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1 Survey of Quantitative Methods

The bread and butter of quantitative consulting is the ability to apply quantitative methods to
business problems in order to obtain actionable insight. Clearly, it is impossible (and perhaps
inadvisable, in a more general sense) for any given individual to have expertise in every field of
mathematics, statistics, and computer science.

We believe that the best consulting framework is reached when a small team of consultants
possesses expertise in 2 or 3 areas, as well as a decent understanding of related disciplines, and
a passing knowledge in a variety of other domains: this includes keeping up with trends, im-
plementing knowledge redundancies on the team, being conversant in non-expertise areas, and
knowing where to find detailed information (online, in books, or through external resources).

In this section, we present an introduction for 9 “domains” of quantitative analysis:

survey sampling and data collection;
data processing;
data visualisation;
statistical methods;
queueing models;
data science and machine learning;
simulations;
optimisation, and
trend extraction and forecasting;

Strictly speaking, the domains are not free of overlaps. Large swaths of data science and time
series analysis methods are quite simply statistical in nature, and it’s not unusual to view opti-
misation methods and queueing models as sub-disciplines of operations research. Other topics
could also have been included (such as Bayesian data analysis or signal processing, to name but
two), and might find their way into a second edition of this book.

Our treatment of these topics, by design, is brief and incomplete. Each module is directed at
students who have a background in other quantitative methods, but not necessarily in the topic
under consideration. Our goal is to provide a quick “reference map” of the field, together with
a general idea of its challenges and common traps, in order to highlight opportunities for appli-
cation in a consulting context. These subsections are emphatically NOT meant as comprehensive
surveys: they focus on the basics and talking points; perhaps more importantly, a copious number
of references are also provided.

We will start by introducing a number of motivating problems, which, for the most part, we
have encountered in our own practices. Some of these examples are reported on in more details
in subsequent sections, accompanied with (partial) deliverables in the form of charts, case study
write-ups, report extract, etc.).

As a final note, we would like to stress the following: it is IMPERATIVE that quantitative consul-
tants remember that acceptable business solutions are not always optimal theoretical solutions.
Rigour, while encouraged, often must take a backseat to applicability. This lesson can be difficult
to accept, and has been the downfall of many a promising candidate.
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1.5 Queuing Models

Queuing theory is a branch of mathematics that studies and models the act of waiting in lines.
The first paper on queuing theory, “The Theory of Probabilities and Telephone Conversations”
was published in 1909 by A.K. Erlang, now considered the father of the field. He pondered the
problem of determining how many telephone circuits were necessary to provide phone service
that would prevent customers from waiting too long for an available circuit.

In developing a solution to this problem, he began to realize that the problem of minimizing
waiting time was applicable to many fields, and began developing the theory further. Erlang’s
switchboard problem laid the path for modern queuing theory.

Queueing theory boils down to answering simple questions like the following:

How likely is it that objects/units/persons will queue up and wait in line?
How long will the line be?
How long will the wait be?
How busy will the server/person/system servicing the line be?
How much capacity is needed to meet an expected level of demand?

Knowing how to think about these kinds of questions will help clients anticipate bottlenecks. As
a result, they will build systems and teams to be more efficient and more scalable, to have higher
performance and lower costs, and to ultimately provide better service to their customers.

Queueing theory also allows for the quantitative treatment of bottlenecks and effect on perfor-
mance. For instance, a question such as “how long will the wait be, on average?” will have an
answer, but so will other questions concerning the variability of wait times, the distribution of
wait times, and the likelihood that a customer someone will receive extremely poor service, and
so on [9].

Let us consider a simple example. Suppose a grocery store has a single checkout line and a single
cashier. If, on average, one shopper arrives at the line to pay for their groceries every 5 minutes
and if scanning, bagging, and paying takes 4.5 minutes, on average, will customers have to wait in
line? When the problem is presented this way, our intuition says that there should be no waiting
in line, and that the cashier should be idle, on average, 30 seconds every 5 minutes, only being
busy 90% of the time. No one ever has to wait before being served!

If you have ever been in grocery store, you know that’s not really what happens in reality;
many shoppers will be waiting waiting in line, and they will have to wait a long time before being
processed. Fundamentally, queueing happens for three reasons:

irregular arrivals – shoppers do not arrive at the checkout line on a regular schedule; they
are sometimes spaced far apart and sometimes close together, so they overlap (an overlap
automatically causes queueing and waiting);
irregular job sizes – shoppers do not all get processed in 4.5 minutes; somebody shopping
for a large family will require much more time, for instance (when this happens, overlap
is again a problem because new shoppers will arrive and be ready to check out while the
existing ones are still in progress), and
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waste – lost time can never be regained; shoppers overlap because the second shopper
arrived before the first shopper had the time to finish, but looking at it the other way, perhaps
it’s not the second shopper’s fault; perhaps the first shopper should have arrived earlier, but
wasted time reading a gossip magazine while the cashier was idle! They missed their chance
for quick service and, as a result, made the second shopper have to wait.

In general, irregular arrival times and job sizes are guaranteed to cause queueing. The only time
there is no queueing is when the job sizes are uniform, the arrivals are timed evenly, and there is
little enough work for the cashier to keep up. Even when the cashier is barely busy at all, irregular
arrivals or arrivals in bursts will cause some queueing.

Queueing gets worse when the following is true of the system:

high utilisation – the busier the cashier is, the longer it takes to recover from wasted time;
high variability – the more variability in arrivals or job sizes, the more waste and the more
overlap (queueing) occurs, and
insufficient servers – fewer cashiers means less capacity to absorb arrival spikes, leading
to more wasted time and higher utilisation.

1.5.1 Terminology

Queueing theory studies systems and processes in terms of three key concepts:

customers are the units of work that the system serves – a customer can be a real person,
or it can be whatever the system is supposed to process and complete: a web request, a
database query, a part to be milled by a machine, etc.;
servers are the objects that do the processing work – a server might be the cashier at the
grocery store, a web server, a database server, a milling machine, etc., and
queues are where the units of work wait if the server is busy and can not start the work as
they arrive – a queue may be a physical line, or reside in memory, etc.

To begin understanding and describing queues, we must first have know and understand some
useful probability distributions, as well as input and output processes.

Exponential and Poisson Probability Distributions The Poisson and exponential distribu-
tions play a prominent role in queuing theory. The Poisson distribution counts the number of
discrete events occurring in a fixed time period; it is closely connected to the exponential distri-
bution, which (among other applications) measures the time between arrivals of the events. The
Poisson distribution is a discrete distribution; the random variable can only take non-negative
integer values. The exponential distribution can take any (nonnegative) real value.

Consider the problem of determining the probability of n arrivals being observed during a time
interval of length t, where the following assumptions are made:

the probability that an arrival is observed during a small time interval (say of length ν)
is proportional to the length of interval; let the proportionality constant be λ, so that the
probability is λν;
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(a) Poisson distribution with λt = 2.3. (b) Exponential distribution with parameter λ.

Figure 1: Poisson and exponential distributions. The shaded area (on the right) represents the probability
that a customer will wait up to the length of the time interval t.

the probability of two or more arrivals in a small interval is zero, and
the number of arrivals in any time interval is independent of the number in non-overlapping
time interval (for example, the number of arrivals occurring between times 5 and 25 does
not provide information about the number of arrivals occurring between times 30 and 50).

Now, let P(n; t) be the probability of observing n arrivals in a time interval of length t. Then, for
some λ > 0,

Pλ(n; t) =
(λt)n

n!
e−λt , n= 0,1, 2, · · ·

is the p.m.f. of the Poisson distribution for the discrete random variable n – the number of
arrivals – for a given length of time interval t (see Figure 1a). In a queueing system, such arrivals
are referred to as Poisson arrivals.

The time between successive arrivals is called the inter-arrival time. If the number of arrivals
in a given time interval follows a Poisson distribution with parameter λt, the inter-arrival times
follow an exponential distribution with p.d.f.

fλ(t) = λe−λt , for t > 0,

and the probability P(W ≤ t) that a customer’s waiting time W is smaller than the length of the
time interval t is

P(W ≤ t) = 1− e−λt (see Figure 1b).

In general, if the arrival rate is stationary, if bulk arrivals (two or more simultaneous arrivals)
cannot occur, and if past arrivals do not affect future arrivals, then inter-arrival times follow an
exponential distribution with parameter λ, and the number of arrivals in any interval of length t
is Poisson with parameter λt.

One of the most attractive features of using the exponential distribution to model inter-arrival
times is that it is memoryless – if a random variable X follows an exponential distribution, then
for all non-negative values of t and h,

P(X ≥ t + h|X ≥ t) = P(X ≥ h). (1)

5 (DRAFT)



INTRODUCTION TO QUANTITATIVE CONSULTING P Boily, J Schellinck, S Hagiwara (DRAFT)

No other density function satisfies (1) [2]. The memoryless property of the exponential distri-
bution is important because it implies that the probability distribution of the time until the next
arrival is independent of the time since the last arrival – imagine if that was the case when waiting
for public transportation!

For instance, if we know that at least t time units have elapsed since the last arrival, then the
distribution of time h until the next arrival is independent of t. If h= 4, say, then (1) yields

P(X > 9|X > 5) = P(X > 7|X > 3) = P(X > 4|X > 0) = e−4λ.

Erlang Distribution The exponential distribution is not always an appropriate model of inter-
arrival times (perhaps the process should not be memoryless, say). A common alternative is to
use the Erlang distribution E (R, k), a continuous random variable with rate and shape parameter
R> 0 and k ∈ Z+, respectively, whose p.d.f. is

fR,k(t) =
R(Rt)k−1e−Rt

(k− 1)!
, t ≥ 0.

When k = 1, the Erlang distribution reduces to an exponential distribution with parameter R. It
can be shown that if X ∼ E (kλ, k), then X ∼ X1 + X2 + · · ·+ Xk, where each X i is an independent
exponential random variable with parameter kλ.

When we model the inter-arrival process as an Erlang E (kλ, k) distribution, we are really say-
ing that it is equivalent to customers going through k phases (each of which is memoryless)
before being served. For this reason, the shape parameter is often referred to as the number of
phases of the Erlang distribution [12].

Input/Arrival Process The input process is usually called the arrival process. Arrivals are
called customers. In the models that we discuss, we assume that arrivals cannot be simultaneous
(this might be unrealistic when modeling a restaurant, say). If simultaneous arrivals can occur,
we say that bulk arrivals are allowed.

Usually, we assume that the arrival process is unaffected by the number of customers in the
system. In the context of a bank, this would imply that whether there are 500 or 5 people at the
bank, the process governing arrivals remains unchanged.

There are two common situations in which the arrival process may depend on the number of
customers present. The first occurs when arrivals are drawn from a small population – the so-
called finite source models – if all members of the populations are already in the system, there
cannot be another arrival!

Another such situation arises when the rate at which customers arrive at the facility decreases
when the facility becomes too crowded. For example, when customers see that a restaurant’s
parking lot is full, they might very well decide to go to another restaurant or forego eating out
altogether. If a customer arrives but fails to enter the system, we say that the customer has balked.

Output/Service Process To describe the output process (often called the service process) of
a queuing system, we usually specify a probability distribution – the service time distribution –
which governs the customers’ service time.
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In most cases, we assume that the service time distribution is independent of the number of cus-
tomers present in the system. This implies, for example, that the server does not work faster when
more customers are present.

We can distinguish two types of servers: in parallel and in series. Servers are in parallel if
they all provide the same type of service and a customer only needs to pass through one of them
to complete their service. For example, the tellers in a bank are usually arranged in parallel; typ-
ically, customers only need to be serviced by one teller, and any teller can perform the desired
service. Servers are in series if a customer must pass through several servers before their service
is complete. An assembly line is an example of such a queuing system.

Input and output processes occur in a variety of situations:

situation: purchasing Blue Jays tickets at the Rogers Centre
input: baseball fans arrive at the ticket office
output: tellers serve the baseball fans;
situation: pizza parlour
input: requests for pizza delivery are received; output: pizza parlour prepares and bakes
pizzas, and sends them to be delivered;
situation: government service centre
input: citizen/residents enter the service centre
output: receptionist assigns them to a specific queue based on their needs
. input: citizen/residents enter a specific queue based on their needs
. output: public servant addresses their needs;
situation: hospital blood bank
input: pints of blood arrive
output: patients use up pints of blood;
situation: garage
input: cars break-down and are sent to the garage for repairs
output: cars are repaired by mechanics and sent back on the streets.

The computations are fairly easy to execute, as the following examples demonstrate.

On average, 4.6 customers enter a coffee shop each hour. If the arrivals follow a Poisson
process, the probability that at most two customers will enter in a 30 minute period is

Pλ=4.6(n≤ 2; t = 0.5) = P4.6(0, 0.5) + P4.6(1, 0.5) + P4.6(2, 0.5)

= e−4.6·0.5
�

(4.6 · 0.5)0

0!
+
(4.6 · 0.5)1

1!
+
(4.6 · 0.5)2

2!

�

≈ 0.5960;

the corresponding Poisson distribution is shown in Figure 1a.

In a fast food restaurant, a cashier serves on average 9 customers in a one-hour time period.
If the service time follows an exponential distribution, 89.5% and 2.4% of customers will
be served in 15 minutes or less and after 25 minutes, respectively. Indeed,

P(W ≤ 15/60) = 1− e−9·15/60 ≈ 0.8946 and P(W > 25/60) = e−9·25/60 ≈ 0.0235.
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Queue Discipline To describe a queuing system completely, we must also describe the queue
discipline and the manner in which customers join lines. The queue discipline describes the
method used to determine the order in which customers are served:

the most common queue discipline is the first come, first served (FCFS) discipline, in which
customers are served in the order of their arrival, as one would expect to see in an Ottawa
coffee shop;
under the last come, first served (LCFS) discipline, the most recent arrivals are the first to
enter service; for example, if we consider exiting from an elevator to be the service, then a
crowded elevator illustrates such a discipline;
sometimes the order in which customers arrive has no effect on the order in which they are
served; this would be the case if the next customer to enter service is randomly chosen from
those customers waiting for service, a situation referred to as service in random order
(SIRO) discipline; when callers to an inter-city bus company are put on hold, the luck of
the draw often determines which caller will next be serviced by an operator,
finally, priority discipline classifies each arrival into one of several categories, each of which
is assigned a priority level (a triage process); within each priority level, customers enter the
queue on a FCFS basis; such a discipline is often used in emergency rooms to determine the
order in which customers receive treatment, and in copying and computer time-sharing
facilities, where priority is usually given to jobs with shorter processing times.

Method Used by Arrivals to Join Queue Another important factor for the behaviour of the
queuing system is the method used by customers to determine which line to join. For example,
in some banks, customers must join a single line, but in other banks, customers may choose the
line they want to join.

When there are several lines, customers often join the shortest line. Unfortunately, in many
situations (such as at a supermarket), it is difficult to define the shortest line. If there are several
lines at a queuing facility, it is important to know whether or not customers are allowed to switch,
or jockey, between lines. In most queuing systems with multiple lines, jockeying is permitted, but
jockeying at a custom inspection booth would not be recommended, for instance.

1.5.2 Queueing Theory Framework

There is a standard notation that is used to describe large families of queueing systems.

Kendall-Lee Notation Queuing systems can be described by six characteristics [8]:

x1/x2/x3/x4/x5/x6.

The first characteristic x1 specifies the nature of the arrival process. The following standard ab-
breviations are used:

M = inter-arrival times are independent, identically distributed (iid) exponentials
D = inter-arrival times are iid and deterministic
Ek = inter-arrival times are iid Erlangs with shape parameter k
G = inter-arrival times are iid and governed by some general distribution.
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Figure 2: Single line at bank with three tellers – M/M/3/FCFS/20/∞.

The second characteristic x2 specifies the nature of the service times:

M = service times are iid and exponential
D = service times are iid and deterministic.
Ek = service times are iid Erlang with shape parameter k
G = service times are iid and follow some general distribution.

The third characteristic x3 is the number of parallel servers. The fourth characteristic x4 de-
scribes the queue discipline:

FCFS = first come, first served
LCFS = last come, first served
SIRO = service in random order
GD = general queue discipline.

The fifth characteristic x5 specifies the maximum allowable number of customers in the system
(including customers who are waiting and customers who are in service). The sixth characteris-
tic x6 gives the size of the population from which customers are drawn. Unless the number of
potential customers is of the same order of magnitude as the number of servers, the population
size is considered to be infinite.

In many important models x4/x5/x6 is GD/∞/∞; when this is the case, these characteristics
are often omitted. For example, M/M/3/FCFS/20/∞ could represent a bank with 3 tellers, ex-
ponential arrival times, exponential service times, a “first come, first served” queue discipline, a
total capacity of 20 customers, and an infinite population pool from which to draw. The situation
is partly illustrated in Figure 2.
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Figure 3: Birth-death Process; queueing states indexed by integers; birth rates and death rates indicated
by λn and µm, respectively.

Birth-Death Processes The state of a queueing system at time t is defined to be the number of
customers in the queuing system, either waiting in line or in service, at time t. At t = 0, the state
of the system is the initial number of customers in the system. This state is noteworthy because
it clearly affects the state at future t.

Knowing this, we define Pi j(t) as the probability that the state at time t is j, given that the
state at t = 0 was i. For large t, Pi j(t) becomes independent of i and approaches a limit π j. This
limit is known as the steady-state of state j.

It is generally incredibly difficult to determine the steps of arrivals and services that lead to
a steady-state π j. Likewise, starting from a small t, it is difficult to determine exactly when a
system will reach its steady state π j, if such a state even exists.

For simplicity’s sake, when a queuing system is studied, we begin by assuming that the steady-
state has already been reached.

A birth-death process is a Markov process in which states are indexed by non-negative inte-
gers, and transitions are only permitted between “neighbouring” states. After a “birth”, the state
increases from n to n + 1; after a “death”, the state decreases from m to m − 1. Typically, we
denote the set of birth rates and death rates by λn and µm, respectively (see Figure 3). Pure birth
processes are those for which µm = 0 for all m; pure death processes those for which λn = 0 for
all n. The steady-state solution of a birth-death process, i.e. the probability pn of being in state
n can actually be computed:

pn = p0
λ0λ1 · · ·λn−1

µ1µ2 · · ·µn
, for n= 1,2, · · · , (2)

where p0 is the probability of being in state 0. It can further be shown [9] that:

p0 =
1

1+
∑∞

n=1

∏n−1
j=0

λ j

µ j+1

.
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Little’s Queuing Formula It is often the case that a client is interested in the amount of time
that a typical customer spends in the queuing system. Let W be the expected waiting time spent
in the queuing system, including time in line plus time in service, and Wq be the expected time a
customer spends waiting in line. Both W and Wq are computed under the assumption that the
steady state has been reached. By using a powerful result known as Little’s queuing formula, W
and Wq are easily related to the number of customers in the queue and those waiting in line.

For any queuing system (or any subset of a queuing system), consider the following quantities:

λ= average number of arrivals entering the system per unit time;
L = average number of customers present in the queuing system;
Lq = average number of customers waiting in line;
Ls = average number of customers in service;
W = average time a customer spends in the system;
Wq = average time a customer spends in line, and
Ws = average time a customer spends in service.

But customers in the system can only either be found in the queue or in service, so that L = Lq+ Ls

as well W =Wq+Ws. In these definitions, all averages are steady-state averages. For most queuing
systems in which a steady-state exists, Little’s queuing formula can be summarized as

L = λW, Lq = λWq, and Ls = λWs.

For instance, if 46 customers enter a restaurant each hour it is opened (on average), and if they
spend 10 minutes waiting to be served (on average), then we should expect 46 · 1/6 ≈ 7.7 cus-
tomers in the queue at all time (on average).

1.5.3 The M/M/1 Queuing System

An M/M/1/GD/∞/∞ system has exponential inter-arrival times, exponential service times,
and a single server. It is the simplest non-trivial queueing system to analyse as it can be modeled
as a birth-death process with

λ j = λ, j = 0, 1,2, . . .

µ0 = 0

µ j = µ, j = 1, 2,3, . . .

Substituting these rates in (2) yields

π j =
λ jπ0

µ j
= ρ jπ0,

where ρ = λ/µ is the traffic intensity of the system. Since the system has to be in exactly one of
the states at any given moment, the sum of all probabilities is 1, or

π0 +π1 +π2 + · · ·= π0(1+ρ +ρ
2 + · · · ) = 1.
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If 0≤ ρ < 1 the infinite series converges to 1
1−ρ from which we derive

π0 ·
1

1−ρ
= 1 =⇒ π0 = 1−ρ =⇒ π j = ρ

jπ0 = ρ
j(1−ρ)

as the steady-state probability of state j. If ρ ≥ 1, the infinite series diverges and no steady-
state exists. Intuitively, this happens when λ ≥ µ – if the arrival rate is greater than the service
rate, then the state of the system grows without bounds and the queue is never cleared.

From this point on, we assume ρ < 1 to guarantee that the steady-state probabilities π j exist,
from which we can determine several quantities of interest. Assuming that the steady state has
been reached, it can be shown that L, Ls, and Lq are given respectively by:

L =
λ

µ−λ
Ls = ρ

Lq =
ρ2

1−ρ
.

Using Little’s queuing formula, we can also solve for W , Ws, and Wq by dividing each of the
corresponding L values by λ. Notice that, as expected, both W and Wq when ρ→ 1. On the other
hand, Wq→ 0 and W → 1

µ (the mean service time) as ρ→ 0.

(The following example is based on [1]) An average of 10 cars arrive at a single-server drive-in
teller every hour. If the average customer is served in 4 minutes, service time for each customer
is 4 minutes, and both inter-arrival times and service times are exponential, then:

(a) What is the probability that the teller is idle?
(b) Excluding the car that is being served, what is the average number of cars waiting in line at

the teller?
(c) What is the average amount of time a drive-in customer spends in the bank parking lot

(including time in service)?
(d) On average, how many customers per hour will be served by the teller?

By assumption, we are dealing with an M/M/1/GD/∞/∞ queuing system for which λ = 10
cars/hr and µ= 15 cars/hr, and as such ρ = 10/15= 2/3.

(a) The teller is idle one third of the time on average because π0 = 1−ρ = 1/3.
(b) There are Lq = ρ2/(1−ρ) = 4/3 cars waiting in line for the teller.
(c) We know that L = λ/(µ−λ) = 10/(15− 10) = 2, and so W = L/λ= 0.2 hr= 12 min.
(d) If the teller were always busy, it would serve an average of µ= 15 customers per hour. From

(a), we know that the teller is only busy two-thirds of the time, thus during each hour, the
teller serves an average of 15 · 2/3 = 10 customers. This is reasonable since, in a steady-
state, 10 customers are arriving each hour and 10 customers must leave the system every
hour.
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(This next example is based on [15]) Suppose that all car owners fill up when their tanks are
exactly half full. At the present time, an average of 7.5 customers arrive every hour at a single-
pump gas station. It takes an average of 4 minutes to fuel a car. Assume that inter-arrival times
and service times are both exponential.

(a) What are the values of L and W in this scenario?
(b) Suppose that a gas shortage occurs and panic buying takes place. To model this phe-

nomenon, assume that all car owners now purchase gas when their tanks are exactly three-
quarters full. Since each car owner is now putting less gas into the tank during each visit
to the station, we assume that the average service time has been reduced to 10/3 minutes.
How has panic buying affected the values of L and W?

By assumption, we have again an M/M/1/GD/∞/∞ queuing system, this time with λ = 7.5
cars/hr and µ= 60/4= 15 cars/hr. Thus, ρ = 7.5/15= 1/2.

(a) By definition, L = λ/(µ − λ) = 7.5/(15 − 7.5) = 1 and W = 1/7.5 ≈ 0.13 hr = 7.8 min.
Hence, in this situation, everything is under control, and long lines appear to be unlikely.

(b) Under the panic buying scenario, λ = 2(7.5) = 15 cars/hr as each car owner now fills up
twice as often, and µ= 60 · 3/10= 18 cars/hr. Then, ρ = λ/µ= 5/6. In that scenario,

L =
ρ

1−ρ
= 5 cars and W =

L
λ
=

5
15
=

1
3

hr = 20 min.

Thus, panic buying has more than doubled the wait time in line.

In a M/M/1 queueing system, we have

L =
ρ

1−ρ
= −1+

1
1−ρ

,

and it is easy to see that L →∞ as ρ → 1. The 5-fold increase in L when ρ jumps from 1/2 to
5/6 (with accompanying jumps in W ) illustrate that fact.

Limited Capacity In the real world, queues never become infinite – they are limited due to
requirements of space and/or time, or service operating policy. Such a queuing model falls under
the purview of finite queues.

Finite queue models restrict the number of customers allowed in the service system. Let N
represent the maximum allowable number of customers in the system. If the system is at capac-
ity, the arrival of a (N + 1)th customer results in a failure to enter the queue – the customer is
assumed to depart without seeking service.

Finite queues can also be modeled as a birth-death process, but with a slight modification in
its parameters: with these parameters:

λ j = λ, j = 0,1, 2, . . . , N − 1

λN = 0, µ0 = 0

µ j = µ, j = 1,2, 3, . . . , N

13 (DRAFT)
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The restriction λN = 0 is what sets this model apart from the M/M/1/∞. It makes it impossible
to reach a state greater than N . Because of this restriction, a steady-state always exist because
even if λ≥ µ, there can never be more than N customers in the system.

Mathematically, this has the effect of replacing the infinite series linking the π j ’s by a finite geo-
metric series, which always converges:

π0 +π1 ++ · · ·+πN = π0(1+ρ + · · ·+ρN ) = 1,

from which we can derive

π0 ·
1−ρN+1

1−ρ
= 1 =⇒ π0 =

1−ρ
1−ρN+1

=⇒ π j =

¨

ρ j 1−ρ
1−ρN+1 for j = 0, . . . , N

0 for j > N

Since L =
∑N

j=0 j ·π j,

L =
ρ[1+ NρN+1 − (N + 1)ρN]

(1−ρ) (1−ρN+1)
when λ 6= µ.

As in the M/M/1/∞ queue, Ls = 1 − π0, and Lq = L − Ls. It is somewhat trickier to com-
pute W and Wq because, in a finite capacity model, only λ− λπN = λ (1−πN ) arrivals per unit
time actually enter the system on average (λ arrive, but λπN find the system full). With this fact,

W =
L

λ (1−πN )
and Wq =

Lq

λ (1−πN )
.

What does that look like in practice? Consider a one-man barber shop with a total of 10 seats.
Assume, as has always been the case so far but need not be, that inter-arrival times are expo-
nentially distributed with an average of 20 prospective customers arriving each hour at the shop.
Those customers who find the shop full do not enter – perhaps they do not like standing? The
barber takes an average of 12 minutes to cut each customer’s hair; assume that haircut times are
also exponentially distributed.

(a) On average, how many haircuts per hour will the barber complete?
(b) On average, how much time will be spent in the shop by a customer who enters?

There is not much to say. Let’s dive in!

(a) A fraction π10 of all arrivals will find the shop is full. Thus, an average of λ (1−π10) will
actually enter the shop each hour. All entering customers receive a haircut, so the barber
will give an average of λ (1−π10) haircuts per hour. In this scenario, N = 10, λ = 20
customers/hr, and µ= 60/12= 5 customers/hr. Thus ρ = 20/5= 4 and we have

π0 =
1−ρ

1−ρN+1
=

1− 4
1− 411

and π10 = 410π0 =
3
4

.

Thus, an average of 20(1− 3/4) = 5 customers per hour will receive haircuts. This means
that an average of 20− 5= 15 prospective customers per hour will not enter the shop.

(DRAFT) 14
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(a) M/M/1 (b) M/M/s

(c) Tandem

Figure 4: Schematics of various queueing systems; customers arrive from the left, enter the queue and
progress through it until they are served, at which point the exit the queue.

(b) To determine W , we must first compute

L =
4[1+ (10)411 − (11)410]
(1− 4) (1− 411)

= 9.67.

Using the formulas described above, we obtain

W =
L

λ (1−π10)
=

9.67
5
= 1.93 hr.

This barber shop is crowded – the barber would be well-advised to hire at least one more
barber!

But what would be the effect of hiring a second barber? In order to answer this question, let us
study M/M/s queueing systems.

1.5.4 The M/M/c Queuing System

An M/M/c/GD/∞ queueing system also has exponential inter-arrival and service times, with
rates λ and µ, respectively. What sets this system apart is that there are now c servers willing to
serve from a single line of customers, perhaps like one would find in a bank (see Figure 4).

If j ≤ c customers are present in the system, then every customer is being served and there
is no wait time; if j > c customers are in the system, then c customers are being served and the
remaining j − c customers are waiting in the line.

To model this as a birth-death process, we have to observe that the death rate is dependent on
how many servers are actually being used.
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ρ c = 2 c = 3 c = 4 c = 5 c = 6 c = 7
.10 .02 .00 .00 .00 .00 .00
.20 .07 .02 .00 .00 .00 .00
.30 .14 .07 .04 .02 .01 .00
.40 .23 .14 .09 .06 .04 .03
.50 .33 .24 .17 .13 .10 .08
.55 .39 .29 .23 .18 .14 .11
.60 .45 .35 .29 .24 .20 .17
.65 .51 .42 .35 .30 .26 .21
.70 .57 .51 .43 .38 .34 .30
.75 .64 .57 .51 .46 .42 .39
.80 .71 .65 .60 .55 .52 .49
.85 .78 .73 .69 .65 .62 .60
.90 .85 .83 .79 .76 .74 .72
.95 .92 .91 .89 .88 .87 .85

Table 1: Probabilities P(n≥ c) that all servers are busy in an M/M/c system for c = 2, . . . , 7 and values of
ρ between 0.1 and 0.95. [1, p.1088].

If each server completes service at a rate of µ (which may not be the case in practice as there
might be variations in servers... at least for human servers), then the actual death rate is µ× the
number of customers actually being served. The parameters for this process are

λn = λ, n= 0, 1,2, . . .

µn = nµ, n= 0,1, 2, . . . , c
µn = cµ, n= c + 1, c + 2, . . .

The traffic intensity for the M/M/c system is ρ = λ/(cµ) and the steady-state solution is

πn =

¨

(cρ)n

n! π0 , 1≤ n≤ c
ccρn

c! π0 , n≥ c
where π0 =

�

1+
(cρ)c

c! (1−ρ)
+

c−1
∑

n=1

cρn

n!

�−1

.

Note that, as was the case in a M/M/1 system, if ρ ≥ 1, there can be no steady state – in other
words, if the arrival rate is at least as large as the maximum possible service rate λ≥ cµ, then the
system “blows up”.

From the client’s point of view, there might be a desire to ensure that customers do not wait
in line an inordinate amount of time, but there might also be a desire to minimise the amount of
time for which at least one of the server is idle. In a M/M/c queueing system, this steady-state
probability is given by

P(n≥ c) =
(cρ)c

c! (1−ρ)
π0.

Table 1 shows P(n ≥ c) for a variety of situations depending on s and ρ. Cumbersome calcula-
tions, using Ws =

1
µ , yield

Lq = P(n≥ c)
ρ

1−ρ
, Wq =

Lq

λ
, W =

1
µ
+Wq, and L =

λ

µ
+ Lq.
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Consider, for instance, a bank with two tellers. An average of 80 customers arrive at the bank
each hour and wait in a single line for an idle teller. For this specific bank, the average service is
1.2 minutes. Assume that inter-arrival times and service times are exponential. Determine:

(a) The expected number of customers in the bank.
(b) The expected length of time a customer spends in the bank.
(c) The fraction of time that a particular teller is idle.

We are dealing with an M/M/2 system with λ = 80 customers/hr and µ = 50 customers/hr.
Thus, ρ = 80

2·50 = 0.80< 1 and the steady-state exists.

(a) From the above table, P(n≥ 2) = 0.71, from which we compute

Lq = P(n≥ 2) ·
.8

1− .8
= 2.84 customers

L =
80
50
+ Lq = 4.44 customers.

(b) We know that W = L
λ =

4.44
80 = 0.055 hr = 3.3 min.

(c) To determine the fraction of time that a particular server is idle, note that tellers are idle dur-
ing all moments when n= 0, and half the time (by symmetry) when n= 1. The probability
that a server is idle is thus given by π0 + 0.5π1. But

π0 =

�

1+
(2 · .8)2

2! (1− .8)
+

2−1
∑

n=1

2 · .8n

n!

�−1

=
1
9

and π1 =
1.6
1!
π0 = 0.176

and so the probability that particular teller is idle is 0.11+ 0.5(0.176) = 0.198.

IMPORTANT NOTE: other queueing models are not understood to the same extent, and their
given performance measurements may only be approximate and highly-dependent on the specifics
of the problem at hand. For this reason, M/M/c models are sometimes used even when their use
is not supported by the data (the situation is not unlike the wide use of the normal distribution).
In various applications, the empirical distributions of arrivals and service times are nearly Pois-
son and exponential, respectively, so that the assumption is not entirely missing the mark, but
numerical simulations should not be eschewed when departures from the M/M/c model are too
pronounced.

1.5.5 Case Study: Wait Time Impact Model at Canadian Airports

By providing efficient and effective pre-board screening (PBS), the Canadian Air Transport Se-
curity Authority (CATSA) ensures the safety of all passengers and crew aboard flights departing
Canadian airports while maintaining an appropriate balance between staffing and the wait time
experienced by passengers.

The number of active screening stations and the number of passengers affect the wait times,
and, as a result, budget cuts have a strong impact on the system, both in Canada and in the United
States.
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Figure 5: Visualisation of a specific checkpoint’s queueing parameters – λ, µ, c̄, passenger count, and per-
formance (percentage of travellers waiting less than 15 minutes to be screened); the relationship between
λ/c̄ and µ/c̄ is practically linear (left), which is easier to see at the quarter level (right).

Numerous factors influence the wait time at pre-board screening checkpoints at Canadian airports:
the schedule intensity of departing flights, the volume of passengers on these flights, the number
of servers and processing rates at a given checkpoint, etc.

One of CATSA’s goals is to ensure that the pre-board screening experience at Canadian airports
is made as efficient as possible by minimizing the waiting time at checkpoints. With this in mind,
the Wait-Time Impact Model (WTIM) was designed to achieve the following tasks:

1. provide estimates of the passenger arrival rates λ, the processing rates µ and the number
of servers c at each checkpoints, using available field data;

2. calculate the Quality of Service (QoS) level (px , x) and determine what service level can be
achieved at each checkpoint (i.e. the percentage p of passengers which will wait less than
x minutes, for x fixed) for a given arrival rate λ, processing rate µ, number of servers c;

3. provide the average number of servers c∗ required to achieve a prescribed QoS level (px , x),
given an arrival profile λ∗;

4. provide quality of service (QoS) level curves (px(x), x) (i.e. cumulative distribution curves)
under various arrival rate and number of active servers for each checkpoint (where x is
allowed to vary).

The queueing structure leads to some interesting insights (see Figure 5). The prediction’s quality
are seen in Figure 6. Details are available in the Project Summary, as well as in the Final Report
(extract).
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Figure 6: Predicted average number of server against actual number of server required to maintain pre-
scribed performance, with passenger count, by quarter. The perfect prediction line is added for ease of
comparison.
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Project Summary – CATSA 
 
Wait Time Impact Model at Pre-Board Screening Checkpoints for Canadian Airports 
by Yiqiang Zhao, Patrick Boily, Wenzhe Ye  
Centre for Quantitative Analysis and Decision Support, Carleton University 

CLIENT ORGANIZATION 
The Canadian Air Transport Security Authority (CATSA) ensures the safety and well-being of 
passengers as they board their flights at Canadian airports each year. A federal crown corporation 
founded in the aftermath of the September 11, 2001 terrorist attacks on American soil, CATSA protects 
the public by efficiently screening air travellers and their baggage at designated airports.  
 
CATSA offers a number of security-related services including pre-board screening, where passengers 
and their belongings are searched for prohibited and potentially dangerous items such as knives, 
firearms and explosives. CATSA also conducts hold-baggage screening – where checked baggage is 
screened using explosive detection equipment – and non-passenger screening where airport workers 
who have access to restricted areas are searched. Finally, CATSA also administers and maintains the 
Restricted Area Identity Card (RAIC) program. 
 
PROJECT INTENT, SCOPE, AND OBJECTIVES 
Numerous factors influence the wait time at pre-board screening checkpoints at Canadian airports: the 
schedule intensity of departing flights, the volume of passengers on these flights, the number of servers 
and processing rates at a given checkpoint, etc.  
 
One of CATSA's goals is to ensure that the pre-board screening experience at Canadian airports is 
made as efficient as possible by minimizing the waiting time at checkpoints. In order to help CATSA 
gain a better understanding of the waiting process, CQADS developed a Wait Time Impact (WTIM) 
model using a Queueing Theory approach. 
 
The original scope of the project consisted of: 

1. Provide estimates of the passenger arrival rates 𝜆, the processing rates 𝜇 and the number of 
servers 𝑐 at each checkpoints, using the available field data  

2. Calculate the Quality of Service (QoS) level (𝑝&, 𝑥)	and determine what service level can be 
achieved at each checkpoint (i.e. the percentage 𝑝 of passengers which will wait less than 𝑥 
minutes, for 𝑥 fixed) for a given arrival rate  𝜆, processing rate 𝜇 and number of servers 𝑐. 

3. Provide the average number of servers 𝑐∗ required to achieve a prescribed QoS level (𝑝&, 𝑥), 
given an arrival profile 𝜆∗. 

4. Implement the WTIM on a SAS platform to allow for the analysis of various scenarios (such as 
passenger growth, for instance) via the tweaking of a small number of parameters and whenever 
the available data is updated. 

 
Upon satisfactory completion of these objectives, a second phase was initiated at CATSA’s behest, 
with the intent of extending their implementation of the WTIM. This second phase’s scope consisted of 
three objectives: 

5. Provide quality of service (QoS) level curves (𝑝&(𝑥), 𝑥) (i.e. cumulative distribution curves) under 
various arrival rate and number of active servers for each checkpoint (where 𝑥 is allowed to 
vary).  

6. Seamlessly integrate the WTIM with CATSA’s scheduling optimizer, in order to implement a one-
click SAS program. 

7. Provide validation and modeling analytics support for the integrated WTIM. 
 



METHODOLOGY 
In order to complete the assignment, CQADS used the following methodological steps: 

1. Exploration of available data, in order to identify any underlying patterns and essential 
characteristics. 

2. Understanding the conceptual model: including document review pertaining to CATSA’s existing 
framework to gain a full understanding of the structure of its queueing system. 

3. Estimation of model parameters, which required: making appropriate assumptions to simulate 
the processes in the queueing system according to the knowledge gained through data 
exploration; selecting appropriate parameter estimation methods, using the appropriate 
statistical inference and/or numerical method, based on the completeness and characteristics of 
the existing data; and conducting parameter estimation accordingly. 

4. Implementation of the conceptual 𝑀/𝑀/𝑐 model on a SAS platform, which allowed for the 
discovery of the importance of certain notions whose importance only emerged after running 
some early scenarios through the modification of a small number of parameters (arrival profile, 
service time distribution, number of servers, service level, etc.), in particular when it came to 
vacation policy regarding the number of lines, which lead to a switch to a generalized 𝑀/𝑀/1 
model. 

5. Validation of the generalized 𝑀/𝑀/1 model, by comparing the estimated characteristics of the 
prototype queueing model (e.g. inter-arrival and service time distributions, average idle time per 
server, etc.) with their empirical counterparts to determine the validity of the conceptual model.  
The conceptual model was found to be mostly invalid until a key link between the average arrival 
rate, the processing rate and the number of lines was established. This combined generalized 
𝑀/𝑀/1 and Regression model produced good results in most cases, but in certain instances, a 
departure from the empirical data could still be identified. Further analysis lead to a breakthrough 
and the introduction of a Departure parameter. The final model, then, combined the 𝑀/𝑀/1, 
Regression and Departure hypotheses. 

6. Performance evaluation of the final model was achieved in two ways. A preliminary performance 
evaluation pitted the model favourably against historical data, but the ultimate test came once 
predictions were compared to data that were collected after the final model was delivered, again 
very favourably.  

7. Documentation of the final model: a technical report providing an overview of the model, as well 
as describing and justifying the various assumptions, was written and delivered to CATSA 
stakeholders. 

8. Knowledge transfer was achieved through meetings (in person or by phone) and email 
exchanges detailing the progress, increasing in frequency as the deadline approached. 

9. Provision of on-going support to CATSA’s model users allowed for a number of improvements, 
both in scope and in implementation.  

 
PROJECT SUMMARY 
The available data covered 26 checkpoints, at 8 Canadian airports. At each checkpoint, the pre-board 
screening process is structurally similar: passengers arriving at the beginning of the main queue may 
have their boarding passes scanned at the 𝑆0 position (the start of the waiting queue), but they are 
always scanned at the 𝑆1 position (as they are being processed).  
 
For each checkpoint, 3 datasets were available for each year:  

§ the Raw Data which contains – for each passenger reaching the end of the queue at 𝑆1 – the 
date, scan time at 𝑆0, scan time at 𝑆1 and the wait time between 𝑆0 and 𝑆1; 

§ the Checkpoint Utilization Report which records – for each day of the year and each non-
overlapping 15-minute block – the maximum number of open processing lines, and  



§ the Waiting Time Report which consists of the subset of the Raw Data for which 𝑆0 and 𝑆1 are 
both available (and for which observations with anomalous and/or outlying wait time behaviour 
have been removed by CATSA). 

 
The data was then grouped into meaningful clusters exhibiting properties that can be characterized by 
the same Poisson process, which allows for proper estimation of queueing model parameters, under 
the assumption that the queueing model 𝑀/𝑀/𝑐 model was valid.  
 
[One difficulty with this approach is that, in practice, the number of servers 𝑐 varies with time, according 
to a vacation policy which depends on a variety of factors. As such, it is extremely difficult to model. 
This is problematic since the sought QoS level (𝑝&, 𝑥)	depends not only on the arrival rates, but also on 
the processing rates, which themselves depend, among other things, on the number of open servers. 
Switching to a generalized server (behind which the actual servers are hidden) circumvents this issue, 
but at the cost of not immediately being able to retrieve the number of servers 𝑐 from the generalized 
𝑀/𝑀/1 model.] 
 
The average arrival rates 𝜆 for each cluster were computed from the Raw Data using Burke’s Theorem 
and were shown to indeed follow a Poisson process as the inter-arrival times between consecutive 𝑆1 
events were i.i.d. exponential random variables with parameters 𝜆, lending support to the generalized 
𝑀/𝑀/1 hypothesis. The average wait times 𝑊34were then estimated using the Wait Time Report. 
 
[An analysis of the reasons for the omission of those observations without an 𝑆0 scan from the Wait 
Time Report suggests that using the latter to estimate the cluster average wait times 𝑊34 is likely to 
affect the predicted QoS levels, especially in the small wait time regime. However, since short wait 
times are not likely to cause consternation among the general public, this issue may not arise in practice 
and can be side-stepped in the estimation phase.]  
 
The estimated processing rates 𝜇̂6 and QoS levels (𝑝̂6, 𝑥)	were easily recovered from the relationships  

𝑊34 =
𝜌96

𝜇̂6 − 𝜆
,					 𝑝̂6 = 1 − 𝜌96𝑒<(=>?<@)&, 

where 𝜌96 = 𝜆/𝜇̂6 represents the estimated traffic intensity.  
 
Since these relations do not hold if the generalized 𝑀/𝑀/1 hypothesis fails, the need to validate it 
became more pressing. The simplest way to do so was to compare the wait times generated by the 
model to those of the empirical data: were the estimated QoS curves 𝑝̂6(𝑥) “close to” the empirical 
QoS curves  𝑝(𝑥)? Using two different metrics (largest relative difference ratio, largest area ratio), we 
showed that the generalized 𝑀/𝑀/1 assumption, while not exact, is a reasonable one to make at the 
checkpoint level.   
 
[This result is achieved without explicitly invoking the number of open servers 𝑐. Granted, that number 
is implicitly involved in the determination of the average wait times 𝑊34, but it does not change the fact 
that it cannot be recovered using solely the tools provided by queueing  theory. The Regression 
assumption asserts that, on a quarterly level, the cluster processing rates 𝜇 = 𝜇(𝑐, 𝜆) is a function of 
the number of active servers 𝑐 (hidden behind the generalized server) and the arrival rates 𝜆, and that 
this functional relationship is the same for all regression clusters making-up a given quarter.] 
 
Using the Checkpoint Utilization Report, the average service rates per line 𝜇̂6/𝑐 and average arrival 
rates per line 𝜆/𝑐 were estimated for each checkpoint, quarter, and cluster, and then regressed against 
one another to determine the optimal regression parameters 𝑎9, 𝑏D, yielding new estimates 𝜇̂E = 𝑎9𝑐 + 𝑏D𝜆 
for the cluster processing rates. Thus, estimates for the QoS level (𝑝̂E, 𝑥) were easily computed, without 
explicitly referring to processing rates, using  



𝑝̂E = 1 −
𝜆

𝑎9𝑐 + 𝑏D𝜆
𝑒<GH9IJKD@<@L&, 

which held as a direct consequence of the combined 𝑀/𝑀/1 and Regression assumptions.  
 
Using the two validation metrics introduced above, it was shown that the combined assumptions, while 
proving slightly less valid than the 𝑀/𝑀/1 hypothesis on its own, still provided reasonably close QoS 
estimates at the quarter and checkpoint levels.   
 
[This lessened validity should come as no surprise, as there is no way to extract the number of clusters 
𝑐 without postulating an external relationship of the form 𝜇 = 𝜇(𝑐, 𝜆), and that the simple linear 
regression form used necessarily introduces some uncertainty. Some of that uncertainty might 
decrease using a more complex regression function.] 
In order to predict the number of servers required to meet a given QoS level (𝑝, 𝑥) at a given checkpoint 
during a given quarter (i.e. for a given pair of regression parameters 𝑎, 𝑏), for a given arrival profile 𝜆, it 
then sufficed to solve for 𝑐, yielding   

𝑐E =
1
𝑎𝑥 MWO P

𝜆𝑥
1 − 𝑝 𝑒

@&Q − 𝑏𝜆𝑥R, 

where WO is the main branch of the Lambert W-function. 
 
[Unfortunately, WO cannot be evaluated by elementary needs except at special values and so one has 
to depend on efficient numerical algorithms to recover 𝑐E. As SAS does not lend itself particularly well 
to repeated algorithmic computations, it becomes imperative to find a quick and relatively accurate 
alternative approach, such as the following approximation, which can be implemented in SAS: 
 

𝑐E ≈
1
𝑎𝑥 Mln P

𝜆𝑥
1 − 𝑝 𝑒

@&Q + 1.031 ln PlnP
𝜆𝑥
1 − 𝑝 𝑒

@&QQ + 0.207 − 𝑏𝜆𝑥R, 

valid for 𝑒 ≤ @&
0<\

𝑒@& ≤ 𝑒0OOO.] 
 
For any given checkpoint, quarter, and cluster, it was thus possible to compare the actual number of 
open servers 𝑐 (given by the Checkpoint Utilization Report), and the estimated value 𝑐E given the actual 
arrival rate 𝜆 and the actual QoS level (𝑝, 𝑥). Plotting 𝑐E against 𝑐 for all clusters strongly suggested 
that the prediction and the actual values were linked at the checkpoint level according to 𝑐 = 𝑑̂ ∙ 𝑐E,	for 
some checkpoint departure parameter 𝑑̂. Computed values of 𝑑 near 1 for nearly all checkpoints further 
validated the combined model. The final prediction for the number of servers was further refined by 
setting 𝑐` = 𝑑̂ ∙ 𝑐E.	  
 
In theory, it is thus possible to forecast the number of servers 𝑐` for a cluster using only its regression 
parameters 𝑎, 𝑏, its departure parameter 𝑑, an arrival rate 𝜆, and a QoS level (𝑝, 𝑥). The validation 
procedure in this case is slightly different: it makes little sense to compare the predicted value 𝑐` with 
the actual number of servers 𝑐 found in the historical data as the prediction depends not only on the 
forecasted arrival rate (which is likely to be different from the historical rate), but also on the attained 
QoS level (for which an independent forecast is unavailable).  
 
The best validation alternative, then, is to wait for new data to be collected, to determine the actual 
cluster arrival rate and QoS level to be used in the forecast in order to provide a prediction 𝑐`, and to 
compare it with the actual 𝑐 recorded over the data collection period. 
 
DIFFICULTIES AND ADDITIONAL TASKS 
Apart from the usual issues surrounding the transfer of large datasets, the specific issue of the lack of 
algorithmic computability of the Lambert W-function in SAS, and the technically difficult modeling 



problem, additional tasks were requested by CATSA and the scope of the project was accordingly 
extended.  
 
These tasks included: 

§ the modification of the originally requested 𝑀/𝑀/𝑐 queueing model to a 𝑀/𝑀/1 queueing model;  
§ the introduction of the combined 𝑀/𝑀/1	 and regression hypothesis to recover the number of 

servers 𝑐;  
§ the identification and clean-up of data integrity issues for three airports (YUL, YYC, YVR), and  
§ the conversion of a MATLAB non-linear solver for the computation of the Lambert W-function to 

an approximation which could be implemented in SAS.   
 
RESULTS AND RELEVANCE 
While CQADS has not been made privy to all details of the validation work conducted by CATSA on 
2013 data (especially when it comes to exact accuracy figures), the CATSA Project Authority has let it 
be known informally that the predictions and QoS level curves which were generated by the WTIM were 
found to be quite in agreement with the actual data: it is CQADS’ understanding that the model is 
currently in use within Operations Reporting and Analysis at CATSA.        
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Extract from the report 
Wait Time Impact Model at Pre-Board Screening Checkpoints for Canadian Airports 

by Yiqiang Zhao, Patrick Boily, Wenzhe Ye 
 

[…] 
 

1.2 Model Outline 
The model establishes a relationship between the arrival rates, the service rates, the number of servers and the service 
levels. Basic concepts, process descriptions, and limitations are provided in §2. 
 
The WTIM is best described via the flow chart of Figure 1 on the next page (the various concepts will be defined as they 
arise in the corresponding section): 
 

1. computation of the arrival rates 𝜆  from the raw data (§3.2);  
2. computation of the distribution of the number of servers 𝑐 from the checkpoint utilization reports (§3.3);  
3. computation of the waiting time distribution 𝑊4 from the waiting time report (§3.4);  
4. computation of the QoS levels (𝑝, 𝑥) from the waiting time report (§3.4);  
5. computation of the estimated QoS levels (𝑝̂6,𝑥) under the 𝑀/𝑀/1 assumption (§3.5);  
6. validation of the 𝑀/𝑀/1 assumption based on a comparison of (𝑝̂6,𝑥) and (𝑝, 𝑥) (§3.6);  
7. computation of the estimated service rates 𝜇̂6 under the 𝑀/𝑀/1 assumption (§3.5); 
8. computation of the seasonal checkpoint regression parameters 𝑎, 𝑏 under the combined 𝑀/𝑀/1 and Regression 

assumptions (§4.1); 
9. computation of the estimated QoS levels (𝑝̂E, 𝑥) under the combined 𝑀/𝑀/1 and Regression assumptions (§4.2); 
10.  validation of the combined 𝑀/𝑀/1 and Regression assumptions based on a comparison of (𝑝̂E, 𝑥), (𝑝̂6, 𝑥) and (𝑝, 𝑥) 

(§4.3); 
11.  prediction of the number of servers 𝑐E under the combined 𝑀/𝑀/1 and Regression assumptions (§5); 
12.  validation of the combined 𝑀/𝑀/1 and Regression assumptions based on a comparison of 𝑐E and 𝑐 (§5.3); 
13.  computation of the checkpoint departure parameters 𝑑 under the combined 𝑀/𝑀/1, Regression and Departure 

assumptions (§5.3); 
14.  computation of the estimated QoS levels (𝑝̂`, 𝑥) for various projected arrival growth rates 𝜆∗ under the combined 

𝑀/𝑀/1, Regression and Departure assumptions (§6.2); 
15.  prediction of the number of servers 𝑐` for various projected arrival growth rates 𝜆∗ under the combined 𝑀/𝑀/1, 

Regression and Departure assumptions (§6); 
16.  final validation of the combined 𝑀/𝑀/1, Regression and Departure assumptions based on a comparison of (𝑝̂`, 𝑥) 

and 𝑐` with empirical data (§6.3). 
  

In order to illustrate the WTIM process, the details are worked out on a step-by-step basis for the Domestic/International 
Checkpoint at the Edmonton International Airport (YEG), based on 2012 data. The results are shown at the end of each 
section. A summary of results for all checkpoints is also provided, as well as recommendations and suggested next steps.  
 

[…] 
 

2.1 Definitions 
The various mathematical concepts to which the report will refer are described below: 
 

§ An 𝑀/𝑀/𝑐 queueing model describes a system where arrivals form a single queue and are governed by a Poisson 
process (the first 𝑀), units arriving are processed by 𝑐 servers and service times are exponentially distributed (the 
second 𝑀).  
 

§ A Poisson process is a stochastic process where the time between any two consecutive event has an exponential 
distribution with parameter 𝜆.  

§ The arrival rate is the rate at which passengers arrive for PBS (i.e. passengers per minute), the service rate is the 
processing rate at a screening line (i.e. maximal potential throughput), the number of servers is the number of 
screening lines and the service level is the percentage of people waiting less than a given number of minutes at a 
checkpoint.  

 
2.2 Description of the PBS Process 
At each checkpoint, the PBS process is structurally similar: passengers arriving at the beginning of the main queue may 
have their boarding passes scanned at the 𝑆0 position, but they are always scanned at the 𝑆1 position (see Figure 2). 
 

[…] 
 
 



 
Figure 1 – WTIM flow. The dark blue rectangles are CATSA-provided data inputs; the green boxes indicate computed and derived 
values; the red circles are conceptual nodes; the light blue boxes represent carry-over values, and the orange cells are validation steps.  
 
3. 𝑴/𝑴/𝟏 Queueing Model 
One of the difficulties for the situation under consideration is that the number of servers varies with time, according to 
different factors: there are times when all servers are busy, others when a number of open servers are idle, and the number 
of open servers changes according to some vacation policy which it is difficult to model. This is problematic when using an 
𝑀/𝑀/𝑐 model as service rate estimates depend, amongst other things, on the number of open servers. 
 
It is possible to circumvent this issue altogether, without invoking Vacation Models, by noticing that an 𝑀/𝑀/𝑐 queueing 
system may be viewed as an 𝑀/𝑀/1 queueing system where the servers are hidden behind a generalized server (see 
Figure 3, on the next page). Under that interpretation, the service rates can be estimated independently of the number of 
servers. Furthermore, not only do 𝑀/𝑀/𝑐 results still hold for 𝑀/𝑀/1 (simply by setting 𝑐 = 1 in the appropriate theorems), 
but the quantities to be computed tend to be simpler in this case. 
 
While this conceptual simplification has removed some of the difficulties associated to server vacation, there remains 
another problem: the theory of 𝑀/𝑀/1 systems, alone, is not sufficient to recover (and later predict) the actual (and hidden) 
number of servers for the checkpoint. This situation can be addressed by finding another way to link the arrival rates, the 
estimated service rates and the number of servers (see §4.1 for more details). 
 
3.1 Clustering 
In order to better predict the average behaviour of a system and its possible outcomes, a wide range of typical patterns 
must be considered. When analyzing the behaviour of queues, it may become necessary to group the data into meaningful 
clusters exhibiting similar properties (for example, properties that can be characterized by the same Poisson process). 
 
This approach allows for proper estimation of queuing model parameters (arrival rates, processing rates, etc.), which in turn 
yields the most reliable results. The selection of the appropriate cluster size relies on finding a balancing point between two 
extremes: 
§ In order to properly define the stochastic process, a minimum amount of data with similar properties is required. If 

clustering is not performed (i.e., if the clusters are too large), the data may present different characteristics which cannot 
be represented by a single Poisson process.  

§ On the other hand, if the clusters are too small, they may not contain enough data to capture the underlying properties. 
More importantly, clusters that cover too short a period are unlikely to exhibit the statistical behaviour of the process. 

 



Figure 2 – Schematics of pre-board screening (PBS). Passengers enter the main queue, where their 
boarding pass may be screened at 𝑆0. Once they reach the end of the main queue, their boarding pass is 
screened at 𝑆1 and they are sent to one of the active lines for processing (image provided by CATSA). In 
practice, it may happen that only the 𝑆1 reading is available.  
 

 

A preliminary analysis of the model’s accuracy was assessed based on the following criteria: 
Checkpoint, Weekly patterns (day of week vs weekday/weekend), Seasonal patterns (season vs 
month) and Daily patterns (2-hour period vs 4-hour period). The cluster combination that produced 
the most encouraging queueing results when compared against actual reports was: checkpoint, 
weekday/weekend, season, 4 hour-period. Clustering also plays a role in the Regression stage of 
the model (see §4 for details), but the optimal regression cluster combination need not be the same 
as the queueing cluster combination. 

 
3.2 Computing the Average Arrival Rate 
Since not all boarding passes are scanned at 𝑆0, the Wait Time report (𝑆0 data) cannot be used to derive the cluster arrival 
rates. The 𝑆0 − 𝑆1 line-up (main queue) is a birth-death process (i.e. a reversible one-dimensional Markov chain). In 
particular, the forward chain 𝑆0 − 𝑆1 and its reverse are stochastically identical and the arrival epochs of the reversed chain 
are the departure epochs of the forward chain. We can then use Burke’s Theorem for 𝑀/𝑀/𝑐 queues. 
 
Theorem 1 (BURKE’S THEOREM, [1]) Consider an 𝑀/𝑀/𝑐 queue in the steady state with arrivals modeled by a homogeneous 
Poisson process with rate parameter 𝜆. Then the departure process is also a homogeneous Poisson process with rate 
parameter 𝜆. 
 
This does not rule out the possibility that, at a particular time, the arrivals at 𝑆0 could be greater than the departures at 𝑆1, 
due to the inherent randomness of Poisson processes. But all 𝑆0 arrivals will eventually leave at 𝑆1 and thus the fluctuations 
at 𝑆1 follow the same statistical property governing arrivals to the queue. Therefore, the arrival rates can be estimated by 
using data readings at 𝑆1 within a given cluster. 
 

                                        

Figure 3 – Queuing systems. Conceptual visualization of an 𝑀/𝑀/𝑐 queue (on the left) as an 𝑀/𝑀/𝟏 queue (on the right); the 𝑐 
servers can be considered as 1 generalized server.                                                                                    d                                            

It remains only to show that arrivals follow a homogeneous Poisson process in each cluster (this is a common hypothesis). 
To do so, one must show, assuming that the number of arrivals in the cluster by time 𝑡 is denoted by 𝑁(𝑡), that (see [3, 4] 
for details) 
 

1. 𝑁(𝑡) is a counting process with independent and stationary increments, and  
2. the number of arrivals in any time interval of length 𝑡 is Poisson-distributed with mean 𝜆𝑡, i.e. for all 𝑠, 𝑡 ≥ 0, 

𝑃[𝑁(𝑡 + 𝑠) − 𝑁(𝑠) = 𝑛] = 𝑒<@w
(𝜆𝑡)x

𝑛! ,					𝑛 = 0,1,… 
The first assumption is satisfied with the introduction of clusters. The third assumption holds if the inter-arrival times (the 
times between consecutive events) are independent and identically distributed (i.i.d.) exponential random variables with the 
same rate 𝜆: analysis of 𝑆1 in the raw data suggests that this is the case.    
 
The total counts of arrivals for each cluster at YEG’s D/I checkpoint based on 2012 data are shown in Table 1. Note that 
the arrival rate 𝜆 is simply calculated by dividing the count in each cluster by the number of minutes in each cluster, 
independently of the open status of the checkpoint during the period spanned by the cluster. A low arrival rate may thus 
indicate either that checkpoint traffic was low or intermittent for the cluster, or that it was closed for some or all of the period 
that it spans. 
 

[…] 
 
 



    
Table 1 – YEG DI 2012 totals. Number of hours, count of arrivals and average arrival rates, per cluster, per quarter (1st – teal, 2nd – 
green, 3rd – yellow, 4th – red). 

 

5.3 Validating the Combined Model Using Departure at the Checkpoint Level 
The relative accuracy of the formula 

𝑐E ≈
1
𝑎𝑥
Mln P

𝜆𝑥
1 − 𝑝 𝑒

@&Q + 1.031 ln Pln P
𝜆𝑥
1 − 𝑝 𝑒

@&QQ + 0.207 − 𝑏𝜆𝑥R ,					when	𝑒 ≤
𝜆𝑥
1 − 𝑝 𝑒

@& ≤ 𝑒0OOO, 

used to estimate the average number of servers 𝑐E required to reach the QoS level (𝑝, 𝑥)	at a checkpoint with regression 
parameters 𝑎, 𝑏	 and average arrival rate 𝜆, suggests another method to validate the combined model. 

For any given checkpoint, the plot of 𝑐E  against the actual 𝑐 strongly suggests that the variables are linked according to 𝑐E = 𝑑 ∙ 𝑐, for 
some 𝑑.  
 
Linear regressions once again determine the optimal 𝑑̂ for each checkpoint. The departure parameter 𝑑̂, then, serves as 
a measure of the predictive model’s departure from reality. If 𝑑̂ ≈ 1 (i.e. if 𝑐E ≈ 𝑐), then the assumptions that go into the 
combined model are justified a posteriori, in the context of predicting the average number of active servers. The modified 
predictions 𝑐` = 𝑐E/𝑑̂ for a checkpoint where 𝑑̂ is large or close to 0 (i.e 𝑐E is a poor approximation of 𝑐) may still end up 
being accurate (i.e 𝑐` ≈ 𝑐), but in that case a careful analysis should be undertaken to understand whether any anomalous 
activity is in play. 
 
The regression of 𝑐E against 𝑐 for YEG’s D/I checkpoint (based on 2012 data) is shown in Figure 6 (on the next page). The 
departure parameter for this checkpoint is 𝑑̂ ≈ 1.0161, which is reflected by the tight linear fit of the two variables. As such, 
the original prediction 𝑐E requires only a very slight modification.  

 
Figure 6 – Departure Regression. Regression of the 
predicted average number of servers against the actual 
number of servers. 
 

[…] 
 

8. Recommendations and Final Comments 
Perhaps the foremost conclusion is that the 𝑀/𝑀/1 
model on its own provides the best QoS levels 
estimates, while the best estimates for the average 
number of active servers are provided by the Departure 
model. 
 
This discrepancy may be partly explained by the fact 
that, in any modeling endeavour, some loss of 
information is inevitable due to the necessity of making 
simplification assumptions. Below is a list of possible 
issues which could affect the WTIM’s accuracy: 
 
 

1. The underlying arrival processes are roughly Poisson, and the wait time distributions are roughly conditionally 
exponential for each cluster; depending on the distance between the theoretical process and the empirical data, 
the 𝑀/𝑀/1 assumption may be inappropriate.  

2. The wait time distribution may be seriously biased as not every boarding pass has been scanned at 𝑆0, and 
there is no easy way to verify how representative the subset of those for which wait time data is available 
actually is.  

3. The server vacation policy is unknown, and may not be uniformly adhered to (if one even exists).  
4. The actual number of active servers is only crudely approximated by the maximum number of active lines within 

a 15 minute block.  



5. The service rate seems to depend on factors other than the number of active servers and the arrival rate, 
leading to wildly different outputs for similar inputs and contributing to the lessened accuracy of the regression 
model when estimating QoS levels.  

6. Different checkpoints might require different optimal clustering strategies.  
 
It might be possible to minimize some of that information loss simply by selecting a slightly more sophisticated regression 
functional form linking the average arrival rate per line and the average service rate per line. Preliminary analysis suggests 
that the choice 
 

𝜇 = 𝜇(𝑐, 𝜆) = 𝑎𝑐 + 𝑓𝑐1 + 𝑏𝜆 
 
may provide better QoS results. Further analysis is needed in that regard, as it is clear that other factors need to be included 
in order to get the best possible fit and to minimize the number of clusters which become unstable as a result. 
 
Finally, it is conceivable that while adding more historical data to the model could have a useful effect, going too far back 
into the past may bias the results if policy changes have led to characteristically distinct underlying data over the years. It 
seems clear that at least one year’s worth of data is needed, but, as the datasets only contained trustworthy data for the 
year 2012, it is still too early to get a definitive answer on this topic. 
 
[…] 
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