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In the wake of a disaster, people from nearby areas often converge to assist the affected community.
Spontaneous volunteers are not affiliated with relief agencies but are in a unique position to provide
invaluable aid at a crucial point in the disaster cycle. Often, these volunteers are ineffectively used or
refused altogether. Volunteer Reception Centers (VRCs) can benefit from improved strategies to integrate
the influx of spontaneous volunteers. In this paper, a multi-server queuing model is formulated to repre-
sent the dynamics of assigning spontaneous volunteers to tasks in a post-disaster setting. In particular, we
consider the case of stochastic arrival of demand for service and stochastic arrival of volunteers, whose
time in service is also stochastic. These assumptions mimic disaster relief tasks such as distribution of
relief items, where both beneficiaries and volunteers arrive randomly. An optimal policy for assigning
volunteers to tasks is generated using a Markov Decision Process. We then use simulation to compare

the optimal policy against several heuristic policies and discuss real world implications.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

During and after major disasters, large numbers of people un-
affiliated with traditional emergency response organizations con-
verge on the scene to offer assistance [1]. Motivated by the de-
sire to do something for those in need, these individuals respond
on impulse immediately following disaster events and are referred
to as spontaneous volunteers [2]. Spontaneous offers to help during
and following disasters are well documented, and are strongly in-
fluenced by the amount of media coverage an event receives [3].
For example, Lowe and Fothergill [2] report that 15,000 volun-
teers helped during the two-and-a-half week period following the
September 11 attacks in New York City. The response to Hurricane
Katrina in 2005 attracted 60,000 volunteers to New Orleans [4].

Research shows that spontaneous volunteers are capable of
positively contributing to relief efforts during the aftermath of
disasters by performing a variety of services, including search
and rescue, distribution of relief items, and the assessment of
community needs [5]. While spontaneous volunteers can be a
valuable resource, they are often ineffectively used and can poten-
tially hinder emergency operations by creating health, safety, and
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security concerns. Furthermore, spontaneous volunteers require
supervision, which can distract professional responders from their
duties that directly serve disaster survivors [1]. Oftentimes, the
services of spontaneous volunteers are refused purely because
volunteer organizations are ill-equipped to manage them. A survey
of non-governmental voluntary organizations (NVOs) found that
the use of spontaneous volunteers is widespread, but NVOs are not
necessarily structured to effectively engage them [44]. Improved
strategies for incorporating spontaneous volunteers into organized
relief efforts are needed in order to achieve safe and responsive
disaster management [1].

In this paper, we consider the problem of assigning sponta-
neous volunteers arriving at a Volunteer Reception Center (VRC)
to multiple disaster relief tasks. Such volunteers are commonly
utilized to sort donations and distribute relief supplies (e.g. food,
clothing, clean-up kits). One characteristic that distinguishes
spontaneous volunteer assignment from all other forms of labor
scheduling is that spontaneous volunteers randomly join and
abandon the operation [6]. As such, we represent the spontaneous
volunteer assignment problem as a multi-server parallel queuing
system where the servers (spontaneous volunteers) randomly
arrive and depart the system. Within this framework, optimal
policies for assigning spontaneous volunteers to tasks are derived
from a continuous time Markov Decision Process (MDP) model. In
addition, we evaluate a variety of experimental cases in a discrete-
event simulation model in order to examine the performance
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of heuristic assignment policies relative to the optimal policy.
We identify an effective assignment policy that is also easy to
implement, and provide insights for individuals who may be in
charge of managing spontaneous volunteers in real-world disaster
response environments.

The remainder of this paper is organized as follows. In
Section 2, we review academic literature related to disaster opera-
tions management, volunteer scheduling, and server assignment in
queuing theory. In Section 3, we formulate the spontaneous volun-
teer assignment problem as a Markov Decision Process (MDP), and
discuss sufficient conditions for the existence of steady-state solu-
tions. In Section 4, we introduce and describe practical heuristic
policies to be tested against the MDP policy. Section 5 provides a
brief overview of the simulation model used to compare the per-
formance of the MDP and heuristic policies. Section 6 details the
experimental analysis generated for the simulation study and the
results. Concluding remarks and implications for volunteer man-
agers are provided in Section 7.

2. Literature review

This study is related to three areas: (1) disaster operations man-
agement, (2) volunteer scheduling, and (3) server assignment in
queuing systems.

2.1. Disaster operations management

The disaster operations management (DOM) literature has ex-
perienced rapid growth since the year 2001. For example, Gupta et
al. [7] surveyed 268 papers from among 25 Operations Research |
Management Science (OR/MS) journals and reported an increase in
the annual publication rate of 2.67 in 2001 to 33.67 in 2014 (these
results are based on a three-year moving average). It is safe to say
that DOM is a mainstream application area of OR/MS based on
the numerous survey papers dedicated to the subject (e.g. [8-10]).
Moreover, multiple focus areas with critical mass have emerged
from DOM literature, and review papers dedicated to these sub-
jects have also been published. The most prevalent DOM topics
include: inventory management [11], facility location [12], and re-
lief distribution [13]. Manpower planning, however, is another im-
portant topic within the context of DOM that has received very
limited attention from an academic perspective [14,15]. Fritz and
Mathewson [16] first defined the mass movement of people and
supplies to the affected area as volunteer and material convergence
respectively. Volunteer Management focuses on managing these
volunteer resources through the entire process. Volunteer manage-
ment plans cover the engagement, recruitment, placement, orien-
tation, training, supervision, recognition, and evaluation of volun-
teers. Many software solutions exist (e.g. volgistics, EveryAction,
MobileServe, etc.) to help volunteer managers track and schedule
registered volunteers. These software solutions are also useful af-
ter disasters due to their reporting and database capabilities. How-
ever, they do not necessarily assist with the immediate assignment
of incoming spontaneous volunteers following a natural disaster.
Many of the current management practices related to SV, as high-
lighted by FEMA [17] and Red Cross [18], focus on strategic guide-
lines. Where operational guidelines do exist, they fail to elaborate
on key points. For example, one of FEMA’s concepts of operation
suggests volunteer managers should “Refer unaffiliated volunteers
to appropriate response agencies after initial screening” [17]. How-
ever, the referral is left to the best judgement of the volunteer
manager on duty at the volunteer reception center (VRC) or volun-
teer site. The manager must interpret the meaning of appropriate
as it relates to the situation, using their best judgement and expe-
rience. Prioritizing the tasks of SVs is considered to be one of the
major challenges for volunteer managers during disaster response

[19]. This paper addresses a known gap in the DOM literature by
considering the problem of assignment/placement for spontaneous
volunteers after disaster events from an operational perspective.

2.2. Volunteer scheduling

While traditional workforce scheduling problems have been
studied extensively (e.g. [20]), there has been much less work that
focuses on labor assignment from a DOM perspective. One of the
most impactful distinctions between traditional and DOM man-
power planning is the role of volunteer labor. In particular, vol-
unteers complete a significant portion of the tasks performed dur-
ing the early phases of disaster response [5]. The labor in classi-
cal personnel scheduling is supported by a paid workforce, which
tends to be more stable and predictable compared to volunteer la-
bor [21]. Falasca and Zobel [22] identify several operational charac-
teristics that are unique to volunteer planning and scheduling for
disaster relief purposes that ought to be considered from an OR/MS
modeling perspective. One such characteristic is the importance
of satisfying volunteers’ preferences, including the type of work,
the times they want to work, how long they are willing to work,
and with whom they prefer to work (volunteers often contribute
to relief efforts in groups, e.g., churches, sports teams, families).
The issue of prioritizing volunteer preferences applies to volun-
teer scheduling in general (e.g. [21]), not just volunteer scheduling
for disaster relief. However, manpower planning for DOM may also
require assigning volunteers across geographically dispersed loca-
tions, which for the most part, is irrelevant when it comes to la-
bor scheduling in non-DOM contexts. Falasca and Zobel [22] incor-
porate the above features into a bi-objective optimization model
that seeks to balance the conflicting objectives of minimizing un-
met task demands and maximizing volunteer preferences. Lassiter
et al. [23] also take unmet task demands and volunteer preferences
into account within the context of humanitarian relief, but extend
Falasca and Zobel’s deterministic model in an important way: they
consider task uncertainty and propose a robust optimization model
to handle this uncertainty.

In both Falasca and Zobel [22] and Lassiter et al. [23], there is
no uncertainty associated with labor capacity or capabilities. How-
ever, empirical studies have demonstrated that spontaneous vol-
unteerism is characterized by various forms of uncertainty, such as
the times between volunteer arrivals, the amount of time volun-
teers contribute the relief efforts on a given day, and the sizes of
volunteer groups who arrive and depart the relief effort together
[6]. From this perspective, we view the studies by Falasca and Zo-
bel [22] and Lassiter et al. [23] as appropriate for scheduling affil-
iated volunteers where an uncertain labor pool is significantly less
of an issue. However, assignment decisions that pertain to spon-
taneous volunteers, the volunteer type we focus on in this pa-
per, require a different approach. Mayorga et al. [24], which is the
study that is closest to ours, proposes a framework that captures
the unique characteristics of spontaneous volunteers, namely un-
certainty in volunteer arrival and departure times. Specifically, they
model the spontaneous volunteer assignment problem as a paral-
lel queuing system with random server (i.e., volunteer) arrivals and
abandonments, in which a deterministic amount of work known
a priori is to be completed. The control problem is formulated as
a MDP, and a policy iteration algorithm is used to generate op-
timal policies for problem instances. Mayorga et al. [24] also con-
duct a computational experiment in which the performance of sev-
eral practical heuristic policies are examined through simulation,
and they find that simply assigning volunteers to the queue with
fewest volunteers generally works well as an assignment policy.
This paper generalizes the deterministic demand model by consid-
ering stochastic demand streams, allowing for the representation
of more complex disaster relief tasks. By doing so, we now have
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to contend with deriving an appropriate stability condition for the
queuing system (done in Section 3.1), which was not necessary for
the deterministic demand case described above.

In summary, we have identified only three papers in the aca-
demic DOM literature that address manpower planning for disaster
relief from an operational perspective: [22-24]. Furthermore, only
one of the three considers random volunteer arrival and abandon-
ment processes [24], and is therefore relevant to the spontaneous
volunteer assignment problem. We conclude our discussion here
by noting that volunteer scheduling literature has occurred in con-
texts other than DOM. A general framework for volunteer schedul-
ing is laid out by Sampson [21], and he applies that framework to
the problem of scheduling reviewer assignments for an academic
conference. Other settings in which volunteer labor assignment re-
search has been applied are an annual music festival [25] and a
bike sharing program [26]. However, these applications do not con-
sider labor uncertainty.

2.3. Queuing theory

Optimal control of queues via server assignment is a widely
studied class of problems in queuing theory with numerous varia-
tions. As such, a comprehensive review of this literature is beyond
the scope of our discussion here. Instead, we review a few repre-
sentative studies that focus on the control of parallel queuing sys-
tems, and we also highlight related areas of the queuing literature.
A basic framework for server assignment in parallel queuing sys-
tems involves multiple customer classes, where each queue is ded-
icated to serving a specific class. The control problem entails dy-
namically allocating a fixed pool of heterogeneous servers among
the queues with the goal of minimizing waiting time. Squillante
et al. [27], for example, consider this problem under the assump-
tion of Poisson arrivals and exponential service times, and pro-
pose threshold-based priority policies related to the well-known
cu rule.

Variations of the cu policy have since been applied to many
different queuing systems. For example, a generalized version of
the cu rule is optimal when holding costs are nonlinear, but con-
vex [28]. More recently, Cao et al. [29] derived conditions under
which the cu policy is optimal for a single server queuing network
with two customer classes, where customers from the lower class
are upgraded to the higher class after a random amount of time.
There are also some cases where the optimality of cu is preserved
for parallel queuing systems with multiple servers. Consider, for in-
stance, the N-network that consists of two types of customers and
servers; a dedicated server that can serve one customer type, and a
fully flexible server that is capable of serving both customer types.
Bell et al. [30] and Saghafian et al. [31] prove that the cu rule is
optimal under certain conditions in this setting, while Down et al.
[32] extend the result to an N-Network with multiple servers of
each type (dedicated and fully flexible) and customer upgrades.

All of the above-mentioned studies involve the assignment of
a fixed pool of servers where, as is the case in most papers, ser-
vice rate is the only stochastic characteristic of the servers. How-
ever, the present study considers server assignment policies where
not only service rates, but also server availability, are stochas-
tic. Besides Mayorga et al. [24], only a limited number of papers
deal with optimal control of queues in the presence of unreliable
servers; and to our knowledge, only two do so within the con-
text of assigning servers to parallel queues: [31,33]. Both of these
papers derive optimal policies for assigning unreliable servers to
queues involving multiple customer classes, where servers are un-
reliable in the sense that they fail at random points in time and
remain unavailable for random periods until they are repaired.
Saghafian et al. [31] establish conditions under which a version of
the cu rule is optimal for a generalization of the N-network that

Fig. 1. Pictorial representation of the system.

has three servers (instead of two): one dedicated, one fully flexi-
ble, and one partially flexible (the authors refer to this extension
as the W-network). Andradéttir et al. [33], on the other hand, in-
vestigate the prospect of using flexible servers to compensate for
server unreliability under the long-run average throughput objec-
tive. Andradoéttir et al. [34] also consider the throughput objective,
but within the context of a tandem (not parallel) queuing system.
Wu et al. [35] and Wu et al. [36] also examine the assignment
of unreliable servers in a tandem system, but with the objective
of minimizing longrun average holding costs. The remaining pa-
pers that address the control of queues with unreliable servers do
so by routing customers [37,38] or designing server repair policies
[39,40] as opposed to server assignment policies. The present work
differs from these in very fundamental ways in terms of the how
server unreliability is represented. First, we consider servers who
arrive randomly over time from an infinite population of sponta-
neous volunteers. This is unlike the queuing systems mentioned
above where the pool of servers is fixed and finite. Additionally,
after remaining in the system for random amounts of time, all vol-
unteers eventually abandon the system forever. They do not re-
turn after random periods of inactivity due to repair as in previous
studies.

3. Model development

To model this problem, we consider a queuing system where
each queue i, (i=1,...,N), represents a different job or task that
volunteers may be assigned to work on, as shown in Fig. 1. Sponta-
neous volunteers arrive to the system according to a Poisson pro-
cess with rate A. As identified in the literature, it has been shown
that there is typically an abundance of volunteers following a dis-
aster (e.g. [2-4]), effectively representing an infinite population of
potential servers. It is assumed that the volunteer manager is im-
mediately able to assign volunteers to available queues accord-
ing to a specified control policy. Available queues are all queues
not currently at maximum volunteer capacity. Volunteer capacity
refers to the number of volunteers that can actively contribute to
the relief efforts, which could be due to resource requirements
(e.g. carts to transport items), limited space (e.g. a gymnasium be-
ing used as a distribution center), or safety concerns. Volunteers’
times in system until abandonment are exponentially distributed
with mean 1/y. Work, or demand for services (e.g. request for re-
lief items, or donations to be sorted) arrives to each queue sepa-
rately, according to a Poisson process with rate «;.
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The number of volunteers working in queue i can be repre-
sented as v;, with the maximum volunteer capacity represented
as V;. Work is completed at each queue according to an exponen-
tial additive service rate of v;u;; that is, volunteers are assumed to
work on a single task collaboratively. The work or demand for ser-
vices at each queue i is represented by d;. The holding cost per unit
time for a job of type i is represented as h;, which for the purposes
of this study does not necessarily reflect the inventory holding cost
to the relief organization. Alternatively, h; can be thought of as a
representation of the relative importance of specific goods or ser-
vices during disaster response. For example, consider two tasks
related to material convergence: (1) offloading truckloads of do-
nations and (2) sorting/organizing donations. We expect volunteer
managers to assign importance such that hy > > h, in most cases.
It is assumed that if all queues reach the maximum allowable ca-
pacity, volunteers will be turned away from the reception center
or directed to another relief organization. Demand may continue
to accumulate without being bounded. If demand reaches zero at
a queue, volunteers remain idle or participate in ancillary tasks,
such as cleaning up the work area, while they wait for additional
work to arrive. Immediate reassignment of spontaneous volunteers
is not considered.

We can define the feasible state space of the system
described above as S={v,d|v;e(0,---,V;),d; e (0,---,00),i =
1...N}. The state of the system at time t can be defined
by (v(t),d(t)), where v(t) = {v1(t), v5(t),...,vy(t)} and d(t) =
{dq(t),dy(t),...,dN(t)} where vi(t) and d;(t) refer to the number
of volunteers working and the number of unfinished units of work
remaining at queue i at time t respectively. Feasible volunteer al-
locations include all queues where v; < V;. As described above, the
state transitions are all Markovian and therefore this system can be
formulated as a continuous time Markov decision process (MDP).
The transition rates of the process are state and action dependent.
Conditions to ensure stability of this system are provided in the
following section.

3.1. Stability

In this section we derive conditions to guarantee that an as-
signment policy exists which maintains system stability for a set
of input parameters, i.e. that a steady-state solution can be found
(E[d;] < 00 as t — oo). While the overall system is complex, we can
break the model down into subsystems to more easily derive sta-
bility conditions. First, consider a random routing policy that thins
the volunteer arrival rate into N independent arrival streams with
probability p; = 1/N, where }; p; = 1. The result is N subsystems,
each with a volunteer arrival rate Ap;. The demand at each of the N
queues can be represented as an M/M/1 queue with Markov mod-
ulated service rates. The Markov modulated service rates are de-
termined by an underlying Birth Death (BD) process representing
the number of volunteers. Births occur according to the rate volun-
teers arrive to the queue, Ap;, and deaths occur according to vol-
unteer abandonment, v;y. The expected number of volunteers in
each queue is independent of the amount of work in that queue
for this policy.

Taking a closer look at the demand process, it has been shown
by Queija [41] that for M/M/1 queues with Markov Modulated ser-
vice rates that follow a BD process, the system is stable if and only
if:

Vi
o < Y TVl (1)
i=0
where 7; in Eq. (1) is the steady state probability of being in state
i of the BD system, which represents the number of volunteers in
queue i. Eq. (1) can be rewritten as «; < w;E[v;]. That is, the ar-
rival rate must be less than the average service rate to maintain

stability. Given that the volunteer process in queue i is a finite BD
process, we can solve for E[v;] using known BD stability equations.
The queue intensity p; in Eq. (2) is represented as p; = % for vol-
unteers in subsystem i.

‘ Lo 1 Vi
Bl =) mn=" o =P 1- S ’ o (2)
n=0 n=0 2 n=0 ,Tl| 2o ,Tl|

For the whole system to maintain stability in steady state, it
follows that each subsystem must satisfy «; < u;E[v;]. Given a set
of input parameters (A, &, i, p, V) and a random thinning policy
such as the one discussed above, we meet sufficient conditions for
system stability if:

Vil

n
ZVi Pi
n=0 n!

o < wipi| 1 - fori=1,...,N 3)

Essentially, the expected service rate for each relief task must
be fast enough to keep up with task arrival rates for a given vol-
unteer assignment policy. If the sufficient conditions for stability
are met, we have identified an assignment policy that maintains
system stability. Thus, an optimal assignment policy is also guaran-
teed to result in a stable system. We discuss the process of devel-
oping an optimal assignment policy for a set of input parameters
in the next section.

3.2. Optimal policy

Given a stable system with a feasible assignment policy, we
next find the optimal assignment solution. The objective is to mini-
mize the long-run average holding cost of the system. We note that
solutions to steady state problems tend to be simpler and easier to
implement than finite horizon or non-stationary solutions, which
is beneficial in the case of relief efforts. Additionally, note that even
though the true arrival rate (A) is likely to be time varying, analyz-
ing steady state models can indeed be helpful and tend to pro-
vide conservative results [42]. To find the optimal policy, we solve
an equivalent discrete time problem by employing uniformization,
as detailed in [43]. We define the maximum transition rate as:
T=A+ X1 (o + Vit + Vi)

Next, we define the recursive optimality equation (Bellman
equation) for the discrete-time equivalent finite horizon problem,
Jk(v, d), as the value of being in state (v, d) with k < K periods
left-to-go out of K, and ], represents the terminal cost.

N N
Je(v.d) = = {Z hid; + A min(Ri+ (v, d) + 3" iy (v, d + &)
i=1 i=1

N N
+ ) uiviClier (V. d) + ) yivd1 (V- e, d)

i=1 i=1

N
+ |:F — A=) (@i v+ Vui):|Jk—l (v, d)} (4)

i=1

The first summation in Eq. (4) corresponds to the total holding
cost incurred at each queue. The second term denotes the alloca-
tion decision for the next arrival given that we are in state (v,d).
The third term accounts for the arrival of work to each queue. The
fourth term accounts for the completion of units of work, where
the completion rate is proportional to the number of volunteers
working at that queue. The fifth term accounts for the abandon-
ment of volunteers proportional to the number working at each
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Fig. 2. Optimal Policy Assignments for a two queue system with parameters A =
3,y=05V; =V, =51 =2, =4,01 =6, = 8, hy = hy =20,d; =10,d, = 5.

queue. Finally the last term ensures that all transition rates add
up to I', which is required for uniformization. Transformation op-
erators R; and C; were included to simplify Eq. (4). These opera-
tors ensure that the correct value function is chosen based on the
feasibility conditions. Specifically, R; ensures that upon arrival, the
volunteer may be sent to queue i if that queue has not reached
its maximum capacity; C; ensures that volunteers complete work
with rate w; as long as there is work to complete. The transforma-
tion operators are defined below:

, _ Jhkvte,d)  ify <V

Ri(v. @) = {Jk(V, d) otherwise
. _ Jk(vsd_ei) if d,‘ >0

Ci(v.d) = {Jk (v.d) otherwise

Next, we initialize the value function such that Ji(v,d)=0 for
all (v,d) € S, then using the recursive optimality Eq. (4) we ap-
ply the value iteration algorithm until max(J,(v.d) — Ji_;(v.d)) -
min(J, (v, d) — Ji_;(v,d)) < €. For tractability of the value iteration
algorithm we truncate the state space by limiting d; < D;, where
D; is chosen such that the probability of demand being turned
away due to truncation in steady state is less than a small per-
centage (e.g. 3%). The value iteration algorithm was written and
run in Matlab, on a 3.60 GHz Intel(R) Core(TM) i7-4790 CPU ma-
chine with 16.00 GB of RAM. The run times to convergence were
approximately 3 min for cases with 100,000 states. The MDP pol-
icy is specified by the volunteer assignment to queue i, which min-
imizes the right hand side of Eq. (4). We focus on minimizing the
holding cost in the MDP equation as opposed to maximizing re-
ward for completion to avoid scenarios in which a queue becomes
completely inundated with demand. This would represent a severe
material convergence issue, and would not be considered “optimal”
in real world scenarios. An example of the MDP policy can be seen
in Fig. 2. When there are two volunteers at queue 1 and three vol-
unteers at queue 2 (v; = 2, v, = 3), the next volunteer should be
assigned to queue 1. The MDP policy reports an infeasible assign-
ment when v; =V; and v, = V5. In this case, the volunteer would
not enter the system.

The MDP policy generated using the recursive optimality equa-
tion is state dependent and thus is hard to characterize based
solely upon the input parameters of the system. Additionally, im-

plementing such a complex policy during disaster response is diffi-
cult. Small to mid-size VRCs are often not equipped with technol-
ogy capable of assessing the current system and producing com-
plex optimal policies in real time. Instead, we propose the use of
heuristic policies, which are easier to implement in practice and
test their performance relative to the MDP policy.

4. Heuristic policies

In this section we define four policies to compare to the MDP
policy developed in the previous section. These heuristic policies
act as alternatives to the MDP policy and are more easily imple-
mented in practice. These policies come from both common sense
assignment practices and existing literature on queuing models,
with the caveat that they need to implementable at a reception
center during disaster response. Accordingly, we define the follow-
ing heuristic policies:

Fewest Volunteers (FV): An arriving volunteer is assigned to
the queue with the fewest number of volunteers. In the event of
a tie between multiple feasible queues, the volunteer is assigned
to one of the queues randomly with equal probability. This policy
is very attractive for use in disaster relief because it is extremely
easy for a volunteer manager to implement and only requires ba-
sic system knowledge. The FV policy is analogous to the “join the
shortest queue policy” commonly used to minimize the total num-
ber of customers in the system at any time.

Largest Weighted Demand (LWD): An arriving volunteer is as-
signed to the queue with the largest weighted demand from the
subset of feasible queues which meet the condition v; < V; and re-
gardless of any other system parameters. The weighted demand is
calculated as d;h;. This policy, is similar to a largest demand (LD)
policy and should also be easy to implement in practice. The bene-
fit of LWD over LD is that the volunteer coordinator can impart the
relative importance of each task during volunteer assignment. This
policy can be thought of simply as trying to “put out the biggest
fire first”.

Largest Queue Clearing Time (LQCT): An arriving volunteer is
assigned to the queue with the largest weighted queue clearing
time at the time of assignment. Note that this is not the actual
queue clearing time for the queue as the number of volunteers is
dynamic and service rates are stochastic. This policy is similar to
the D/V policy evaluated by Mayorga et al. [24]. These types of
policies are a mix of FV and LWD in that they ensure each task
is staffed (when possible) before balancing for workload. The ex-
pected queue clearing time is calculated as:

(hid;)
(Ui +€)

Best Random (BR): In this case, an arriving server is assigned
to queue i with probability p;, such that Z?’zl p; = 1. This heuris-
tic is included only as a reference for comparison and is not in-
tended to be implemented in actual disaster response. BR is pro-
vided in place of a true random policy (p; = 1/N) and serves as
a tighter performance bound. The optimal thinning probabilities
p; = (p1,...,pn), in terms of resulting long run-average holding
costs, can be found by solving the mathematical program found in
Eq. (6).

(5)

N 2
min L_h; 6a
Pl
V! )
st. oy < puipi|1-———= [fori=1,...,N (6b)
v P
Zn:Onil!
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N Summary of fixed and 2* factorial design parameters.
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where p; = %, as defined previously. The queue intensity of each (Vi ekl ! 2
M/M/1 queue with Markov modulated service rates is represented ;9"‘;1 (2)'6 (1)2 2'5 g ;
ig .

here as ¢; = ﬁ The objective function, shown in Eq. (6a) min-
imizes the expected weighted holding costs in steady state. Con-
straint (6b) represents the sufficient condition for stability as dis-
cussed in Section 3. The final constraints ensure that each queue
has a positive weighted probability of volunteer assignment and
that the total weight sums to one.

5. Simulation model

In order to compare the heuristic policies defined above to the
MDP policy, a simulation model was developed in Matlab R2017a.
The model simulates a system with two unique queues, but the
framework can easily be generalized to n > 2 queues. The code
is separated into two distinct parts: (1) initialization and (2) main
simulation. Model Initiation creates and assigns a variety of vari-
ables for the case being simulated. These variables include case
specific system parameters, number of replications, warm-up pe-
riod, simulation length, and simulation end time. The MDP optimal
policy is stored in the Matlab Workspace or can also be read in
from a separate file (for example using the xlsread function). Each
run begins in state v =d = 0, i.e. zero volunteers and zero demand
at all queues. The arrival times for the first volunteer and demand
are sampled from the appropriate distribution.

The main simulation tracks the time until next action over all
possible actions and continuously compares it to the system time,
t. Possible actions include: volunteer arrival, work arrival, volun-
teer departure, and work completion. The holding cost is updated
at each discrete time jump when a new action is triggered. When
a volunteer arrival action is triggered, the simulation must decide
how the incoming volunteer should be assigned. The heuristic poli-
cies are hard coded into the simulation and the MDP policy is ref-
erenced based on the current system state. Feasibility of the vol-
unteer assignment decision is considered for all heuristics and no
volunteer will be sent to a queue that is at maximum capacity.
As discussed previously, if all queues are at capacity, the volun-
teer does not enter the system. When volunteer arrival or depar-
ture occurs, the time to next work completion must be updated
preemptively, due to the additive service rate. The demand arrival,
demand completion, and volunteer departure actions are modeled
similarly. When an arrival or departure occurs, the respective count
is updated and a new arrival or departure rate is sampled from the
appropriate distribution.

6. Computational analysis and discussion

To evaluate the heuristic policies defined in Section 4, a set of
computational experiments was developed. The goal is to provide
insight into which volunteer assignment policies perform well over
a robust set of scenarios. Experiments were designed for a system
with two queues to more easily compare the relative performance
of each heuristic policy to the MDP policy. A two queue system
can be fully described by ten different system parameters. We set
the arrival and departure of volunteers, A and y respectively, based
on real world data collected by Lodree and Davis [6]. The remain-
ing system parameters are varied to create a robust set of system
configurations that cover a broad range of potential real world sce-
narios (high intensity, low server capacity, varied service rates, etc).

150

100 1

)]
o
T
+

T
|
: = B9
|
1

@ i o
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LWD FV LQCT BR
Mean 13.2% 58.5% 13.3% 43.2%

Fig. 3. Box Plot of Average Deviation from MDP policy for each of the four Heuristic
Policies. Mean values are represented as diamonds.

However, care must be taken when choosing these system parame-
ters. We must ensure that an assignment policy exists which main-
tains system stability, as discussed in Section 3.

We fix most parameters of queue 1, as shown in Table 1, to
avoid duplicating cases. Next we assign high and low value for
remaining parameters, following a 2¥ factorial design (k = 5), re-
sulting in 32 unique cases (referred to as the baseline cases). A
summary of the fixed and varied parameters is shown in Table 1.
All full list of the experimental design parameters can be found in
Table A1l.

Each case and policy was run for 1000 replications in the sim-
ulation model. Holding cost was chosen as the primary metric for
evaluation in the simulation. Holding cost can be thought of as a
proxy for unmet need, with higher costs assigned to items/tasks
of greater value to beneficiaries. It represents the cost of having
demand sitting at the volunteer site, and not yet given to the ben-
eficiaries. We choose to evaluate average holding cost (AHC) specif-
ically to allow equivalent comparison against the MDP policy, gen-
erated using value iteration. We find that the simulation reaches
steady state performance in 2 model days, with a full run time
of 24 days (representing 2-3 weeks following a disaster). For ease
of comparison, we present percent deviation from the MDP policy.
AfCpaicy~

AHCpipp
AHCopr . The full

results of the experimental cases, including: (1) the mean AHC, (2)
percent deviation, and (3) statistical significance can be found in
the Appendix. A summary of the baseline results is shown in Fig. 3
below. The box plot represents the variation in percent deviation
from the MDP policy for all policies across the baseline cases.

As expected, the MDP policy performs at least 13% better than
all other policies on average. To further analyze the differences, we
conduct a two sample t-test to compare the sample mean AHC of
each policy to the MDP policy across all cases. Using a p-value
of 0.05, the MDP policy performs statistically significantly better

The percent deviation is defined as, A =
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Table 2

Summary of sensitivity analysis conducted (min:max:increment). For example, (2.85:3.95:0.1) in S1 represent that A

was in discrete increments (2.85,2.95, ..., 3.85,3.95).

Case A y Vi W, I M2 @y a hi h
s1 285:395:01 05 5 5 2 4 6 8 20 20
) 2.95 05 5 3:8:1 2 4 6 8 20 20
S3 2.95 05 5 5 2:8:1 4 6 8 20 20
S4 3.95 05 5 5 2 4 6 2:16:2 20 20
S5 2.95 05 5 5 2 4 6 8 20 10:80:10
than the FV and BR policy in all 32 cases. There was no statisti- 650 -
cal difference in sample mean AHC between the MDP policy and 600 - 7'{‘(’3"&
the LWD or LQCT polices in cases 4 and 7. We can also see from - _MDP
Fig. 3 that the LWD and LQCT policies are preferred over FV and =550 | \
BR given a system with stochastic demand tasks. However, it is
difficult to identify a preferred policy just by evaluating the box g 500
plot. The LQCT policy has a slightly lower median value, but higher ?_(; 450l
overall variation. A similar statistical analysis was conducted on 8
the difference in sample mean AHC for LWD - LQCT. A summary 2400
of the numerical results are included in Table A2, found in the Ap- k=]
pendix. In 9 cases, the LQCT policy performs significantly better £850
than the LWD policy. Out of the remaining 23 policies, LWD out %300 |
performs LQCT in 5 of them. In the following sections, we con- g
duct additional analysis to fully evaluate the performance differ- Z o501
ences between LWD and LQCT.
Interestingly, the FV policy performs worse than both the LWD 200 1
and LQCT policies, suggesting that the FV policy is not appropriate 150 ‘ ‘ ‘ ‘ ‘ i ‘
for cases with stochastic demand tasks. This warrants additional 2.8 3 3.2 3.4 3.6 3.8 4

discussion as it is in contrast to the recommendation of Mayorga
et al. [24]. There are two significant differences between this work
and Mayorga et al. [24] which contribute to the conflicting results.
First and foremost is the underlying differences between determin-
istic and stochastic demand tasks. When a queue was cleared in
the deterministic case, all volunteers would leave the system, as
neither paper allows for reassignment. Given stochastic demand, it
does not make sense to have volunteers leave immediately when
the demand is zero, because additional demand may arrive. The
FV policy likely performed well in the deterministic case because
it minimized the volunteers lost after task completion. The second
major difference between the two papers is the model objective.
Mayorga et al. [24] compared “time to completion” as the met-
ric when determining optimality. This metric is inappropriate in
the case with stochastic demand as there is no clear completion
time for stochastic tasks. Additionally, differences in relative hold-
ing cost were not considered in the previous paper, as tasks were
assumed to be similar or have the same level of importance. Hold-
ing costs are a significant factor in the assignment decision of the
LWD and LQCT policies.

6.1. Sensitivity analysis

We develop five different sensitivity analysis cases to further
investigate the performance differences between the LWD and
LQCT policies. Case S1 varies the arrival rate of spontaneous vol-
unteers to determine the impact of varied volunteer arrival rates
on AHC. Cases S2-S5 vary system parameters to create different
types of queue imbalances. Cases S2 and S3 vary parameters
on the volunteer side, maximum volunteer capacity and service
rate respectively. The last two cases, S4 and S5, vary demand
side parameters, namely arrival rate and relative holding cost, to
determine the impact on AHC within the system. The arrival rate
in case S4 is increased to allow for feasible solutions with higher
demand arrival rates.

A summary of the fixed and varied parameters
(min:max:increment) in each sensitivity case (S1-S5) can be
found in Table 2. Results are provided as graphs of the sample

Volunteer Arrival Rate

Fig. 4. AHC vs Volunteer Arrival for Case S1.

mean AHC and a 95% half width over the 1000 replications for
each of policies. Full results for the sensitivity analysis, can be
found in Table A3.

6.1.1. Variations in spontaneous volunteer arrival

It is assumed that in the immediate aftermath of a disaster,
queues will experience extremely heavy demand and high sponta-
neous volunteer participation. We adjust the overall arrival rate of
volunteers, A, in Case S1 from moderate to very high and compare
LWD and LQCT to the MDP solution. Fig. 4 indicates that LWD and
LQCT policies perform well over the majority of the cases within
S1. When volunteer arrival rates are very high, LWD and LQCT per-
form nearly as well as the MDP solution. Table A3 shows that for
cases S1.11 and S1.12, there is no statistically significant difference
between MDP and LWD or LQCT policies. The LQCT policy does
perform significantly better than LWD for cases S1.8-S1.11, indicat-
ing that it may be more appropriate for use in cases with high vol-
unteer arrival rates. At rates beyond A=3.95 (S1.12), there is not a
statistically significant difference between LWD, LQCT, or the MDP
policy. If arrival rates are pushed to an extreme (e.g. A > 20), SV
positions will “always” be full, and so there is no difference be-
tween any policy (even random assignment).

As the volunteer arrival rates decrease, the average deviation
grows for all policies. At moderate levels of spontaneous volunteer
arrivals (S1.1-S1.4), all policies perform statistically significantly
worse than the MDP policy. In these situations, volunteer assign-
ment decisions become increasingly important to system perfor-
mance. There is no significant difference between the LWD and
LQCT policies in cases with moderate volunteer arrival rates. Over-
all, the LQCT policy performed significantly better than LWD in 5
of the 12 sub-cases tested.

6.1.2. Queue imbalance caused by spontaneous volunteers
Next we compare cases with queue imbalances in terms of
spontaneous volunteers (S2 and S3). We first consider variations in
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| wD LWD policy in 2 of the 7 cases. Overall, the LQCT policy is the best
500 LQCT performing heuristic policy, matching MDP performance in 4 of the
~~~MDP 7 sub-cases.
54501
g 400 6.1.3. Queue imbalances caused by demand tasks
k=3 Next we move to cases with a queue imbalance on the demand
3 350 side (S4 and S5). Case S4 varies the work arrival rate in queue 2
o (arp) producing a queue imbalance that also indirectly affects sys-
2300 tem utilization. As the arrival rate of work in queue 2 increases,
S 250 we see a nonlinear increase in holding costs across all policies in
% Fig. 7. At higher demand arrival rates, all policies perform poorly
& 200 when compared to the MDP policy. In fact, all policies perform
o significantly worse than the MDP policy in all but one sub-case
<150 (S4.4). It is important to note that the LWD policy is the worst
100 performing heuristic for cases with extremely imbalanced demand
TEEEEREE rates. In cases with extremely imbalanced queues, volunteer man-
50 : : : : : : agers must exercise caution to ensure that volunteers are not all
2 3 4 5 6 7 8

mu 1

Fig. 6. AHC vs Volunteer Work Rate p; for Case S3.

maximum volunteer capacity (V;) of one task. Within Case S2, all
policies perform statistically worse than the MDP policy over all
parameters tested. There is no significant difference in mean AHC
between the LWD and LQCT in any of the sub-cases. We can see
from Fig. 5 that there exists some value of V, at which additional
work space does not translate to improved output. Clearly, the as-
signment policy alone is not always enough to take advantage of
the increased floor space. Understanding when this bottleneck oc-
curs is of practical importance for volunteer managers who need to
make decisions on planned facility layout with limited floor space.
Planners should consider volunteer participation levels when de-
veloping floor plans for VRCs. Other options to improve space uti-
lization would be improved volunteer recruitment or initiatives to
reduce departure rate of volunteers.

Queues with imbalance in volunteer service rates (¢;) are com-
pared in Case S3. Here, we consider demand tasks with equal rel-
ative importance (h; = hy) but large differences in service rates.
Fig. 6 shows LWD and LQCT performing well across the tested
range, indicating they are fairly robust to changes in service rate.
The LWD policy does not take into account the service rate dif-
ferences directly, and therefore it is expected that the LQCT policy
performs better. The LQCT performs significantly better than the

assigned to one task. For example, at high demand arrival rates,
the LWD policy reacts by sending all volunteers to queue 2, effec-
tively ignoring queue 1 for periods of time. The LQCT policy is less
affected by this phenomenon due to the volunteer count compo-
nent within the heuristic. There is no significant difference in the
LWD and LQCT policy in 7 of the 8 sub-cases. However, the LQCT
policy is more robust to large differences in demand arrival rates.

Finally, in case S5 we consider the scenario in which the rela-
tive importance of one task is very different in to another. For ex-
ample, consider a case in which a relief organization is providing
food/water to beneficiaries and also sorting incoming donations at
a warehouse. The immediate importance of getting the food/water
to beneficiaries likely outweighs the need to sort donations. For
cases where the importance is relatively similar (1.2x) LWD and
LQCT perform similarly. Fig. 8 identifies a critical point around
h, = 1.5h; where the trends change. The performance of LWD and
LQCT diverges significantly to the right of this point. LQCT begins
to approach the performance level of FV in cases with a large im-
balances in relative importance. This is the only sensitivity case in
which IWD performed statistically significantly better than LQCT
(5 of 8 sub-cases). When extreme differences exist in task impor-
tance, LWD is the preferred heuristic assignment strategy.

6.2. Policy recommendation

From the 32 original cases, there is little discernible difference
between the IWD and LQCT policies. The LWD policy has a slightly
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lower mean average deviation (13.2 vs 13.3) and tighter variance
when compared to LQCT. However, the LQCT policy is more robust
than the LWD policy, as shown by out performing LWD in 3 of the
5 sensitivity cases (S1, S3, S4). However, in cases with high spon-
taneous volunteer arrival rates (51.12), there is no significant dif-
ference between the LWD and LQCT policy. One major drawback
to the LQCT policy is that it does not handle large differences in
holding costs between demand tasks. In cases with a high ratio of
hy/hq, LWD is clearly the best performing policy.

We must also consider difficulty of implementation when de-
termining a policy recommendation. The FV policy is most attrac-
tive in volunteer management due to the ease of implementation
and requiring limited system information. The LWD policy, an ex-
tension of the Largest Demand policy, requires the volunteer coor-
dinators to keep track of demand and place value on the relative
importance of each task. The LQCT policy requires complete sys-
tem knowledge, which may be unknown during early disaster re-
sponse efforts. In comparison to all other heuristic policies tested,
FV requires the least amount of system knowledge. However, the
FV policy is not robust, and performs poorly in a variety of sys-
tem configurations. As shown in Fig. 3, the FV policy is the worst
performing on average and has an extremely large variance in AHC
across all cases.

Although LQCT performs slightly better than LWD over the ma-
jority of cases tested, it has two major drawbacks: (1) implementa-
tion difficulty and (2) performance in systems with a large holding
cost differences. It is expected that volunteer coordinators may not
have full system knowledge immediately following a disaster mak-
ing LQCT difficult to implement. Throughout the disaster response,
it is expected that tasks with largely different priorities require
volunteers. For cases with a large difference between priority rat-
ings, LWD should be used over LQCT to minimize AHC. Therefore
we recommend the use of the LWD volunteer assignment policy
for disaster response tasks with stochastic demand.

7. Conclusions

In this section we summarize the results of the paper and dis-
cuss future work related to spontaneous volunteer assignment.

7.1. Summary

This paper modeled spontaneous volunteer assignment at a
volunteer reception center (VRC) in a post disaster setting. The

problem was formulated as a queuing model with stochastic ar-
rival of demand, stochastic arrival and departure of volunteers, and
stochastic and additive service rates. This is an expansion upon the
previous work by Mayorga et al. [24] and allows for stochastic de-
mand. The queuing system was formulated as a continuous time
MDP and transformed to a discrete time MDP using uniformiza-
tion. Solving the MDP using value iteration provided an optimal
control policy. It was shown that the optimal policy is extremely
complex and not suited for use in a disaster relief operation. Three
different heuristic policies were introduced as implementable al-
ternatives to the optimal MDP policy: (1) the Fewest Volunteer
policy, (2) the Largest Weighted Demand policy, (3) the Largest
Queue Clearing Time policy. A fourth policy, Best Random was in-
cluded as a reference.

In order to test the performance of these heuristics compared
to the MDP policy, a discrete event simulation model was devel-
oped in Matlab. A set of thirty two experiments were designed
to test the robustness of each heuristic policy. Although the FV
policy is easy to implement, it was found to not perform well
in cases with stochastic demand. This is in contrast to the re-
sults found by Mayorga et al. [24], which recommended FV in
cases with deterministic demand. A short discussion of the under-
lying differences between the two papers was included for com-
pleteness. On average the LWD and LQCT policies performed well
in relation to the MDP policy when minimizing average holding
cost.

Additional sensitivity analysis was conducted to further eval-
uate the effectiveness of LWD and LQCT. Again, both policies
perform well, with LQCT performing better than LWD in the
majority of cases tested. The exception to this was cases with
large imbalances in relative holding costs, where LWD performed
statistically significantly better than LQCT. Ease of implementa-
tion and usability was also discussed. The policy recommenda-
tion for volunteer assignment given tasks that exhibit stochas-
tic demand is to use the LWD policy. While there are chal-
lenges with implementing any routing policy in a post disaster re-
sponse, the results show that value can be gained from planning
for spontaneous volunteers and choosing appropriate assignment
stategies. Volunteer organizations that are able to better manage
spontaneous volunteers will be better able to serve the affected
population.

7.2. Limitations and future work

There are a few important limitations due to the formulation
approach and model assumptions that should be discussed. With
the Markov assumption, we cannot track volunteers day to day
and therefore are unable to account for any individual task learn-
ing that may improve the service rate. We assume that tasks
change frequently, dependent on the needs of the organizations,
and therefore the benefit of learning is minimal. Similarly, we ig-
nore volunteer training because we cannot track training across
separate visits under the Markov assumptions. It is possible to in-
clude a training element within the model, through the develop-
ment of additional states, but retraining would occur for each vol-
unteer.

Future work includes efforts to add more realism to the spon-
taneous volunteer assignment model. We would like to incor-
porate volunteer preference in the model in two ways. (1) Al-
low for multiple classes of volunteers who are only able to
work or prefer a subset of available tasks. (2) Incorporate vari-
able volunteer departure rates based on task preference or num-
ber of other volunteers throughout the system. Finally, we would
like to further relax the model to allow for reassignment of
volunteers.
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Table A1
Input parameters for each of the 2 baseline cases.
Case A 14 Vi vy 221 223 aq o hy hy
1 3.066 0.517 5 3 2.4 1.2 3 1 20 10
2 3.066 0.517 5 3 2.4 1.2 3 1 20 60
3 3.066 0.517 5 3 24 1.2 3 2 20 10
4 3.066 0.517 5 3 2.4 1.2 3 2 20 60
5 3.066 0.517 5 3 2.4 1.2 5 1 20 10
6 3.066 0.517 5 3 2.4 1.2 5 1 20 60
7 3.066 0.517 5 3 2.4 1.2 5 2 20 10
8 3.066 0.517 5 3 2.4 1.2 5 2 20 60
9 3.066 0.517 5 3 2.4 3.6 3 1 20 10
10 3.066 0.517 5 3 24 3.6 3 1 20 60
11 3.066 0.517 5 3 2.4 3.6 3 2 20 10
12 3.066 0.517 5 3 2.4 3.6 3 2 20 60
13 3.066 0.517 5 3 24 3.6 5 1 20 10
14 3.066 0.517 5 3 2.4 3.6 5 1 20 60
15 3.066 0.517 5 3 2.4 3.6 5 2 20 10
16 3.066 0.517 5 3 2.4 3.6 5 2 20 60
17 3.066 0.517 5 8 2.4 1.2 3 1 20 10
18 3.066 0.517 5 8 2.4 1.2 3 1 20 60
19 3.066 0.517 5 8 2.4 1.2 3 2 20 10
20 3.066 0.517 5 8 24 1.2 3 2 20 60
21 3.066 0.517 5 8 2.4 1.2 5 1 20 10
22 3.066 0.517 5 8 2.4 1.2 5 1 20 60
23 3.066 0.517 5 8 24 1.2 5 2 20 10
24 3.066 0.517 5 8 2.4 1.2 5 2 20 60
25 3.066 0.517 5 8 2.4 3.6 3 1 20 10
26 3.066 0.517 5 8 2.4 3.6 3 1 20 60
27 3.066 0.517 5 8 2.4 3.6 3 2 20 10
28 3.066 0.517 5 8 2.4 3.6 3 2 20 60
29 3.066 0.517 5 8 2.4 3.6 5 1 20 10
30 3.066 0.517 5 8 24 3.6 5 1 20 60
31 3.066 0.517 5 8 2.4 3.6 5 2 20 10
32 3.066 0.517 5 8 2.4 3.6 5 2 20 60
Table A2
Computational results of the 2* factorial base cases.
Mean Holding Cost per Day Average Deviation from MDP
Case MDP LWD FV LQCT BR LWD-LQCT LWD FV LQCT BR
Baseline 1 244 26.1 31.5 26.2 31.6 -0.1 6.8% 28.7% 7.4% 29.3%
2 60.5 61.4 65.1 61.4 80.7 0.0 1.5% 7.5% 1.5% 33.4%
3 52.8 55.1 58.5 52.8 76.6 2.3 4.3% 10.8% 0.0% 45.1%
4 181.8 178.5 2229 189.9 317.0 -114 -1.8% 22.6% 4.4% 74.3%
5 52.7 55.4 110.3 61.6 68.3 -6.2 5.2% 109.3% 16.9% 29.7%
6 103.7 107.3 144.9 109.7 1374 -24 3.4% 39.7% 5.7% 32.5%
7 103.1 1109 134.9 109.4 140.4 1.5 7.6% 30.9% 6.1% 36.2%
8 270.9 275.8 295.5 264.4 420.8 11.5 1.8% 9.1% —2.4% 55.3%
9 17.0 19.7 27.5 20.0 20.7 -03 15.7% 61.7% 17.4% 21.6%
10 29.5 31.9 36.4 30.8 41.4 1.1 7.9% 23.2% 4.1% 40.0%
11 22.6 23.5 29.3 244 28.9 -0.9 4.3% 30.0% 8.1% 28.3%
12 46.9 48.6 51.0 47.6 68.8 1.0 3.6% 8.9% 1.6% 46.9%
13 39.8 45.6 104.9 47.5 49.5 -2.0 14.5% 163.6% 19.4% 24.3%
14 59.5 63.9 113.9 63.9 78.2 0.0 7.5% 91.6% 7.5% 31.5%
15 48.9 54.1 108.3 55.1 61.0 -0.9 10.8% 121.6% 12.7% 24.8%
16 85.5 91.6 130.2 87.7 121.8 39 7.1% 52.3% 2.5% 42.4%
17 229 28.6 30.8 29.0 34.7 -0.4 25.0% 34.4% 26.7% 51.5%
18 50.7 57.8 57.6 54.8 76.8 3.0 13.9% 13.5% 8.0% 51.4%
19 38.7 44.7 46.6 43.6 67.2 1.1 15.5% 20.5% 12.7% 73.9%
20 108.4 116.6 152.5 111.2 171.2 5.4 7.6% 40.7% 2.6% 57.9%
21 47.9 57.3 1224 64.4 73.9 -71 19.6% 155.6% 34.5% 54.4%
22 91.6 105.1 149.6 103.0 1424 2.1 14.7% 63.2% 12.4% 55.3%
23 80.3 89.4 126.1 95.1 141.1 -5.7 11.3% 57.0% 18.3% 75.6%
24 194.7 218.1 225.2 206.1 307.3 12.0 12.0% 15.7% 5.8% 57.9%
25 16.5 23.5 27.1 24.0 20.7 -0.5 42.2% 64.0% 45.5% 25.1%
26 274 33.2 345 32.0 394 13 21.4% 26.0% 16.8% 44.0%
27 21.0 274 28.8 27.0 28.7 0.4 30.5% 37.4% 28.5% 36.6%
28 41.8 47.2 46.3 45.0 63.7 22 12.8% 10.8% 7.5% 52.3%
29 38.8 49.9 110.3 53.9 49.0 -4.1 28.5% 184.1% 38.9% 26.3%
30 55.3 68.0 117.6 65.3 74.8 2.7 23.0% 112.4% 18.0% 35.1%
31 47.0 57.8 117.6 57.9 62.8 -0.1 23.0% 150.0% 23.1% 33.4%
32 77.3 92.6 135.0 86.2 1204 6.4 19.7% 74.6% 11.5% 55.7%
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Table A3
Computational results of the Sensitivity Cases.

Mean Holding Cost per Day

Average Deviation from MDP

Case MDP LWD FV LQCT BR LWD-LQCT LWD FV LQCT BR
S1: Vary S1.1 476.3 591.3 636.8 568.9 619.6 224 24.1% 33.7% 19.4% 30.1%
Arrival Rate, A S1.2 420.7 513.4 595.7 497.3 547.3 16.1 22.0% 41.6% 18.2% 30.1%
S1.3 380.3 451.4 534.2 428.4 496.7 23.0 18.7% 40.5% 12.6% 30.6%
S1.4 338.0 392.1 489.2 389.5 463.1 2.6 16.0% 44.7% 15.2% 37.0%
S1.5 3103 356.3 462.5 322.1 4123 34.2 14.8% 49.0% 3.8% 32.8%
S1.6 276.7 305.8 411.7 301.2 376.3 4.6 10.5% 48.8% 8.9% 36.0%
S1.7 257.0 265.8 354.7 262.1 344.7 3.7 3.4% 38.0% 2.0% 34.1%
S1.8 226.2 259.5 3334 237.8 310.6 21.7 14.7% 47.4% 5.1% 37.3%
S1.9 213.7 228.0 298.1 210.5 286.4 17.5 6.7% 39.5% -1.5% 34.0%
S1.10 188.3 207.3 271.3 187.6 258.5 19.7 10.1% 44.1% -0.3% 37.3%
S1.11 1783 185.4 250.2 175.7 2343 9.6 3.9% 40.3% -1.5% 31.3%
S1.12 163.0 170.1 2253 168.7 210.0 14 4.3% 38.2% 3.5% 28.8%
S2: Vary V, S2.1 545.2 644.3 611.5 644.2 715.1 0.1 18.2% 12.2% 18.2% 31.1%
S2.2 450.0 531.0 585.7 524.6 572.6 6.4 18.0% 30.1% 16.6% 27.2%
S2.3 420.7 5134 595.7 497.3 554.8 16.1 22.0% 41.6% 18.2% 31.9%
S2.4 4159 505.6 577.8 481.4 550.5 24.2 21.6% 38.9% 15.8% 32.4%
S2.5 412.5 505.3 560.7 496.4 566.1 8.9 22.5% 35.9% 20.3% 37.2%
S2.6 408.1 493.5 562.6 469.7 565.5 23.8 20.9% 37.9% 15.1% 38.6%
S3: Vary 4 S3.1 420.7 5134 595.7 497.3 547.3 16.1 22.0% 41.6% 18.2% 30.1%
S3.2 202.0 213.1 224.5 209.4 298.1 3.7 5.5% 11.1% 3.7% 47.6%
S3.3 139.7 146.2 167.7 140.4 209.7 5.8 4.6% 20.0% 0.5% 50.1%
S3.4 1121 121.3 145.4 114.4 179.0 6.9 8.2% 29.6% 2.0% 59.6%
S3.5 94.1 102.7 145.1 93.8 148.8 8.9 9.1% 54.1% -0.3% 58.1%
S3.6 83.1 90.1 136.5 89.7 133.7 0.5 8.5% 64.3% 7.9% 60.9%
S3.7 76.1 87.1 1329 82.8 1243 4.4 14.5% 74.6% 8.7% 63.4%
S4: Vary a; S4.1 71.9 79.8 184.1 78.0 91.6 1.8 11.0% 156.1% 8.6% 27.4%
54.2 91.5 98.6 187.8 98.6 1121 0.0 7.8% 105.2% 7.7% 22.4%
S4.3 118.4 125.9 208.0 123.6 156.2 2.3 6.4% 75.8% 4.4% 32.0%
S4.4 163.0 170.1 2253 168.7 208.2 14 4.3% 38.2% 3.5% 27.7%
54.5 227.0 244.6 276.6 244.0 297.5 0.7 7.8% 21.9% 7.5% 31.1%
54.6 3238 356.8 398.6 353.0 415.1 3.8 10.2% 23.1% 9.0% 28.2%
S4.7 462.0 550.0 583.9 528.9 592.5 21.1 19.0% 26.4% 14.5% 28.3%
54.8 611.1 797.1 764.0 730.4 774.5 66.8 30.4% 25.0% 19.5% 26.7%
S5: Vary h; S5.1 285.2 344.8 534.3 355.8 427.7 -11.1 20.9% 87.3% 24.7% 49.9%
S5.2 420.7 513.4 595.7 497.3 554.8 16.1 22.0% 41.6% 18.2% 31.9%
S5.3 491.4 575.1 657.1 593.0 680.7 -17.9 17.0% 33.7% 20.7% 38.5%
S5.4 542.0 624.4 718.5 675.5 791.9 -51.1 15.2% 32.6% 24.6% 46.1%
S5.5 573.9 657.9 779.9 713.9 908.6 -56.0 14.6% 35.9% 24.4% 58.3%
S5.6 613.4 708.1 841.3 782.8 1028.7 -74.7 15.4% 37.1% 27.6% 67.7%
S5.7 646.5 746.2 902.6 829.4 1133.6 -83.1 15.4% 39.6% 28.3% 75.3%
S5.8 687.4 782.2 964.0 883.8 1299.7 -101.6 13.8% 40.2% 28.6% 89.1%

Appendix A. Full computational results

The Tables in Appendix A provide the full results of the compu-
tational experiments. Results are shown for all policies (e.g. Fewest
Volunteer, Largest Weighted Demand, Largest Queue Clearing Time,
Markov Decision Process, and Best Random) over all cases. Table
Al summarizes the system parameters for each of the baseline
cases. Tables A2 and A3 include the sample mean AHC from 1000
simulated replications for each policy. The difference in mean AHC
between LWD and LQCT and percent deviation from the MDP pol-
icy are also included for ease of comparison. Bolded values indicate
a statistically significant difference (p < 0.05) in sample mean
AHC between MDP and all other policies. Similarly, the difference
between LWD and LQCT is bolded if the difference is statistically
significant.

Supplementary material

Supplementary material associated with this article can be
found, in the online version, at doi:10.1016/j.0mega.2020.102228.
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