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1. Motivation

In recent years, natural disasters such as flooding, wildfire, hurricane, and tornadoes occur fre-
quently and cause tremendous damage to both the economy and human life (Chowdhury et al.
2017). A disaster center (DC) is responsible for evacuation planning and operations. However, the
information that DC receives is often imprecise and uncertain, especially the demand information
(see, e.g., Lim et al. 2012). During Hurricane Rita, the actual number of evacuees (1,800,000) was
nearly three times the predicted value (686,000), which led to dramatic traffic congestion and delay
(Lindell and Prater 2007).

In addition to uncertain demand, non-shareable personal vehicles also cause evacuation delay
and inefficiency. The one-evacuee-one-vehicle evacuation form, which is wasteful and inefficient, is
mainly due to limited ways to communicate. Today’s smart-phone technologies enable ubiquitous
connectivity, allow instant peer-to-peer communications, and give rise to a transformation from
individual travel forms to shared-use mobility forms, which can pool resources and reduce traffic.

Evacuation buses have been identified as a method to effectively help large carless populations
(see, e.g., Goerigk, Deghdak, and T’Kindt 2015), however, the elderly and disabled population
with particular needs can not be served well by an evacuation bus and thus often left out in
traditional evacuation systems (Renne, Sanchez, and Litman 2011). In this paper, we propose
a shared-mobility-based evacuation planning and operations framework to address the uncertain
demand and inefficient individual travel forms. Shared-mobility can help under-served carless,

elderly, and disabled populations to evacuate and receive personalized assistance.

2. Problem Statement
Planning phase At the beginning of the year, DC builds a demand prediction model according
to historical evacuation event data and census data. Then DC recruits a fleet of personal vehicles,

who will share their spare space and perform pick-up services guided by DC during the evacuation.
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Operational phase During certain disaster, DC performs evacuation operations over multiple
periods. DC receives new requests at the beginning of each period and then dispatches personal

and emergency vehicles to help evacuees.

3. Approaches

We model the evacuation process as a maximum flow problem, where vehicles are guided to pick
up evacuees in different demand nodes and then travel on roads towards safe zones. We employ
a spatial-temporal network where node i* denotes location ¢ in time period ¢. For optimizing the
personal vehicle employment plans in the planning phase, we formulate a two-stage stochastic
program, where the second-stage decisions are emergency vehicle employment decisions and routing
decisions for all employed vehicles. In the operational phase, we formulate a multi-stage robust
optimization model to decide which personal and emergency vehicles would go out and assign

routing solutions to them in each period.

3.1. Planning Phase

We make personal vehicle employment decisions by minimizing the employment cost and the
expected objective values in the future. Denote the cost for employing vehicle s as «; and discount
rate as 7. We create a demand scenario set {2 by Monte Carlo Sampling according to the demand
prediction model, where d§ (w) is the number of arrivals to pickup location j at period ¢ in scenario

w. Based on the Sample Average Approximation (SAA), the problem is formulated as

min 7Y one.+ @ S @, a(w) (1)
z,€{0,1}, se8 (2)

where z; =1 denotes that we employ personal vehicle s € S and Q(z,a(w)) is given by
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In the second stage, we make the following decisions: (i) z,, = 1 when we employ emergency vehicle

reR; (i) y =1 when vehicle v € V travels from node 7' to node jt/; (iii) g1, is evacuees that
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vehicle v picks at node j*. In (3), we maximize evacuees picked up and minimize driving distance.
Constraints (4) and (6) ensure that available evacuees are picked up by employed vehicles with
enough capacity. (5) are flow balance constraints. Constraints (7) compute evacuees in need at j*.

(8) is the budget constraint.

3.2. Operational phase
We build a time series to analyze the demand of nodes along time periods and formulate a demand
uncertainty set Uyar based on Vector Autoregressive Model (VAR):

Uvar = {at_aconst"_d)t"‘ Z @Catic"_eh t:2aaT Het”l SQtl ||€t||ooSQ<tX) }7 (10)

c=1

where the prediction parameters {¢, ®'“ma= a.,, .} and error norms {Q;,Q*} can be esti-
mated through statistical toolboxes from historical evacuation demand data. The hyperparameter
{Q},9%°} can also be adjusted according to the desired robustness level.

In period 7 €{1,...,T — 1}, the objective function is similar to (3), defined as:
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Define the decisions (z7,y",27,q") as X7, and let X 7" denotes the decisions made in periods T to
7/, then the feasible region X7 (X"~ 47) in period 7 with previous decisions during periods 1 to
7—1 and predicted demand a” is defined as:
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In the above formulation, S™ and R™ are current available personal and emergency vehicles; N, N7,
and A" are nodes and arcs in the spatial-temporal network after period 7; @} are the accumulated
unmet demand in node location j before period 7.

Therefore, we reach the following multi-stage robust formulation, where we optimize the dis-
patching solution in the current period by minimizing the objective value in the current period
and the worst objective values in the future periods:

(RMS) min g(X1)+max[ min {g(X2)+~-+max min g(XT)]mH (17)
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4. Numerical Studies

We test the performance of the proposed planning and operations framework under various demand
patterns. In each demand pattern, we sample 20 groups of demand data as historical events data and
compute the sample mean, variance, and support as additional demand information. In the planning
phase, S denotes that DC employs personal vehicles and NS denotes no shared mobility. In the
operational phase, MS denotes that DC dispatches vehicles via a multi-stage robust optimization
model and D denotes that DC dispatches vehicles through a deterministic single-stage model
according to the received requests in each period. We construct four models, NS-D, NS-MS, S-D,
and S-MS (i.e., the proposed framework). We compare those models by computing the maximum,
minimum, and average number of evacuees that they can help in 10 replicates. We also conduct
sensitivity analysis to explore the effects of the number of available emergency vehicles and budgets

on model performance.

5. Conclusion

We address two main problems of the existing evacuation process, uncertain demand and ineffi-
cient individual travel form, by proposing a planning and operations evacuation framework. We
allow employing a fleet of personal vehicles to share their spare space with other evacuees, which
can reduce traffic and help to facilitate evacuation. When a disaster strikes, we construct a time
series demand prediction model and formulate a multi-stage robust optimization model to opti-
mize the dispatching solution. We implement numerical studies and demonstrate that the proposed

framework can help more evacuees, given limited emergency vehicles and budgets.
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