EV or ICV motion, a FSM with six states S= {S0, S1, S2, S3, S4, S5} (Fig. 3) is elaborated from the one presented in [20]. Besides the 
initial “start-up” state S0 and “shut-down” state S3, we consider a “driving” state S1 and a “queuing for traffic” state S2, a “charging” or “refilling” state 
S4 and a “queuing for charging” or “queuing for refilling” state S5. In general terms, the generic r-th EV, EVr, or p-th ICV, ICVp, starts the trip with an 
entrance SoC, SoCr(tr,in), or Fuel Level (FL), FLp(tp,in), at its entrance time tr,in or tp,in, and is found at time t in edge i,j (i ∕= j) with state Sm according to 
the transition rule f(Sm, i, θ), which dependents on  

, where  

is the number of vehicles occupying the edge i + 1, j + 1 of road  

at time t, SoCr(t) or FLp(t) is the SoC or FL of EVr or ICVp at time t, and NCSx (t) or NGSξ (t) is the number of the EVs or ICVs which are charging or 
refilling in the x-th or ξ-th charging station CSx or gas station GSξ at time t. In practical words, we model the mobility dynamics such that when a 
generic EVr or ICVp of the pool of NEVs EVs or NICVs ICVs starts a trip, it switches from state S0 to state S1 if the number of vehicles occupying the next 
edge at time t,  

, is smaller than the edge maximum capacity of vehicles ci+1,j+1; whereas it switches from S0 to S2, if  

is equal to ci+1,j+1, i.e., the edge has reached its maximum capacity and cannot accommodate other vehicles. As EVr or ICVp moves forward on edge i,j 
where the charging station CSx or gas station GSξ is located, if SoCr(t) or FLp(t) is at the lowest critical amount, SoCcritical for EVs or FLcritical for 
non-commercial ICVs or SoCcritical for EVs or FLcritical for non − commercial ICVs or FLcritical− c for commercial ICVs, it may switch to state S4 in order to 
recharge or refill, unless the number of EVs charging in CSx, NCSx (t) or number of ICVs refilling in GSξ, NGSξ (t) at time t is equal to the maximum 
capacity of vehicles for that charging station, Cmax

CSx 
or gas station, Cmax

GSξ
: in this case, EVr or ICVp switches to state S5 and later switches to state S4 to 

recharge or refill when NCSx (t) < Cmax
CSx

or NGSξ (t) < Cmax
GSξ

. Bedsides taking into account the diversity of EVs battery type Br, we consider the driver 
charging attitude, chr(t), which describes the fact that each EV driver has a specific preference value of SoC at which to recharge. We also take into 
account the diversity of ICVs size and their tank capacities for non-commercials and commercials, Tankp and Tankp− c, respectively, which means that a 
specific FL (equal to Tankp or Tankp− c) for each ICV is required to be refilled at the gas stations. Upon charging or refilling completion, EVr or ICVp 

switches to state S1 and continues the trip switching amongst its states according to the transition rules f(Sm, i, θ), finally reaching the destination 
node at which time it switches to state S3. In synthesis, the states transition rules for the r-th EV at time t, are formulated as: 

(A.1) 

Table 4 
Computational time.  

Time 
horizon 

Disruption 
severity 

Computational time (min) 

α =
0% 

α =
25% 

α =
50% 

α =
75% 

α =
100% 

00:00 to 
24:00 

ρ=0 126 171 223 292 380 

08:00 to 
16:00 

ρ=0 32 34 40 48 54 
ρ=1 43 46 54 62 69 
ρ=2 58 63 69 76 85  
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Also, for each EVr, the SoC can be evaluated in time as described in Equation (A.2), in dependence of the Sm sequence from start-up state S0 to shut- 
down state S3. 

SoCr(t) =

⎧
⎪⎪⎨

⎪⎪⎩

SoCr(t − T) − Pd.T S = S1
SoCr(t − T) − Pq.T S = S2
SoCr(t − T) + P.T S = S4

SoCr(t − T) S = S5

(A.2)  

where Pd is the power absorbed during driving, Pq is that during queuing for traffic, P is the charging power and T is the travel time interval. 
In conclusion, the state transition rules for the generic p-th ICV at time t, are formulated as follows: 

(A.3)  

For each ICVp, the FL is evaluated as described in Equation (A.4) below, in dependence on the Sm sequence of the ICVp from start-up S0 to shut-down S3: 

FLp(t) =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

FLp(t − T) − Fdr
p or FLp(t − T) − Fdr

p− c S = S1

FLp(t − T) − Fid
p or FLp(t − T) − Fid

p− c S = S2

FLp(t − T) + qv.T or FLp(t − T) + qv− c.T S = S4

FLp(t − T) S = S5

(A.4)  

where Fdr
p and Fdr

p− c are the fuel consumption rates of non-commercial and commercial ICVs during driving, respectively, Fid
p and Fid

p− c are the fuel 
consumption rates for traffic of non-commercial and commercial ICVs during queuing, respectively, qv and qv− c are the refilling rates of non- 
commercial and commercial ICVs, respectively, and T is considered the travel time interval. 
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