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Abstract— Rising electric vehicle (EV) adoption is 
introducing new challenges to the operation and planning of the 
electric grid. Currently power system planners perform analysis 
to ensure adequate levels of reliability following contingencies 
such as loss of a substation. However, existing planning 
standards do not explicitly mandate studies of the redistribution 
of EV charging demand that would take place in the case of 
extreme events. Planning to serve the charging demand from 
EVs during extreme events is paramount to ensure the resiliency 
of the grid. This paper presents a novel framework for power 
system planners to reflect the impact of EV evacuations on grid 
resiliency during wildfire events. The method consists of 
resiliency analysis coupled with probabilistic models of load 
redistribution taking into account potential evacuation routes. 
A case study using the 2019 update to the IEEE 24 bus 
Reliability Test System (RTS) is performed to demonstrate the 
efficacy of the proposed strategy. The framework results in a 
more specific resiliency trapezoid that reflects a more realistic 
resiliency behaviour of the system. 

Keywords—Electric Vehicles, Generation, Natural 
Disasters, Power System Planning, Resilience 

I. INTRODUCTION  

Electric Vehicle (EV) adoption is accelerating with the 
global stock of electric passenger cars exceeding five million 
in 2018; an increase of 63% from the prior year [1]. This 
growth is anticipated to continue with the international energy 
agency forecasting nearly 150 million battery EVs worldwide 
by 2030 [1]. Effective management of EV can provide many 
benefits to the power grid in the form of increased flexibility, 
load shifting, and facilitation of decarbonization [2]. 
However, the rise of EVs has introduced new challenges for 
emergency planning, especially during evacuations due to 
natural disasters such as the recent wildfires in California [3]. 
Wildfires pose a significant risk, and in 2018 the state of 
California alone experienced 8,054 fires burning over 1.8 
million acres [4].  The impact of resiliency planning for events 
such as earthquakes [5] and windstorms [6] has received much 
attention with authors in [6] proposing a resiliency trapezoid 
to reflect the phases a power system experiences during a 
natural disaster. However, the research related to resiliency 
planning with EV charging during natural disasters remains 
limited. One prior study is presented in [7] which highlights 
the complications with EV charging during a hurricane due to 
range limitations and lack of sufficient charging 
infrastructure. While this study provides insight into the need 
for charging infrastructure, it does not address the resiliency 
at the generation level.  

 The IEEE Task Force on the Definition and Quantification 
of Resilience recently defined resilience as [8]: 

“The ability to withstand and reduce the magnitude and/or 
duration of disruptive events, which includes the capability to 

anticipate, absorb, adapt to, and/or rapidly recover from such 
an event”  

 In order to develop a resilient system in the face of 
increasing EV adoption, power system planners and operators 
need to account for adequate power to allow for vehicle 
charging during natural disasters. Unlike other loads, which 
remain geographically fixed, EV are mobile, and serve as a 
means of evacuation during a disaster. This mobile load can 
pose a problem if adequate generation capacity is not available 
to account for the generation, which may be forced offline 
during a fire. Currently, these issues may be limited due to the 
low penetration of EVs, but will grow in likelihood as EV 
demand increases significantly over the next decade. 

 The aim of this research is to enable grid planners and 
operators to better reflect the resiliency of the power system 
including EV charging demand during a wildfire. The 
contributions of this paper are: 1) Mathematical formulation 
to quantify the resiliency based on the total system generation 
during wildfire events; 2) Proposal of a novel model to reflect 
the impact of electric vehicle evacuation on system resilience; 
and 3) Refinement of the resiliency trapezoid presented in [6] 
to reflect wildfire behaviour. The efficacy of the proposed 
framework is demonstrated using the 2019 - IEEE Reliability 
Test System Grid Modernization Laboratory Consortium 
(RTS-GMLC) model. This model incorporates variable 
renewable generation as well as a modern portfolio of 
conventional generation, improving its applicability for real 
power systems.  

 The rest of the paper is structured as follows: Section II 
provides the resiliency framework; Section III describes the 
California case study and associated assumptions used to 
demonstrate the framework, Section IV discusses the results 
and major implications of the analysis, and Section V presents 
concluding remarks.  

II. POWER SYSTEM RESILIENCY FRAMEWORK 

The impacts of wildfires can be geographically 
widespread. Therefore, the effect on the power system differs 
by hierarchy. Many components of the low voltage system 
may experience failure as a direct result of the fire. The 
transmission system components are typically more resilient 
to the effects of wildfires but may still experience outages. 
Finally, the effect on the generation system directly depends 
on the place where the fire occurs. As more generation is 
distributed, such as rooftop solar photovoltaics (PV), the 
exposure of the generation increases. While all three levels are 
important, this paper focuses on wildfire impacts at the 
generation level to assess the significance of increasing 
mobile loads (i.e. EV). Furthermore, transmission capacity 
limits are not considered in the study.  
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Resiliency indices are measures used to quantify the 
vulnerability and performance of the system in the event that 
a wildfire occurs. At the generation level, the critical question 
is: Is the total system generation sufficient to satisfy the 
demand during the emergency? The proposed framework 
answers this question through the calculation of resiliency 
indices. To generate these indices a Markov chain of each 
generator and Monte Carlo simulation are adopted. 

Authors in [6] developed a multi-phase resilience 
trapezoid to characterize the system’s response to an event in 
three phases: I) Disturbance, II) Post-Disturbance degraded 
state, and III) Restorative state. This paper focuses on 
demonstrating the effect of EVs on Phase II.  

A. Reliability Model-Based Markov Chain 

The reliability model of a component is given by its 
availability 𝐴 and unavailability 𝑈 functions. Such functions 
can be obtained in terms of the probability density function of 
failure 𝑓, time to failure 𝜏௙ , probability density function of 
renewal 𝑔, repair time 𝜏௥, time of normal operation 𝑡, and last 
repair time 𝑢. Mathematically, these are formulated as follows 
[9]: 

𝐴(𝑡) = න 𝑓(𝑡)
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 As presented in (1) and (2), the solutions of the reliability 
model involve a complex mathematical process. Moreover, 
the accessibility information to the probability density 
function of failure and renewal are not frequently given by the 
manufacturers. To overcome the lack of this information, an 
alternate way to solve the models presented in (1) and (2) is 
by the employment of the Markov chain. The method consists 
of formulating a space state graph containing the possible 
operational states of each component, which are related 
through transition rate variables. In this paper, the components 
are modelled as an alternating renewable process between the 
normal operation and not in service states that are joined by 
the failure 𝜆 and repair 𝜇 rates, as presented in Fig. 1.  

 The solution of the Markov chain given in Fig. 1 has the 
form [10]:  

𝐴(𝑡) = 𝐶ଵ𝜐ଵଵ𝑒ఞభ௧ + 𝐶ଶ𝜐ଵଶ𝑒ఞమ௧ (3) 
𝑈(𝑡) = 𝐶ଵ𝜐ଶଵ𝑒ఞభ௧ + 𝐶ଶ𝜐ଶଶ𝑒ఞమ௧ (4) 

where 𝜒  and 𝝊  are the eigenvalues and eigenvectors of the 
stochastic matrix of transition states respectively; and 𝐶 is a 
constant given by the initial conditions. The stochastic matrix 
of transition states 𝐇 is an infinitesimal generator chain. Its 
diagonal terms ℎ௜௜  are defined by the negative sum of the 
transitions rates that exit the state 𝑖, while the rest of the terms 
ℎ௜௝  are defined by transition rates from 𝑖  to 𝑗  state [10]. 
Therefore, for the model presented in Fig. 1: 

𝐇 = ൤
−𝜆 𝜆
𝜇 −𝜇

൨ (5) 

 With the formulation given in (5) and knowing that the 
component is initially normally operating (initial 
condition: 𝐴(0) = 1; 𝑈(0) = 0 ), the terms 𝜒 , 𝜐 , and 𝐶 
presented in (3) and (4) are derived. As a result, the 
availability and unavailability functions can be expressed as 
(6) and (7) respectively [9]. 
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Fig. 1 Reliability model-based Markov chain 

B. Resilience Indices Using Monte Carlo Simulation 

The indices considered in this study are the loss of load 
expectation during natural disaster (𝐿𝑂𝐿𝐸𝑁𝐷) given in 
hr/event duration, loss of load probability during the natural 
disaster (𝐿𝑂𝐿𝑃𝑁𝐷) given in per unit, loss of energy 
expectation (𝐿𝑂𝐸𝐸𝑁𝐷)  given in MWh/event-duration, and 
system resiliency during natural disaster (𝑆𝑅𝑁𝐷) given in 
percentage. For their determination, non-Sequential Monte 
Carlo simulation is used. The method starts by determining the 
operational state of each generator by producing random 
numbers for every one-hour time slot, during the duration of 
the natural disaster  𝑇ே஽ . The simulation considers the 
reliability model of each generator, to evaluate their 
operational state, such that if the generated number is greater 
than the unavailability (or less than the availability) then the 
generator’s state is “not in service”. Consequently, the total 
available generation capacity is obtained by merging the 
hourly operation of all individual generators [11]. The 
duration of the wildfire and the related case study assumptions 
are provided in Section III.  

Monte Carlo simulation is executed for a total number of 
experiments 𝑀. In each experiment 𝑘, the time in which the 
demand not satisfied TNS and the energy not supplied 𝐸𝑁𝑆 
(both produced by the interruptions of the service and 
increment of the demand due to EV) are calculated. The TNS 
and 𝐸𝑁𝑆  are obtained based on the available generation 
margin (see Fig. 2), that is, if the generation is not able to 
satisfy the demand (demand > generation), then, the time and 
energy are recorded in TNS and 𝐸𝑁𝑆, repectively. Finally, the 
resiliency indices are calculated as given in (8) − (11).  
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1
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𝑆𝑅𝑁𝐷 = 1 ±
𝐿𝑂𝐿𝐸𝑁𝐷

𝑇ே஽

100% (11) 

The resiliency is analysed considering the geographical 
distribution of the power system components. The impact of 
the wildfire on the system is reflected by disconnecting all 
load and generation in the area of the wildfire. The EV load 
from the affected area is incorporated into the demand of 
neighbouring substations using the model presented in Section 
II. C. A flowchart of the proposed methodology is presented 
in Fig. 3 
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Fig. 2 Reserve margin identification 

 
Fig. 3 Flowchart for resiliency assessment 

C. EV Evacuation Model 

The behaviour of residents in the Emergency Response 
Planning Area (ERPA) during a wildfire evacuation depends 
on a range of behavioural factors. Research has been 
conducted to better understand evacuation behaviour using 
data from actual natural disasters as described in [12]. Four 

critical factors must be identified to appropriately characterize 
the resiliency as depicted in Fig. 4:  1) The time for full power 
outage of the region (𝑃𝑆௧); 2) the Travel Time (𝑡𝑡); 3) Total 
Evacuation Time (𝑊𝐷); and 4) Wildfire Duration (𝑊𝐷). 

 The time at which the EVs arrive to their destination and 
begin charging again is a product of their final evacuation 
destination and the travel time to reach this destination. 
Distance plays a significant role in determining the choice of 
location for evacuees alongside other behavioural factors such 
as the size of the ensuing destination, availability of 
accommodation, and familiarity with the evacuation route 
[12]. In this paper, a proximity-based model is proposed to 
distribute the evacuated EVs from the wildfire area across the 
buses in the system. Mathematically, the EV allocation 
percentage at each bus (𝐸𝑉𝐴௝) is calculated as 

𝐸𝑉𝐴௝ =  

⎩
⎪
⎨

⎪
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𝐶 Θ௅

𝑇
𝑑௝

∑
𝑇
𝑑௝

஻
௝ୀଵ

    if 𝑑௝ ≤ 𝑅

0                               if 𝑑௝ > 𝑅

 (12) 

where 𝐶 is the population of potential evacuating vehicles in 
the area; 𝑑  is the distance to destination 𝑗 ; 𝐵  is the total 
number of destinations; R is the range of the EV; and 𝑇 is the 
sum of 𝑑 across all possible destinations within the range. In 
addition, the proposed model considers the fact that not all 
residents will evacuate, as some households may be unaware 
of the disaster (and may ultimately be forced to shelter in 
place) and others choosing to stay and defend their homes. The 
term ΘL represents the share of households who evacuate. 

Once the EVA of each bus calculated as in (12), the travel 
time of vehicles to each of those locations is required. The 
travel time  is calculated using household evacuation 
distribution (modelled by a Rayleigh distribution as noted by 
researchers in [12]) and drive time to reach the destination. 
Therefore,  

𝑡𝑡௝ = 1 − 𝑒
ି଴.ହ൬

௧೐ೡ
ఉ

൰
మ

+
𝑑௝

𝑠
 (13) 

where 𝑡௘௩ is the time after evacuation; β is the mode of the 
distribution function; 𝑠 is the average speed of the car over the 
duration of the evacuation. 

III. CASE STUDY 

For the analysis presented in this case study, MATLAB is 
used to perform the resiliency assessment, and python is used 
for the rest of the paper; numpy [13] and pandas [14] 
packages were used to perform the data preparation, 
geospatial analysis was done in geopandas [15] and 
visualization using matplotlib [16]. 

 

 
Fig. 4 Resiliency trapezoid for wildfire evacuation 
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A. IEEE 24 Bus Reliability Test System 

In 2019, the RTS-GMLC model was proposed as an 
update to the IEEE Reliability Test System (RTS). The 
updated system introduces a modern generation  mix and 
assigns a geographic location to the test system in the south-
western United States [17]. For this paper, region 3 of the 
RTS-GMLC, located in California and consisting of 24 buses 
is used. A geographic location allows overlay of realistic 
wildfire hazard zones onto the system topology obtained from 
the California Public Utilities Commission (CPUC) [18]. The 
test system and wildfire risk zones are depicted in Fig. 5. 
While the geographical information given in the RTS-GMLC 
allows realistic wildfire threat zones and renewable energy 
profiles, it should be noted that the results of this analysis are 
not indicative of the real-world power system in this location. 
The generation capacity is summarized in Table I.  

 
Fig. 5 Geographic Location with Wildfire Threat Zones 

 
TABLE I. GENERATION MIX 

Resource Type Generation Capacity (MW) 

Solar 2079.5 
Wind 1794.4 
Hydro 1000 

Natural Gas 2380 
Coal/Oil 295 

Total 7548.9 

 
TABLE II. LOAD ASSUMPTIONS 

Assumption Value 

Total Area Peak Load 2,850 MW 

Residential Load Share 50% 

Individual Household Peak  4 kW 

Number of Households 356,250 

 
TABLE III. CALIFORNIA HOUSEHOLD VEHICLE OWNERSHIP  [19] 

Category Estimate Margin of Error 

No Vehicle 939,034 +/-6,018 

1 Vehicle 3,993,143 +/-12,465 

2 Vehicle 4,838,980 +/-15,184 

3+ Vehicles 3,194,278 +/-14,420 

Total 12,965,435 +/-19,785 

 The load shape for region 3 of the RTS-GMLC is 
reflective of profiles of one of the balancing authorities in the 
area, as described in [17]. Further load assumptions are 
described in Table II. In addition, the number of vehicles in 
the region is calculated using demographic information from 
the U.S. Census Bureau for the state of California [19] and 
shown in Table III. Making the conservative assumption that 
no household has more than three vehicles, an average of 1.8 
vehicles per household is obtained yielding ~640,000 vehicles 
in the area of study.  

B. Electric Vehicle Penetration 

To better assess the implications of the impact of EV 
penetration of wildfire evacuations, a base without EV (as 
reflected in RTS-GMLC) and ten additional scenarios were 
conducted at different EV penetration levels ranging from 
10% to 100%. Level 2 charging at 3.3 kWh is assumed to 
reflect the limitations of some premises to a 20 amp feed as 
described in [20]. This is a conservative assumption of the 
potential impacts as vehicles could charge at substantially 
higher levels (19 kWh on a full EVSE level 2) and the 
charging levels continue to increase each year. The range of 
EVs is dependent upon the composition of the vehicle models 
present in the area of study and assumed to be 100 miles in 
this paper.  

EV load shapes are based on the California Energy 
Commission’s (CEC’s) 2019 California IOU Electricity Load 
Shape Report [21] and are shown in Fig. 6. Consistent with 
this report, the breakdown in household charging load profiles 
is 68.9% single family residential (SF), 7.7% multifamily 
residential (MF), and 23.4% personal vehicle destination 
charging (PVDC). All households evacuating during the 
emergency are modelled using the personal vehicle 
destination charging profile, as these customers will no longer 
be able to rely on their own residential charging stations, but 
instead will be reliant upon finding charging stations in their 
destination.  

C. Wildfire Assumptions 

The Global Fire Atlas [22] uses data from 13.3 million 
individual fires from 2003-2016 to derive typical fire duration 
(in addition to other characteristics such as timing, location, 
daily expansion, spread, etc.). The mean duration for wildfires 
this part of North America weighted by fire size is 13.4 days 
[22]. The world average is 14.7 days. Therefore, for this 
analysis 𝑊𝐷 is set to be two weeks and the timeframe selected 
to be the two weeks of the summer peak.  

 
Fig. 6 Electric Vehicle Charging Profiles 
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Fig. 7 Distribution of Electric Vehicle Charging Demand Before and After Wildfire 

To calculate the necessary evacuation parameters, each of 
the load serving substations in network were considered and 
the distance between each is calculated. An average 
evacuation speed of 30 miles/hr is assumed and the range limit 
is 100 miles. Through evaluation of natural disasters with 
similar warning timeframes such as the volcanic eruption of 
Mt. St. Helens, or hurricanes which changed course, 
researchers identified 117 min to be a representative value of 
𝛽 for residents leaving from home [12] and is therefore used 
for this paper. A value of 89% is used for ΘL to reflect the 
share of households who remain behind based on the sample 
mean of the survey of wildfire evacuation conducted in [23]. 

IV. RESULTS AND DISCUSSION 

In order to assess the power system resiliency during a 
wildfire, the first step is to determine the EV evacuation 
locations and how long it takes for households to travel there. 
The EVA was calculated at each bus using (12). The travel 
time to each location is obtained using (13). Fig. 7 shows the 
final allocation of EV during the wildfire, once all households 
have reached their ultimate destination. 

The impact of wildfires can vary significantly based on the 
location, load and generation composition in the affected area, 
and the penetration and distribution of EVs throughout the 
system. For this study, it is assumed that the wildfire results in 
loss of the load and generation assets served from a single 
substation with the transmission lines remaining intact. 
Furthermore, as a uniform load composition is assumed at 
each bus, the base distribution of EVs prior to evacuation is 
directly proportional to the load at each bus.  

When analysing the impact of the wildfire situation on the 
resiliency, it is apparent that the impacts will differ depending 
on the load and generation composition at each bus. The buses 
on the system can be grouped into two categories: Type I: 
Load exceeding generation; Type II: Generation exceeding 
load. Where load is in excess of the generation, during the 
wildfire the resiliency of the system improves due to the 
decline in load and the opposite occurs when the generation 
exceeds the load. A wildfire is simulated for one bus of each 
Type (I – Bus 308, and II – Bus 313) within the high fire risk 
area. The impact on resiliency can vary significantly based on 
the penetration of EVs. Fig. 8 shows an example of both bus 
types under varying penetration of EVs.  

As can be seen in Fig. 8, the simulations for this case 
study validate the intuition that for buses without associated 
distributed or central generation, the resiliency of the system 
improves, even after consideration of EV evacuation. 

However, for Type II buses, the resiliency of the system is 
reduced during a wildfire and worsened further upon 
consideration of EV charging. This paper assumes an even 
penetration of EVs throughout the service territory. As the 
penetration the EV is heterogeneous, analysis of the impact of 
real EV distributions may lead to more pronounced impacts. 

A more detailed evaluation of the impact of load 
composition, EV penetration, and evacuation charging impact 
can be seen in the numerical results for each resiliency index 
presented in Table IV. Each of the resiliency indices grow 
exponentially as more EV are present on the system. In this 
case study, a clear inflection point can be seen around 60% 
with the impact of EV evacuation contributing a 11% relative 
increase in the LOLPND over the wildfire case. The results 
also highlight the significant differences in system impact 
from evacuation at different levels of EV penetration. 

Fig. 9 presents the empirical results from the case study 
and validates the refined model of power system resilience for 
a wildfire proposed in Fig. 4. When evaluating the resiliency 
of the system during a wildfire, it can be seen that the shape 
reflects two distinct resiliency levels: 1) During the fire but 
prior to evacuation and 2) Following evacuation. Planning for 
this second period is essential as it represents a degradation in 
reliability over the levels, which would be identified under the 
existing resiliency models. The refined model reflects an 
additional 0.5% decrease in SRND in comparison to the 
wildfire case which is 20% of the impact from the wildfire 
itself. Though the numbers will differ on a case by case basis, 
the fact that the EV evacuation impact was so large relative to 
the wildfire impact itself indicates the significance of 
modelling this effect during natural disaster planning. 

  
Fig. 8 Depiction of LOLPND for Type I and II buses following wildfire and 

subsequent addition of EV load. 
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TABLE IV. RESILIENCY INDICES FOR TWO BUSES 

  Bus 308 Bus 313 

 EV Pen.% Base Wildfire Evac Base Wildfire Evac 

L
O

E
E

N
D

 0 14 3 3 14 62 62 

30 112 37 38 112 439 478 

60 1042 286 306 1042 2464 2694 

100 11359 4863 5083 11359 18927 20603 

L
O

L
E

N
D

 0 0.15 0.03 0.03 0.15 0.49 0.49 

30 0.89 0.34 0.35 0.89 3.98 4.33 

60 7.35 2.57 2.90 7.35 15.99 17.71 

100 50.70 22.76 23.96 50.70 70.59 76.78 

L
O

L
P

N
D

 0 0.05 0.01 0.01 0.05 0.15 0.15 

30 0.26 0.10 0.10 0.26 1.18 1.29 

60 2.19 0.76 0.86 2.19 4.76 5.27 

100 15.09 6.77 7.13 15.09 21.01 22.85 

S
R

N
D

 

0 1.000 1.000 1.000 1.000 0.999 0.999 

30 0.997 0.999 0.999 0.997 0.988 0.987 

60 0.978 0.992 0.991 0.978 0.952 0.947 

100 0.849 0.932 0.929 0.849 0.790 0.771 

 

Fig. 9 Empirical Resiliency Trapezoid for a Wildfire at Bus 313 under 60% 
EV penetration 

V. CONCLUSION 

As more EVs appear on the system, power system 
operators should consider the ramifications of charging load 
during wildfire evacuations. The generation reserve margin 
during a natural disaster should account for EV charging 
demand and its geospatial dispersion to maintain resilience. 
The proposal of a novel EV evacuation impact model and 
more specific resiliency trapezoid (validated through the case 
study) allow for a better reflection of the true system resiliency 
during a wildfire. This paper shows that increasing EV 
penetration can cause an exponential increase in the resiliency 
indices. Therefore, the impact of EV evacuation on power 
systems will increase in importance as time progresses. Future 
works will consider the impact on power system security. 

Utilities should also consider providing a means of 
charging to facilitate successful evacuation during a wildfire 
situation as the evacuation process may take several hours 
(~10 in the case study for this paper), and a portion of residents 
may remain behind. Therefore, utility public safety plans for 
wildfire events should include strategic consideration of EV 
charging.   
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