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a b s t r a c t
During the course of a construction project, there are many situations in which formation of waiting lines or
queues is inevitable. The effect of resource delays in queues on the overall project completion time and cost
has motivated researchers to employ simulation for analysis of queuing systems in order to identify the best operational strategies to reduce the time wasted in queues. Providing proper and timely input data with high spatial
and temporal accuracy for queuing systems simulation enhances the reliability of decisions made based upon the
simulation output. Hence, the presented paper describes a methodology for collecting and mining of spatiotemporal data corresponding to the interactions of queue entities to extract computer interpretable knowledge
for simulation input modeling. The developed framework was validated using empirical datasets collected
from a series of experiments. The extracted relevant knowledge from the queuing system entities was used to
update corresponding simulation models.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
Waiting lines or queues exist in almost all industrial and manufacturing processes. In all such queuing systems, there are entities that
need to be repetitively processed by other entity(s). The entity waiting
in a line to receive service is called a client and the entity that processes
clients is called a server. Similar to queuing systems in manufacturing
settings, in many construction systems, clients (or resources) can be delayed in waiting lines when a server (or processor) is already captured
by a previously arrived client and thus is busy.
A classic example of a construction queuing system is the arrival of
dump trucks in a loading area where excavators or front end loaders
load them with soil. As shown in Fig. 1, cyclic activities of an earthmoving operation consist of load, haul, dump, and return processes. A part of
this cycle that embraces the waiting line and server is considered as the
queuing system. Therefore, it is clear that the boundaries of the system
are not necessarily spatially ﬁxed and can dynamically change depending on the length of the queue and the efﬁciency of the server.
As soon as a client arrives inside the boundaries of the system,
depending on the state of the server (i.e. idle or busy), it either waits
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in the queue or proceeds to be served immediately. Once the service is
completed, the client leaves the system and its state, attributes, and
other properties will no longer affect the conditions and properties of
the queuing system. That is why in queuing systems terminology, the
arrival of a client in the system is also referred to as the client's birth
and its departure from the system is called the client's death, which
imply that only the time that a client spends inside the queuing system
is of interest to queuing analysis [1]. A ﬁnal note on Fig. 1 is that although it shows a construction operation cycle, a queuing system may
not be necessarily part of a cyclic operation; that is, the clients that
enter the system may not return and the characteristics of the queuing
system do not depend on the clients' identiﬁcations.
A construction manager who deals with an operation that involves
queues is most often interested in knowing the waiting time during
which a resource is delayed in a queue, the service time or how long it
takes for the server to ﬁnish processing a speciﬁc client, and the logistics
of the queue (i.e. number of delayed resources in a queue, or the queue
length). Such knowledge is of critical importance to allocating the optimal number/type of resources, conﬁguring the site layout, estimating
the productivity, and determining the durations of individual operations as well as the entire project. Towards this goal, simulation models
have been widely used in modeling queuing systems and to obtain valuable insight into the characteristics of the queues and their impacts on
the overall project [2]. As previously stated, this is mainly due to the
fact that the processing of clients by a server is a repetitive task and
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Fig. 1. Example of a single server queuing system in construction projects.

simulation models are perfect tools to predict the performance measures of repetitive processes of undeterministic nature. Among others,
discrete event simulation (DES) models are particularly employed in
construction and infrastructure projects since most often, the entire construction system can be broken down into discrete processes [3–5].
Within the construction and infrastructure domain, proper modeling
of queuing systems is not a trivial task due to the stochastic, uncertain,
and transient nature of such operations. A good example of such
stochasticness that happens frequently and needs to be analyzed in
the context of construction management is rework [6,7]. In queuing systems, in order to model the uncertainties in customer arrival times, most
mathematical queuing theories suggest the use of speciﬁc probability
distributions such as the exponential distribution [1,2,8]. However, previous research in construction systems based on real world observations
of resource arrivals (e.g. dump trucks waiting in line to receive service
from a front end loader or an excavator) indicated that the assumption
of exponentially distributed arrival times can be often invalid [8–11].
Moreover, there are other important properties of a queuing system
such as the queue discipline that must be accurately modeled when simulating queue operations. In particular, the sequence of queue operations not only can follow any of the well-known disciplines (which
will be described in details in this paper), but also can be adjusted occasionally due to spatio-temporal requirements of the jobsite and the real
vs. planned work progress [9,12]. Halpin and Riggs [9] indicated “breaks
in queue discipline” as the ﬁrst challenge among several difﬁculties in
ﬁled applications of queuing models. According to Martinez [12], discipline expression in modeling construction queues can be very dynamic
and dependent on resource dynamic properties. Therefore, modeling of
queuing systems requires accurate input with regard to queue properties that may change over the course of a construction project.
The necessity of providing a simulation model with accurate input
data describing queuing systems and client–server interactions under dynamic and uncertain conditions highlights the importance of utilizing
adaptive DES models that can be updated and ﬁne-tuned in accordance
to operations-level changes occurring in the real system. This requires
meticulous data collection and mining processes to enable extracting relevant knowledge necessary to build the simulation model. To this end,
this paper describes algorithms designed to extract knowledge pertinent
to client–server interactions in queuing systems and to provide computer
interpretable input for corresponding simulation models. First, a description of relevant previous studies is provided and identiﬁed gaps resulting
in the presented research are discussed. Next, major properties that characterize a queuing system are introduced and their signiﬁcance in designing construction and infrastructure simulation models is explained. Then,
the algorithms that were designed and implemented to ﬁnd and represent queue properties inside simulation models are described and the
underlying mathematical background is brieﬂy explained. Finally, the robustness and effectiveness of these algorithms will be examined using
empirical data and results will be discussed.

2. Research background
Although utilizing operations-level simulation models that help
achieve high levels of efﬁciency in managing construction projects has
been explored and widely advocated in academic research [3,9,13,14],
there is still much room for investigating their real value and potential
applications that can result in their systematic accreditation by the construction industry [3,15]. Recent studies tried to investigate the reasons
behind the limited and often, isolated use of simulation models in large
scale by the industry. Among others, it was stated that most existing
construction simulation systems rely on historical data and expert opinions to create simulation models [16]. Given the dynamics involved in
most construction systems, such input data may turn out to be unrealistic (resulting in optimistic or pessimistic output), and are often hard to
be independently veriﬁed. Therefore, the output of the resulting simulation models can be far from the realities of the operations on the ground.
In the absence of methods that facilitate the process of constantly
updating these simulation models with factual data from the real
construction system, such models will soon be obsolete and of little
(if any) value to the decision-making process [3,4,16]. In order to alleviate this problem, it has been previously discussed that collecting factual
data as the project makes progress, discovering meaningful knowledge
from these data, and feeding the extracted knowledge to corresponding
simulation models can be a promising approach [17]. In order to achieve
this, the possibility of collecting, fusing, and mining process data has
been recently investigated by the authors through developing an integrated framework for construction equipment data-driven simulation
models [17–19]. There have also been other sparse studies aimed at
addressing this problem in limited scopes [20,21]. Despite these efforts,
in almost all previous studies, project resources and entities were considered as single units for data collection and little knowledge was produced from the collected data to describe how individual entities would
interact with one another at the process-level over time. AbouRizk et al.
[15] indicated that the ﬁrst requirement of developing a construction
simulation model is acquiring knowledge about the logic and sequence
of the operation. Knowing the interactions, relationships, and interdependencies between different entities is a crucial step in acquiring
knowledge about the logic and sequence of activities, and can reveal potential predominant work patterns dictated by some entities. Therefore,
in the context of queuing systems where entities are in constant interaction with one another, acquiring accurate data to generate knowledge
pertaining to the client–server relationships is necessary for developing
valid simulation models.
A number of researchers studied the implementation of queuing systems in construction simulation modeling. For instance, in one study,
the FLEET program, queuing theory, and DES were used for selection
of loader-truck ﬂeets in infrastructure projects [10]. Using DES models,
Ioannou [22] investigated the formation of queues during the process
of rip-rap placement for the construction of a dam embankment. In
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another study, the probability distributions of mixer trucks' arrival and
service times in concrete delivery and placement were examined and
best ﬁt probability distributions for activity durations were identiﬁed
[23]. In addition, queuing input data uncertainty in earthwork projects
was investigated using a probabilistic queuing model with fuzzy input
and fuzzy probabilities and also a purely fuzzy queuing model [24].
However, to the authors' best knowledge, none of the aforementioned
studies explored the potential of providing a DES model with factual
data describing queuing systems in order to generate a more realistic
simulation model. In the next section, major queue properties as relevant to the goals and discussions presented in this paper are presented.

with two excavators is an example of multi-server queuing system
that has two channels. Phases are the number of stops a client must
make after getting in line and before the service is completed. For
instance, a stockpile of precast concrete segments may need to be
moved by a tower crane to another place where a heavy lifter puts
them on ﬂatbed trailers. The service facility depicted in Fig. 1 is singlechannel single-phase. In addition, the time it takes for clients to be
served by server(s) (a.k.a. service time) is another determining factor
in queuing systems. Similar to the interarrival times, service times are
IID and can be represented by a probability distribution [26].

3. Queue properties

3.3. The queue discipline

Queues are characterized by a number of properties that represent
the interrelationships between the entities involved in a queuing system. The arrival process, service duration, and queue discipline are
among the most important properties of a queue [25]. In addition to
these basic properties, the numbers of servers, capacity of the queue,
and the population of entities to be served are some of the other properties of a queuing system. However, since information related to
these latter properties are often provided as part of the project speciﬁcations (e.g. site layout and temporary route arrangement may dictate the
number of dump trucks that can form a queue close to the loading area
at any given time) or equipment manufacturers' catalogues (e.g. bucket
capacity of an excavator can be used to determine how many dump
trucks can be served within a certain time period), further onsite data
collection and analysis regarding these properties do not contribute
much to simulation model input data generation and thus are not the
main focus of this study.
As previously discussed, queue properties and the ability to detect and
use their exact and correct values are essential in designing complex DES
models. For instance, Nonstationary queues – in which the complicities are
due to the interactions that occur while the equipment are moving in
trafﬁc – in essence are subject to varying measures. In a construction of
dam embankment with nonstationary queues, Ioannou [22] modeled a
sophisticated operation using STROBOSCOPE in which activity durations
and queue discipline depended on the operation's progress and certain
measures over the course of the project. STROBOSCOPE is a programmable and extensible simulation system designed for modeling complex
construction operations in detail and for the development of specialpurpose simulation tools [12].

Queue discipline is deﬁned as a rule or set of rules based on a speciﬁc
attribute of the entities. It determines the pattern (i.e. order) by which
entities in the queue receive service [25]. The choice of the queue discipline and the rules to be applied can signiﬁcantly affect the number of
entities waiting in a queue, the average waiting time, and the efﬁciency
of the service facility [27]. The most common queue discipline is ﬁrst-inﬁrst-out or FIFO in which clients in line are served based on their chronological order of arrival. Although FIFO has been long used as a default
queue discipline in modeling queuing systems [25], in many scenarios,
it is equally likely that clients be served according to other service patterns. For instance, the last-in-ﬁrst-out or LIFO discipline may be the
case in situations where a heap or stack of clients (e.g. raw materials,
prefabricated concrete segments, steel sections) is waiting to be processed by a server. Other than FIFO and LIFO, the serving pattern of a
queuing system can be characterized according to an intrinsic attribute
of the entities in the system. This type of queue discipline is called priority queues or PRI queue discipline. In the example of a queue of dump
trucks waiting to be loaded by an excavator, priority might be given to
those dump trucks with less fuel left. Sometimes, there may be no rule
according to which clients receive service from the server, in which
case the queue discipline is considered as service-in-random-order or
SIRO. Fig. 2 illustrates the concepts of FIFO, LIFO, and PRI queue disciplines. In this ﬁgure, clients are speciﬁed by letter C and the server is
speciﬁed by letter S. Each of the three queues shows the client that
should be drawn from the queue under the speciﬁed queue discipline.
Also, Fig. 3 summarizes the properties of the queuing system shown
in Fig. 1 in each stage of the process.
Considering the diversity of queues, a notational system is widely
used to distinguish between different systems. An abridged version of
the notation is based on the A/B/c/D format, in which A represents the
interarrival probability distribution, B represents the service time probability distribution, c represents the number of parallel servers, and D
represents the queue discipline [28]. For consistency, this notational
system is used throughout this paper. Inside a simulation model,
interarrival times and service times may be represented by probability
distributions and queue discipline can be deﬁned using speciﬁc functions provided by the DES platform. In the next section, the process of
ﬁnding the best mathematical representations of interarrival times
and service times will be discussed.

3.1. The arrival process
In a queuing system, the arrival process can be speciﬁed by a
sequence of interarrival times that are independent and identically
distributed (IID) as a simplifying assumption in order to ﬁt probability
distributions with ﬁxed parameters. The randomness involved in the arrival occurrences makes it easy for the interarrival times to be characterized by a probability distribution [26]. For convenience, random arrivals
are often modeled as a Poisson process with exponentially distributed
interarrival times with a rate of λ (number of arrivals in unit time)
and mean of 1/λ (average interarrival time) [1]. Despite its ease of use
and widespread application in queue modeling, the exponential distribution may fail to fully reﬂect the real world observations taken from
actual clients' arrivals and interarrival times especially in systems with
transient and constantly changing states (e.g. construction projects)
[8,11].
3.2. The service process
A service facility (i.e. where a server processes clients) can have different number of channels and phases. In the presence of more than one
server, channels refer to available routes clients can take after having
waited in line to reach the service facility [2]. An earthmoving operation

Fig. 2. Demonstration of FIFO, LIFO, and PRI queue disciplines.
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the H1 hypothesis that states the opposite [25,29]. The procedure consists of calculating a test statistic and comparing it with a critical value
to see if it exceeds that value and thus, there is sufﬁcient evidence to reject the null hypothesis.
There are three commonly used goodness-of-ﬁt tests for evaluating
the quality of ﬁtness; 1) Chi–Square test, 2) Kolmogorov–Smirnov
(K-S) test, 3) and Anderson–Darling (A-D) test. The goodness of this
comparison is appraised based on the distribution of test statistic as
shown in Eq. (1), which approaches the chi-square (χ20) distribution
with k − 1 degrees of freedom [25].
Fig. 3. Sequence and the properties of a queuing system.

2

χ0 ¼

Xk

ðOi −Ei Þ2
i¼1
Ei

ð1Þ

4. Mathematical representation of interarrival and service times
In data-driven DES modeling, data necessary to describe the arrival
process and service durations of the queuing system should be collected
from the real world system. For the purpose of this research, details of
data collection and knowledge extraction methodologies designed and
already validated by the authors are described in [17]. Law and Kelton
[11] stated that in case of having access to actual data on a certain
input random variable, three approaches can be adopted to specify a
distribution corresponding to the available data and use the distribution
in a DES model accordingly. The ﬁrst approach is to use one of the observed data values every time it is needed in the simulation. The second
approach is deﬁning an empirical distribution function based on the collected data and sample from that distribution whenever those input
data are required in the model. Finally, the third approach is ﬁtting a
standard theoretical distribution to the collected data points. Generally,
all the aforementioned methods have their uses in different applications
and none can be ignored. However, in the context of DES modeling of
construction and infrastructure systems, and considering the stochastic
and uncertain nature of activities, the ﬁrst approach will almost certainly result in a biased model with unrealistic representation of interarrival
times or service durations. The second approach may seem to be viable
for adoption at the ﬁrst glance. However, it has some shortcomings that
may make it unsuitable for the purpose of this study. In the context of
this paper, in particular, since an empirical distribution function is just
representing the values that exist in the pool of collected data, the quality of the distribution relies solely on the quality of the sample. As a result, there might be some irregularities in the distribution function. This
causes even more problems when the number of collected data points is
small. Moreover, an empirical distribution function can only generate
values inside the range of the collected data. For example, there could
be a few instances of very large service times that may have occurred
before or after the data collection period, and thus will not be reﬂected
in the empirical distribution function [11]. This is not desirable in designing a simulation model because the performance of a model depends signiﬁcantly on the potential of predicting an extreme event
that may not be part of the empirical data but the probability of which
can still be captured at the tails of a theoretical probability distributions
[11]. When a theoretical distribution is used, if it is extremely unlikely
for a variable to exceed a certain value, say y, the distribution can be
truncated at y to better represent the reality. Therefore, it is imperative
that ﬁtting a standard theoretical distribution to the collected data can
better guarantee a more realistic sampling of the observed values inside
a simulation model.
Collected data points and their corresponding probabilities can be
shown by means of histograms [11]. In some cases, it is possible to
ﬁnd one or more probability distributions that best match a histogram.
However, when dealing with more than one candidate distribution that
looks representative, a closer evaluation of the level of ﬁtness is necessary for accurate input modeling. A commonly used approach to systematically assess the quality of a ﬁt is using goodness-of-ﬁt tests. A
goodness-of-ﬁt test evaluates a null hypothesis, H0, specifying that the
random variable conforms to the assumed distribution function against

This test is based on the null hypothesis of no considerable difference between the expected and sample distributions. The universal applicability of the Chi-Square test makes it a commonly used method,
however, since the test depends on the number of intervals, it is usually
advised to use this test in addition to other tests and with special care
[11,25,29].
The Kolmogorov–Smirnov (K-S) test compares the experimental cumulative distribution function (CDF) with the CDF of an expected theoretical distribution [25]. The empirical CDF S N (x) is
deﬁned by Eq. (2),
SN ðxÞ ¼

number of random R1 ; R2 ; …; RN ≤x
N

ð2Þ

The K-S test is based on the largest absolute deviation (D) between
F(x), the CDF of the theoretical distribution and SN(x), which is based
on test statistic [25] as shown in Eq. (3),
D ¼ max j F ðxÞ−SN ðxÞj

ð3Þ

Both K-S and A-D tests directly compare the hypothesized model's
distribution to the empirical distribution; however A-D places more emphasis on the differences found in the tails. The test statistic for A-D is deﬁned by Eq. (4),
2

A ¼ −n−

n




1X
ð2i−1Þ ln ð F x ðxi ÞÞ þ ln 1− F x xnþ1−i
n i¼1

ð4Þ

in which x is the random variable, n is the number of the data points, and
A2 is the test statistic. It is generally accepted that the A-D test provides
better results than the K-S and Chi-Square tests [11,29].
All three goodness-of-ﬁt tests have been previously applied to construction simulation problems [23,30,31]. However, despite its better
performance, the A-D test was not extensively used in construction simulation modeling [32]. In this study, all three tests are employed to ﬁnd
the best ﬁt probability distributions.
5. Queue property discovery algorithms
5.1. Interarrival and service times
In this research, data that are collected using multimodal data collection sensors include, among others, the coordinates of each tracked entity (i.e. clients and servers) identiﬁed by its unique ID number at any
point in time. This data collection and storage technique creates a pool
of unique data points that contains ID numbers attributed by coordiID ID
nates xID
t , yt , zt that indicate the longitude, latitude, and altitude of
each entity (the current discussion only concerns the position of entities
in 2D, but the third dimension is also collected and can be useful in some
cases). As soon as an entity enters the boundaries of the queuing system,
its arrival time, ta, is marked and stored. Depending on the availability of
the server, it then either enters the queue or proceeds directly to the
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server. More detailed discussion about the reasoning process deployed
to discover the exact state of an entity in the system and all modes of
data contributing to the knowledge discovery phase can be found in
[17]. In a nutshell, the reasoning process is a taxonomy-based approach
that ﬁrst ﬁnds the state of construction resources, and then, according to
the stream of multi-modal data extracts the contextual process knowledge. If the entity joins the queue, its waiting time is calculated by
subtracting the time it starts receiving service, ts, from ta. If no queue
was formed and the server is free waiting for the next client, there is
no waiting time associated with this client in the queuing system and
thus ts − ta = 0. Depending on the service duration, the client leaves
the server at tf when its processing by the server is ﬁnished, and the duration of the service can be calculated as tf − ts. Therefore, the timing
status of the client in the system can be represented as ID (ta, ts, tf).
When the service starts, the coordinates of the client should be close
to those of the server. This condition conﬁrms that the client is in fact
in the process of receiving service at that moment. For example, for
the client 020 (09 : 46 : 16, 09 : 47 : 03, 09 : 48 : 35) which is served
by server ID 1, the following conditions must be met at the time of
service,
20

1

xt s ≅ x t s

;

20

1

yt s ≅ yt s

ð5Þ

Considering such spatio-temporal relationships between clients
and server(s), the waiting time and service time can be obtained. The
interarrival time of the queuing system can be also calculated by taking
into account the arrival pattern of all clients over a speciﬁc period of
time (i.e. duration of real system observation). In particular, the difference between the arrival times of any two subsequent clients can be
stored as a new interarrival time value.
5.2. Queue disciplines
As discussed earlier, there are a variety of rules that determine the
order according to which clients are drawn from a queue for further
processing by the server. Compared to the FIFO and LIFO situations
that are the two most common queue disciplines, PRI queues introduce
more complexity in terms of the interaction between clients and
server(s) and thus, require more investigations [33,34]. In this section,
the methodology designed for discovering all such queue disciplines
from the incoming client–server data streams is described.
As previously stated, clients' arrival times (ta) and service start times
(ts) can be extracted by capturing positional data. Having obtained data
from several service instances, the chronological record of collected ta
and ts values is used to create and populate two separate lists hereafter
referred to as the Order of Arrivals (OA) and the Order of Services (OS).
These two lists serve as the backbone of all algorithms described in
this section. In essence, knowledge revealing a speciﬁc queue discipline
is discovered through a side-by-side analysis and comparison of entries
and their chronological orders in these two lists. The general algorithm
for discovering the true queue discipline is represented in the ﬂowchart
shown in Fig. 4.
Following the ﬂowchart of Fig. 4 and given an OA list, each of the
three sub-algorithms (corresponding to FIFO, LIFO, or PRI disciplines)
ﬁrst creates an Expected Order of Service (EOS) list. The generated EOS
list is then compared to the actual OS list (as generated from the real
data). Depending on the degree of compatibility (i.e. similarity) between the EOS and OS lists, each sub-algorithm outputs an accuracy
level by which the collected data from the real system resemble the
queue discipline represented by that sub-algorithm.
5.2.1. First-in-ﬁrst-out (FIFO) queues
FIFO is often considered as the default queue discipline in most simulation software [25]. Discovering a FIFO discipline by analyzing the OA
and OS lists is relatively simple, as illustrated in the ﬂowchart of Fig. 5.

Fig. 4. Main ﬂowchart for queue discipline discovery.

According to this ﬁgure, the EOS list in this case should be identical to
the OA list as the clients receive service in the same order they arrive in
the queue. Therefore, the algorithm veriﬁes if the actual OS list is compatible with the EOS list. If each and every element (i.e. client IDs) in
the EOS list is equal to the corresponding element in the OS list, FIFO is
the queue discipline (with 100% accuracy level) that best describes
the client–server interactions represented by the collected data.
5.2.2. Last-in-ﬁrst-out (LIFO) queues
For a queue with LIFO discipline, drawing a conclusion is more
involved than the previous case. The rule states that the entity that arrives last should be served ﬁrst. The main complexity in this case lies
in the timing of when a server becomes available (i.e. giving service to
the last client has just ended) and the timing of clients arriving in the
queue, which may result in scenarios in which the EOS list is almost
never generated by inverting the OA list. In particular and given a
queue formation with n clients and a free server, the server must
process the last client (i.e. client n) ﬁrst. While processing client n, if a
new client arrives in the queue (with n − 1 clients left) then the next
client to be served is always the very last client in the queue (i.e. new
client n). However, if no new client arrives in the queue between two

Fig. 5. FIFO queue discipline discovery ﬂowchart.
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instances of server availability, then the second to last last client (i.e. client n − 1) will be served next since the very last client (i.e. client n) has
just been served by the server. In general, if no new client arrives in the
queue between k instances of server availability, then the next client to
be served will be the kth last client (k − 1 clients have already been
served by the server).
Fig. 6 shows the ﬂowchart of the LIFO discipline sub-algorithm. As
shown in this ﬁgure, once the next available service time is read from
the OS list, the client that arrives last in the queue is spotted. If the ID
of this client is not among those who have been already served, it will
be added to the EOS list as the next client to be served. Otherwise, it is
concluded that no new arrivals have occurred in between two consecutive server availability instances, and thus the algorithm looks for the
client who arrived one before last. This iteration continues until there
is no more service time available and all clients have been already processed by the server.

5.2.3. Priority (PRI) queues
Priority queues are slightly different from queues with FIFO and LIFO
disciplines since an external rule determines the order by which clients
receive service. The external rule is often deﬁned such that it assigns
higher priorities to some clients over others based upon an attribute intrinsic to clients (e.g. size, type) or combinations of attributes [34]. A
FIFO or LIFO queue is in fact a special case of a PRI queue in that the
attribute used to prioritize the clients is the time of arrival in the
queue. In its simplest form, an algorithmic approach for discovering
the PRI discipline in a queuing system starts with considering two channels for the clients that arrive in the queue. In practice, this resembles
the case where clients with higher service priority are channeled
through a designated line while all other clients are lined up in a regular

line. A common example of such channels is the passenger boarding
process at an airport or bus terminal, where passengers whose boarding
passes show “premier access” can board at any time of their choice
using a special lane [35]. In this research, and in order to design a generic
approach to discover queue discipline in PRI queues, the notion of two
physically-separated channels is, however considered secondary. In
other words, it is not necessary for clients to form two separate lines;
the sub-algorithm developed for this queue discipline can properly
function even if all clients are placed in a single line and in any arbitrary
order after entering the boundaries of the queuing system.
Fig. 7 illustrates a priority queuing system in the moment the server
has just become available (i.e. the client in service has just left the
boundaries of the queuing system). Here, clients that are sorted in the
ellipse based on their ta (smaller ta is placed closer to the server) are
of two types: square and circle. Let's assume that squares have higher
priority over the circles. Therefore, they can be grouped into two imaginary lines: a priority line and a regular line. Let's also assume that each
of these two imaginary lines follows a FIFO discipline, internally. Essentially, before any client is drawn from the regular line for processing,
the designed algorithm constantly checks whether there is any client
waiting in the priority line. Therefore, in the queuing system of Fig. 7,
assuming that during the next four server availability instances, no
new client is added to the queue, all existing clients can be enumerated
according to the order by which they will receive service. Clients of type
square receive lower service numbers (higher priority) and clients of
type circle receive higher service numbers (lower priority).
Fig. 8 shows the ﬂowchart of the PRI discipline sub-algorithm. It
should be noted that based on the general ﬂowchart presented in Fig. 4,
generated OA and OS lists are processed by all three sub-algorithms for
all queue disciplines. As previously stated, in each case, an accuracy
level will be calculated for every queue discipline (i.e. FIFO, LIFO, and
PRI) based on the degree of compatibility between the OS and EOS lists.
The queue discipline with the highest accuracy level can then be used
as the dominant queue discipline when simulating the real system. Consequently, if none of the queue disciplines has a high enough accuracy
level, it can be inferred that no speciﬁc rule was used to draw clients for
processing. In this case, the SIRO discipline can be used to describe
the queuing mechanism in the corresponding simulation model. In the
following section, a comprehensive queuing scenario will be presented
to better describe how raw collected data are transformed and used by
the queue discipline discovery algorithm, and how accuracy levels are
calculated for each potential queue discipline.
6. Empirical analysis and validation of results
In order to evaluate the functionality of the designed queue property
discovery algorithms in extracting key queue parameters (i.e. interarrival times, service times, and queue discipline), a series of experiments was conducted in the Decision Support, Information Modeling,

Fig. 6. LIFO queue discipline discovery ﬂowchart.

Fig. 7. Assigning priorities to clients in a PRI queuing system.
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Fig. 8. PRI queue discipline discovery ﬂowchart.

and Automation Laboratory (DESIMAL) at the University of Central
Florida. In each experiment, client–server interaction data were collected from the real system under a prescribed queue discipline, and the
performance of the designed algorithms in correctly identifying the
queue discipline as well as other queue parameters from the incoming
data streams was examined.
Several experiments were conducted using commercially available
ultra-wideband (UWB) receivers and tags that were continuously moving in a 3D space to represent clients arriving at, waiting in, and leaving
a queuing system, as well as server(s) in charge of processing clients.
The location of each tag was recorded in real time with an accuracy of

15 cm in 3D (XYZ) space. The update rate of the sensors was set to
16 Hz and a total of 11 tags were employed in each experiments. Out
of the 11 tags, 10 were used to model clients and 1 was used as a server.
In total, more than 78,000 time-stamped positional data points were
collected.
Table 1 shows a sample chronological record of the data points
collected in a two-second time interval in one of the experiments. The
ﬁrst column in this table shows the current time in hh:mm:ss format,
the second column is the ID of the UWB tag, the third, fourth, and ﬁfth
columns contain the 3D coordinates of the tag, and the last column is
the tag status. As soon as a tag entered the boundaries of the queuing

44

R. Akhavian, A.H. Behzadan / Automation in Construction 47 (2014) 37–49

Table 1
Sample of the collected data points.
Time

Tag ID

X

Y

Z

Tag Status

18:28:06
18:28:06
18:28:06
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07
18:28:07

020-000-154-195
020-000-147-220
020-000-147-212
020-000-147-252
020-000-147-020
020-000-147-207
020-000-147-175
020-000-147-211
020-000-154-195
020-000-148-011
020-000-147-220
020-000-147-212
020-000-147-252
020-000-147-020
020-000-147-207
020-000-147-175
020-000-147-211
020-000-154-195

3.91023
3.85169
3.08748
3.62637
3.89411
3.87354
3.79864
3.706
3.90496
4.65458
3.8502
3.08696
3.62177
3.89573
3.87055
3.80224
3.70344
3.90306

3.04932
3.04145
3.02152
3.0435
3.06027
3.06197
3.08372
3.06462
3.04561
3.95913
3.04176
3.02207
3.04439
3.06664
3.06544
3.08201
3.06286
3.04175

0.15026
0.149724
0.178556
0.265829
0.132566
0.148414
0.13733
0.118912
0.1512
0.316904
0.155713
0.179014
0.265192
0.131962
0.151006
0.13583
0.120768
0.156936

In System
In System
In System
In System
In System
In System
In System
In System
In System
Just Born
In System
In System
In System
In System
In System
In System
In System
In System

Fig. 9. Schematic illustration of the experiment test bed.

system, its status was marked as “Just Born” (e.g. tag 020-000-148-011
in Table 1). Otherwise, if it already existed in the queuing system, its status was shown as “In System”.
Fig. 9 shows a schematic illustration of the experiment test bed. In
this test bed, the queue area that hosts the 5 cm by 5 cm UWB tags
(speciﬁed by C letters) is separated by 30 cm from the service area
where another UWB tag acts as a server (speciﬁed by S letter).
In each scenario, a series of 50–60 instances of arrival (birth), service,
and departure (death) was examined by human experiment assistants.
Interarrival and service times were determined and scaled by observing
the same number of instances in a real world earthmoving operation in
which dump trucks waiting in a queue received service from a single excavator. More speciﬁcally, an assistant who was tasked with organizing
the arrivals of entities used a stopwatch to add each entity to the queue
area according to the scaled interarrival times observed in the real

world earthmoving operation. Another assistant was responsible for
drawing entities from the queue and putting them adjacent to the server tag. Again, the timing of this task was according to the scaled service
durations taken from the real world earthmoving operation. Subsequent time-stamped arrivals of the client tags to the queue area determine the interarrival times and the time during which a client tag is in
the service area (closest to the server) determines the service duration.
Movement of tags does not affect the sensing accuracy.
Initially, three distinct experiments were conducted with FIFO, LIFO,
and PRI queues, respectively. In each case, order of arrivals and services,
and interarrival and service times were extracted using the methodology and algorithms described earlier. Moreover, the queue discipline in
each case was discovered with a satisfactory accuracy level. Furthermore, once the performance of the algorithms in extracting the true
queue discipline was veriﬁed, a fourth experiment was conducted
in which the queue discipline was changed in the middle of the experiment to evaluate the performance of the designed algorithms in detecting the change as it occurred in the real system. A good example of why
this experiment is relevant to scenarios from the real world is the case
where a project manager, due to a variety of reasons (e.g. saving fuel,
minimizing engine wear), decides to change a regular FIFO queue discipline to a PRI discipline that is based on the fuel left attribute of the
dump trucks waiting to be loaded by an excavator [12]. Knowing the
exact point in time when this queue discipline change occurs in the
real system can help a modeler update the corresponding simulation
model accordingly to better reﬂect the actual conditions on the ground,
thus resulting in more accurate simulation output and more realistic
performance prediction. In the designed experiment, the implication
of the priority queue was such that UWB tags with even tag IDs were
prioritized over the ones with odd tag IDs.
Table 2 shows a sample of the OA and OS lists along with the corresponding interarrival and service times extracted in one of the initial
three experiments. Note that this table only contains a small portion
(three-minute time interval) of a much larger record of data points collected during the experiment.
In each experiment, up to six commonly used standard theoretical
probability distributions (i.e. Beta, Erlang, Exponential, Gamma, Normal,
and Triangular) were ﬁtted to the interarrival and service times. In each
case, the quality of the ﬁt was evaluated using the three goodness-of-ﬁt
tests (previously described) in the @RISK probability distribution ﬁtting
software. Next, probability distributions were ranked among each other
according to their test statistics. Finally, out of the six representative
probability distributions, the one that received the highest average
rank was selected to be used inside the simulation model to describe
the undeterministic characteristics of the queuing system. For example,
Table 3 shows the results obtained for the ﬁrst of the initial three
experiments.
As shown in Table 3, for the ﬁrst experiment, both the Gamma and
Erlang distributions received the highest rank among all distributions

Table 2
Sample of the OA, OS, interarrival, and service times extracted in experiment 1.
Arrival Order

Arrival Times

Interarrival Times

Service Order

Service Start

Service Finish

Service Duration

020-000-147-020
020-000-154-195
020-000-148-011
020-000-147-212
020-000-147-252
020-000-147-211
020-000-147-175
020-000-147-220
020-000-147-207
020-000-147-020
020-000-154-195
020-000-148-011
020-000-147-212

18:25:38
18:25:55
18:26:16
18:26:35
18:26:42
18:26:49
18:27:21
18:27:29
18:27:36
18:27:51
18:27:56
18:28:07
18:28:35

0:00:17
0:00:21
0:00:19
0:00:07
0:00:07
0:00:32
0:00:08
0:00:07
0:00:15
0:00:05
0:00:11
0:00:28
0:00:12

020-000-147-020
020-000-154-195
020-000-148-011
020-000-147-212
020-000-147-252
020-000-147-211
020-000-147-175
020-000-147-220
020-000-147-207
020-000-147-020
020-000-154-195
020-000-148-011
020-000-147-212

18:27:27
18:27:42
18:27:50
18:27:57
18:28:20
18:28:30
18:29:01
18:29:14
18:29:30
18:29:52
18:30:03
18:30:21
18:30:39

18:27:39
18:27:47
18:27:54
18:28:17
18:28:26
18:28:37
18:29:11
18:29:27
18:29:48
18:30:00
18:30:17
18:30:35
18:30:42

0:00:12
0:00:05
0:00:04
0:00:20
0:00:06
0:00:07
0:00:10
0:00:13
0:00:18
0:00:08
0:00:14
0:00:14
0:00:03
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Table 3
Ranking of the best ﬁtted probability distributions for experiment 1.

Interarrival
Time

Test

Beta

Erlang

Exponential

Gamma

Normal

Triangular

Chi–Square

5

1

2

4

6

3

K–S

1

3

4

2

5

6

A–D

2

3

4

1

5

6

8

7

10

7

16

15

Chi–Square

3

N/A

4

N/A

1

2

K–S

3

N/A

4

N/A

1

2

A–D

2

N/A

4

N/A

1

3

8

N/A

12

N/A

3

7

Rank
Service
Time
Rank

that were ﬁtted to interarrival times and thus, either of the two
was deemed suitable for use in the simulation model. Also, for service
times, the Normal distribution had the best relative ranking among
others. Moreover, the test statistics for both the Gamma/Erlang and
Normal distributions were smaller than the critical value at 95% accuracy level in all three tests which imply that there is no reason to reject the
H0 hypothesis (i.e. there is no reason to reject the assumed distribution).
In Table 3, the term N/A indicates that for that particular distribution, the
data convergence failed and thus the distribution could not be ﬁtted to
the data. Fig. 10 shows the Gamma and Normal distributions as ﬁtted

45

to the extracted interarrival and service times in experiment 1,
respectively. It should be noted that, although Normal distribution was selected as the best ﬁt distribution, when using it inside
a simulation model, appropriate lower and upper bounds should
be deﬁned, so as not to sample extremely low or large values.
This can be done by using a truncated distribution with the
same main parameters or adding control statements in the simulation script to ignore sample values smaller or larger than userspeciﬁed bounds.
The same procedure was followed for the next two experiments.
Table 4 lists the best ﬁtted distribution for the interarrival and service
times for the initial three experiments. Note that all of the selected distributions as summarized in Table 4 had test statistics less than the critical value in all three goodness-of-ﬁt tests which imply that in none of
them can the H0 hypothesis be rejected. In addition, in order to validate
the selected probability distributions, the cumulative distribution function (CDF) of the actual empirical distribution constructed from the experimental data was compared against the ﬁnal distribution selected
using the two-sample K-S test statistic. Results are shown in the fourth
column of Table 4, and the CDF graphs for the interarrival and service
times of the ﬁrst experiment are illustrated in Fig. 11. The two-sample
K-S test used to compare the empirical data and the selected distribution should not be confused with the one-sample K-S test in Table 3

Fig. 10. Gamma and normal distributions ﬁtted to the extracted interarrival and serivce times in experiment 1.
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Table 4
Best ﬁt distribution for experiments 1, 2, and 3.
Experiment

Queue Parameter

Best Fitted Distribution

Two-Sample K-S Test Statistic

1

Interarrival Times
Service Times
Interarrival Times
Service Times
Interarrival Times
Service Times

Gamma [1.5,9.5]
Normal [12.5, 5.9]
Gamma [1.7, 8.1]
Beta [8.0, 3.5]
Erlang [2, 6.8]
Normal [16.16, 6.2]

0.09
0.06
0.07
0.06
0.16
0.11

2
3

that was used as a goodness-of-ﬁt measure. The critical value of the
two-sample K-S test for the level of signiﬁcance of α = 0.05 is given
by Eq. (6),
Dα ¼ 1:36

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n1 þ n2
n1 n2

ð6Þ

in which Dα is the critical value at α = 0.05, and n1 and n2 are the sizes
of the samples [36]. Here n1 ≈ n2 = 55 and thus Dα ≈ 0.26. According
to Table 4, all the test statistics are less than this critical value and thus
the null hypothesis (samples are from the same distribution) is not
rejected.
Once probability distributions were ﬁtted to the interarrival and service times, the robustness of the designed methodology in discovering
the true queue discipline was evaluated. As mentioned earlier, in the
initial three experiments, FIFO, LIFO, and PRI queue disciplines were
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Fig. 11. CDF of the experiment input data and the best ﬁt distribution to the extracted
durations.

prescribed to the real system. Once time-stamped client–server positional data were collected, the OA and OS lists were generated and inputted to the queue discipline discovery algorithm illustrated in Fig. 4.
Results indicated that the queue discipline of the ﬁrst experiment
(which was set to be FIFO in the real system) was discovered to be
FIFO with 100% accuracy level. In essence, when OA and OS lists of this
experiment were processed by sub-algorithm 1 in Fig. 4, it was observed
that in 100% of the times the queue discipline was in fact FIFO. Also, the
accuracy levels calculated by sub-algorithms 2 and 3 for the same OA
and OS lists of experiment 1 were 5.60% and 8.30%, respectively. The
results obtained from the queue discipline discovery algorithm for all
initial three experiments are summarized in Table 5.
As shown in Table 5, all three sub-algorithms were successful in
detecting the correct queue discipline that was adopted in each experiment. Also, in each case they detected the other two queue disciplines
with relatively very low accuracy levels. Therefore, in order to draw a
fair conclusion about the performance of the algorithms in each experiment, the last column represents the normalized accuracy levels considering all the results obtained in all sub-algorithms.
Finally, in the last (i.e. fourth) experiment, a change in the queue
discipline was implemented at an arbitrary point in time during the experiment. In particular, while the queuing system was originally set to
function under the FIFO rule, the discipline was switched to PRI when
50% of the service instances were fulﬁlled. Under the new queue discipline, the UWB tags with even tag IDs received higher priority over
those with odd tag IDs. It was detected that the interarrival times and
service times followed Gamma distribution and Normal distribution,
respectively. Also, results of the data mining process indicated that a
FIFO discipline was predominant in 54.7% of service instances and a
PRI discipline was detected in 61.3% of service instances. Through
normalizing the results, the output of the algorithm revealed that
in the ﬁrst 47.15% of service instances, a FIFO discipline was followed (compared to 50% as observed in the real experiment) while in
the remaining 52.85% of service instances, the dominant queue discipline was PRI.
Results obtained from experiment 4 were imported into the
STROBOSCOPE simulation system. Table 6 shows the input parameters of the simulation model based on the extracted interarrival and
service times as well as the dynamic queue discipline, as extracted
from the data collected from the client–server interactions in the
real system.
The queuing system was modeled based on the activity cycle
diagram (ACD) shown in Fig. 12. The Gamma distribution for the
interarrival times was used to model the duration of the Arrival activity, and the Normal Distribution was used to model the duration of the
Service activity. Also, the queue discipline was used to draw clients
from the ClientsWait queue. Fig. 13 shows the STROBOSCOPE simulation script in which the implementation of the discovered queue
discipline change in the model is highlighted (shown in front of the
DESCIPLINE statement).
In order to check if providing the simulation model with the knowledge describing the exact timing of the queue discipline change makes a
meaningful difference in simulation results, the mean waiting times of
the two client types (i.e. tags with even and odd IDs) in the queue
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Table 5
Results of the queue discipline discovery.
Calculated confidence level for
the discovered discipline
Actual queue
discipline
(real world)

Sub–algorithm
1 ( FIFO)

Sub–algorithm
2 (LIFO)

Sub–algorithm
3(PRI)

Normalized
confidence
interval

FIFO

100%

7.54%

8.37%

86.32%

LIFO

16.66%

94.80%

2.21%

83.39%

PRI

16.98%

9.43%

97.23%

78.64%

Table 6
Input parameters of the simulation model for experiment 4.
Queue Parameter

Simulation Input

Interarrival times distribution
Service times distribution
Queue discipline

1.475 + Gamma (1.75, 8.10)
Normal (13.66, 8.02)
FIFO (47.15%) + PRI (52.85%)

were monitored in the simulation output. Eleven independent simulation models (each with 10 replications) were run each with a 10% increment in the percentage of service instances after which the queue
discipline change occurred. In other words, in the ﬁrst model, it was assumed that the queue discipline was changed from FIFO to PRI after 0%
of service instances were completed (i.e. PRI discipline from the very
beginning); in the second model, it was assumed that the queue discipline was changed from FIFO to PRI after 10% of service instances were
completed; and eventually, in the eleventh model, it was assumed that
the queue discipline was changed from FIFO to PRI after 100% of service
instances were completed (i.e. FIFO discipline until the end). Each simulation replication was continued until 10,000 service instances were
completed and therefore, a total of 100,000 service instances were
modeled for each combination of FIFO and PRI percentages. As described
earlier, the designed queue data mining algorithm revealed that in the
ﬁrst approximately 47% of the service instances the queue discipline
was FIFO which was then switched to PRI. Therefore, one more simulation model (with 10 replications) was run in which the queue discipline
was changed from FIFO to PRI after exactly 47% of service instances were
completed. Fig. 12 shows the average waiting times for even ID tags and
odd ID tags in seconds, obtained from these simulation models. In this
ﬁgure, the horizontal axis shows the percentage of service instances in
each simulation model after which the queue discipline is changed
from FIFO to PRI, and the vertical axis indicates the average of
the mean waiting times obtained from the results of 10 simulation

Fig. 12. Activity cycle diagram of the queuing system in STROBOSCOPE.
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replications. The two points corresponding to the results of the experiment with 47% FIFO and 53% PRI are distinctively marked in the plots.
As shown in Fig. 14, if the queue discipline for the entire process is PRI
(i.e. 0% on the horizontal axis), the average waiting time for even ID
tags (i.e. that have higher priority) is around 12 s, which is much less
than the same value for the odd ID tags (around 81 s). At 47% on the horizontal axis (i.e. the time in the real experiment where queue discipline
was changed from FIFO to PRI), the average waiting time for even ID tags
(i.e. that have higher priority) is around 25 s and the same value for odd
ID tags is around 63 s. Also, the average waiting time for all tags (both
even and odd ID tags) is around 39 s. In comparison, if the queue
discipline is FIFO from the beginning to the end (i.e. 100% on the
horizontal axis), both tag types have the same average waiting
times of around 38 s. Fig. 14 also shows the values of the same measures observed in the real world experiment (where the queue discipline was changed from FIFO to PRI after 47% of the service
instances were completed). As shown in this ﬁgure, the observed
average waiting time for even ID tags (i.e. that have higher priority)
is around 10 s and the same value for odd ID tags is around 81 se,
and the observed average waiting time for all tags (both even and
odd ID tags) is around 35.5 s.

7. Discussion and conclusions
Planning, control, and monitoring of construction operations in
general, and heavy construction and infrastructure projects in particular, are facilitated using simulation modeling. Queuing systems
are typically abstracted and represented as part of the overall project model in most simulation systems. However, in the absence of
precise data with high spatial and temporal accuracy, realistic
modeling of arrival and service processes in queuing systems simulation is not a trivial task. To alleviate this problem, data collection
and knowledge extraction with regard to the interaction of entities
in a queuing system were investigated in this research. In particular,
this paper discussed major queue properties, and described the
designed algorithms for knowledge discovery in queuing systems.
The validity and robustness of the developed methodology were
assessed using a series of experiments and through collecting and
mining empirical data.
The designed data collection and knowledge-discovery methodology was successful in ﬁnding the interarrival and service times, and
more importantly the underlying discipline of queuing systems. A key
observation was that despite the convenience of modeling interarrival
and service times using the Exponential probability distribution, this
distribution may not necessarily be the true representative for certain
operational scenarios. In fact, the empirical analysis of results obtained
from the experiments conducted in this research revealed that the Exponential distribution was in most cases the worst ﬁt probability distribution. Although this is a legitimate ﬁnding only in the context of this
study and should not be generalized to all queues, it suggests that the
assumption of Exponential distribution for interarrival of entities to a
queue may not be always correct. Furthermore, the designed queue discipline discovery and data mining algorithms were used in several experiments to analyze queue data and detect the predominant queue
discipline, as well as any sudden changes in queue discipline during
the course of the operations. In particular, three initial experiments
were conducted to assess the queue properties discovery algorithms.
Results indicated that these algorithms were able to successfully detect
queue properties for use inside a DES model. Furthermore, in a separate
experiment in which queue discipline was switched at an arbitrary
point in time during the operation of the queuing system, the effect of
discovering the exact point at which the queue discipline was changed
on the results of the simulation was evaluated. It was found that incorporating knowledge describing a real queuing system into a data-driven
simulation model (as opposed to using static input data) can result in
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Fig. 13. STROBOSCOPE simulation script and the implementation of the discovered queue property change.

Fig. 14. Comparison of average waiting times of even and odd ID tags.

simulation outputs that better resemble the observations taken from
the real system.
It was concluded from the validation results that relying solely
on expert judgments, secondary (historical) data from past projects, and purely mathematical theories without considering the
nature and unique characteristics of the current project may
result in misrepresentation of the real system in a construction
simulation model. This can adversely affect the reliability of
the simulation output and make the results unacceptable for
decision-making.
The main contribution of this research to the body of knowledge and
practice is that it enables the extraction of queue properties in dynamic
constantly-changing settings such as construction and infrastructure
ﬁeld activities. This is of practical value because queue modeling is
one of the most important applications of simulation in general and
DES modeling in particular. By providing factual data and extracting
more reliable input knowledge such as queue properties for a simulation model, the output of the model is more representative and reliable. The authors are currently working on more complex examples
of client–server interactions including multiple serving channels
and/or phases, as well as cases for which more than one server processes
a client simultaneously.
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