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Recent advances in data collection and operations analysis techniques have facilitated the process of
designing, analyzing, planning, and controlling of engineering processes. Mathematical tools such as
graphical models, scheduling techniques, operations research, and simulation have enabled engineers
to create models that represent activities, resources, and the environment under which a project is taking
place. Traditionally, most simulation paradigms use static or historical data to create computer interpret-
able representations of real engineering systems. The suitability of this approach for modeling construc-
tion operations, however, has always been a challenge since most construction projects are unique in
nature as every project is different in design, specifications, methods, and standards. Due to the dynamic
nature and complexity of most construction operations, there is a significant need for a methodology that
combines the capabilities of traditional modeling of engineering systems and real time field data collec-
tion. This paper presents the requirements and applicability of a data-driven modeling framework capa-
ble of collecting and manipulating real time field data from construction equipment, creating dynamic 3D
visualizations of ongoing engineering activities, and updating the contents of a discrete event simulation
model representing the real engineering system. The developed framework can be adopted for use by
project decision-makers for short-term project planning and control since the resulting simulation and
visualization are completely based on the latest status of project entities.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Resource planning and control at the operations level are criti-
cal components of managing the performance of ongoing activities
in a construction site [1]. A comprehensive operations level plan
can help project decision-makers and site personnel foresee poten-
tial problems such as spatial conflicts and resource under utiliza-
tion before the actual operation takes place. This will also help
save effort that would have otherwise been put on reworks, resolv-
ing conflicts, and performing change orders, and will ultimately
translate into significant savings in project time and cost. For
example, Cox et al. [2] suggested that rework is typically responsi-
ble for 6–12% of the overall expenditure for a construction project.
Construction Industry Dispute Avoidance and Resolution Task
Force (DART) reported that annually more than $60 billion was
spent on change orders in the United States [3]. Also, according
to the Federal Facilities Council (FFC), in 10–30% of all construction
projects serious disputes are estimated to arise with a total cost of
resolution between $4 and $12 billion each year [4]. One of the
ll rights reserved.
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major impediments of effective planning is managing a large
volume of information including inputs from alternative project
designs, material properties, labor productivity, equipment specifi-
cations, and project schedules. This will become even more sophis-
ticated when the dynamics of the construction project introduces
several layers of uncertainty that can range from internal factors
(e.g. project time and cost variations, equipment breakdowns,
contractor claims) to external events (e.g. weather conditions,
financial market stability). Computer applications have thus
evolved during the past several years to facilitate the process of
project planning by providing a convenient and reliable means
for modeling, simulating, and visualizing project activities [5–11].
In order to create reliable computer models of a future construc-
tion project during the planning stage, one needs to carefully
examine every detail of the operations within that project, and
identify major events and processes that will potentially impact
the outcome of an operation. Once such events and processes are
identified, attributes such as resource consumption levels and
activity durations should be determined. For a small operation, this
can be done in a relatively short period of time using existing
numerical tools and statistical data from past projects. However,
as the size of the operation increases and with the introduction
of more resources and activities, creating a simulation model that
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realistically represents the actual operation becomes a tedious if
not an impossible task. This is mainly due to the fact that collecting
accurate and reliable field data from ongoing activities and re-
source operations, and integrating the collected data into the plan-
ning process turns into a challenging job. In addition, unforeseen
site conditions, equipment breakdowns, work delays, and the
evolving nature of a construction project will introduce additional
layers of uncertainty that may slow down the progress of data col-
lection. Even if all such data is collected, handling a large volume of
information in a single platform may prove to be a time and labor
intensive task. As a result, it is very likely that the modeler uses
strict rules, simplifying assumptions, and rigid design parameters
inside the model. These may seriously impact the accuracy of the
model in representing the dynamics of the project which will ulti-
mately be detrimental to the reliability of the model for verifica-
tion and validation [12].

2. Problem description and main research contributions

Traditional simulation paradigms employ static data and infor-
mation available from similar projects and operate under a given
set of system design parameters (e.g. activity precedence relation-
ships, duration distributions) [13]. In the absence of a methodology
that facilitates real time field data collection, most project deci-
sion-makers rely on readily available project information and sub-
jective personal judgments when evaluating uncertainties and
forecasting future project performance [14]. Recently, advances
in automation and information technology resulted in new ap-
proaches for collecting and managing construction work data. In
particular, automated tracking systems have been evolved to gath-
er necessary information about the position of construction re-
sources for different purposes [15–17]. Using field data to
determine the location and status of resources (e.g. construction
equipment and personnel) in a timely manner helps in describing
the context surrounding the operations and therefore is valuable
for monitoring the workflow of activities during these operations.
Also, field data supports operational decisions and helps predict
the performance of a construction system based on the latest pro-
ject status.

Another valuable implication of field data acquisition is the
application of the collected data in creating visual representations
at different levels of detail of various operations in a construction
site. Visualizing field data has been demonstrated to have many
applications such as maintenance, crew training, safety manage-
ment, and damage prevention [18–20]. But from the point of view
of planning, monitoring and control, 3D visualization not only does
offer a convenient tool for decision-makers to get a real insight of
what is exactly happening in a jobsite (particularly for operations
that are hard to quantify or represent in a parametric model),
but also is a substantial help for verification and validation of the
underlying simulation model. This is especially important because
decision-makers often do not have the time and knowledge to con-
firm the accuracy and validity of simulation models and thus do
not usually rely on the results [10]. In addition, visualization assists
in investigating events that are hard to be quantified in a definitive
manner, but yet can affect the final outcome. Examples of such
events include work zones overcrowding due to simultaneous exe-
cution of different trades in building construction, safety problems,
and potential for physical collisions.

The benefits of construction field data collection, simulation,
and visualization have been investigated in isolated cases in the
past. However, to the authors’ best knowledge, integrating these
three promising techniques in a single framework to facilitate
the process of short-term planning and control of construction pro-
jects in operations level have not yet been explored. Hence, the
presented research is mainly motivated by this need and is aimed
to fill this gap by investigating the requirements and applicability
of an integrated framework that uses the paradigm of Dynamic
Data-Driven Application Simulation (DDDAS) to address the prob-
lem of short-term operational level planning and control. The con-
cept and applications of DDDAS are introduced in Section 4. The
focus of this paper is on presenting the results of a remote tracking
technique developed to capture field data from construction equip-
ment in real time and create live 3D animated scenes of the oper-
ations. The developed technique uses a .NET environment thus
providing a convenient means for data manipulation. The pre-
sented study has been investigated and validated in an indoor lab-
oratory scale setting. However, the developed methodology is
generic in nature and can be adopted for use in outdoor situations
with minimum modifications as discussed in Section 6.
3. Previous work

Collecting accurate and reliable data is the most critical compo-
nent of every decision support system. Data captured manually
using traditional onsite data collection techniques can be outdated
or suffer from missing or inaccurate pieces [21–25]. Saidi et al. [26]
stated that despite the recent advancements in construction mea-
surement and sensing technologies, having accurate and updated
information about the status of construction operations remains
an issue in the construction industry. As a result, automated data
collection and resource locationing techniques have received cred-
ibility as they facilitate processes including but not limited to re-
source management, productivity analysis, quality control, and
monitoring workflow processes. To this end, work still needs to
be done in order to take advantage of such technologies when
planning activities at early stages of a project where the scope of
the work and the dynamics of the project environment are still
evolving. The following subsections present a comprehensive re-
view of recent research efforts in the areas of data collection, sim-
ulation, and visualization.
3.1. Automated resource tracking

Automated resource (personnel, equipment, materials) tracking
has been the subject of many studies in construction and facility
management [15,27–31]. Resource location tracking applications
use different techniques for indoor and outdoor environments. A
variety of outdoor and indoor location tracking technologies exist
with significantly different characteristics, infrastructure, and de-
vice requirements [16]. Radio Frequency Identification (RFID), for
example, has been increasingly used for tracking purposes in con-
struction jobsites. RFID systems use tags and a reader which sends
radio frequency signals to read data from the tags. One of the early
attempts in using of RFID in construction industry was made by
Jaselskis et al. [32]. They proposed RFID for tracking high-valued
materials on construction jobsites. Song et al. [27] used RFID to
automate the task of tracking the delivery and receipt of fabricated
pipe spools in lay down yards and under shipping portals. Since
RFID readers and tags do not require line-of-sight, the readers
can detect several tags at a time, and the tags can function properly
in harsh conditions. However, the short reading range which
mostly is a function of the communication frequency can be an
obstacle for the use of RFID systems in large construction sites.
Researchers have also used the Global Positioning System (GPS)
for its capability in tracking construction labor and equipment in
outdoor environments and construction sites [16,33,34]. GPS is
an outdoor satellite-based worldwide radio-navigation system
formed by a constellation of 24 satellites, ground control stations,
and end users [35]. The most important impediment in using GPS
is that its functionality is limited to outdoor environments since a
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clear line-of-sight between the satellite and GPS receiver is always
needed. More recently, there have also been some attempts in
combining RFID with GPS technology [30,36]. Also, Jang and Skib-
niewski [15] introduced an Automated Material Tracking (AM-
TRACK) system based on ZigBee localization technology to
overcome the drawbacks of GPS and RFID systems in terms of accu-
racy and cost. Another technology that has been studied for auto-
mated tracking is Ultra Wide Band (UWB). Teizer et al. [37]
developed an UWB data collection tool for work zone safety man-
agement and location tracking. In an indoor environment, where
Global Navigation Satellite System (GNSS) data is not available, in-
door positioning technologies are used. RFID and UWB can be used
in both indoor and outdoor environments. GPS, as stated before,
has generally developed only for outdoor environments. However,
another technology called indoor GPS has recently emerged which
is not satellite-based [31]. Wireless Local Area Network (WLAN) is
another technology used for indoor tracking and localizations [31].
Inertial Navigation Systems (INS) such as accelerometers and other
systems such as Bluetooth, Infrared, and Ultrasonic are other
examples of indoor localization technologies [38].

In addition to the sensor-based data acquisition technologies
described above, vision-based tracking has gained some credibility
among researchers. In a recent study, Brilakis et al. [39] presented
an automated framework of vision based tracking using two cam-
eras. Although this method seems to overcome sensors in terms of
coverage area and being independent of installed tags on the ob-
jects, it is still much costly and requires a more involved mainte-
nance and calibration. Table 1 summarizes the existing tracking
and localization techniques. As Table 1 suggests and to the authors’
best knowledge, the application of real time data collection for the
purpose of planning and monitoring of equipment motions has not
yet been investigated.

3.2. Simulation in construction

Simulation is a major area of research within the construction
community. However, a relatively limited number of previous pro-
jects investigated the planning and control of engineering systems
through real time simulation capable of reflecting the most recent
changes in activity patterns and interactions. The introduction of
CYCLONE [40], marked the beginning of a new era in modern con-
struction simulation research. CYCLONE aimed to simplify the
modeling of processes that are cyclic in nature. Subsequently,
many attempts were made to develop different simulation systems
based on CYCLONE. The examples of such systems include INSIGHT
[6], MODSIM [41], STROBOSCOPE [42] and ABC [9]. Among several
possible methods of modeling construction operations, discrete-
event simulation (DES) has gained a large credibility since almost
every construction operation can be effectively broken down to
and modeled as a network of discrete activities each consuming re-
sources (personnel, material, and equipment) to be completed [43].
Table 1
Previous research on tracking applications in construction jobsites.

Study Application Technology

Ergen et al. (2007) [36] Material tracking RFID
Song et al. (2006) [27] Material tracking RFID
Behzadan et al. (2008) [16] Personnel tracking GPS
Caldas et al. (2006) [35] Material tracking GPS
Grau and Caldas (2009) [30] Material tracking RFID + GPS
Ergen et al. (2007) [36] Material tracking RFID + GPS
Jang et al. (2007) [15] Material tracking ZigBee
Teizer et al. (2007) [37] Safety UWB
Khoury and Kamat (2009)

[31]
Tracking mobile
users

UWB/indoor GPS/
WLAN/

Brilakis et al. (2011) [39] Project entities Vision based
A DES system called COOPS was introduced by Liu and Ioannou [7]
which used object-oriented design for simulation. Martinez and
Ioannou [43] examined DES systems based on three characteris-
tics: application breadth (general or special purpose), modeling
paradigm (process interaction versus activity scanning), and flexi-
bility (i.e. programmability). Also, a new simplified DES approach
(SDESA) was developed by Lu [44] for planning construction oper-
ations and tracking the performance of individual resources in cyc-
lic or looped processes. There were also attempts to employ
simulation for specific construction operations such as the frame-
work Kannan et al. [45] developed for earthmoving operations
which was designed to study a set of dynamic strategies.

3.2.1. Simulation-based visualization
Some researchers have used simulation-based visualization to

facilitate the communication of simulation results. Using simula-
tion-based animation, Kamat and Martinez [10] presented VITA-
SCOPE as a general-purpose, user-extensible 3D animation system
for visualizing simulated processes in smooth, continuous, 3D vir-
tual worlds. Behzadan and Kamat [11] designed and implemented
ARVISCOPE, an augmented reality (AR)-based mobile visualization
system that allowed dynamic visualization of simulated operations
in outdoor environments using an external scripting language.

3.2.2. Real time simulation of construction projects
Real time simulation has been explored by researchers in sev-

eral engineering and scientific fields. For example, Hunter et al.
[46] developed a simulation model based on inflow data aggre-
gated over a short time interval to create an accurate estimate of
the evolving state of transportation systems. In another example,
Tavakoli et al. [47] suggested a generic simulation platform for real
time DES modeling in healthcare and manufacturing applications.
Also, a yard crane dispatching algorithm based on real time data
driven simulation was proposed by Guo et al. [48] to solve the
problem of yard crane job sequencing by minimizing the average
vehicle waiting time. In the construction domain, however, despite
previous work in real time data collection and processing, very lim-
ited amount of research has been done in effectively incorporating
field data into an existing simulation model for short-term plan-
ning and control of the same operation. Chung et al. [49] suggested
using Bayesian techniques to update the distributions of input
parameters for tunnel simulation by ‘‘manually’’ collecting project
data from a tunneling project on a bi-weekly basis and using the
data to improve simulation input models. Also, Song et al. [14] de-
scribed a framework of real time simulation for short-term sched-
uling of heavy construction operations and developed a prototype
system for asphalt hauling and paving projects.
4. Dynamic Data-Driven Application Simulation (DDDAS)

In this research, the application of DDDAS in construction oper-
ations under evolving site conditions is investigated. A DDDAS
model is sought to dynamically measures site data in form of a
new information layer and integrates the collected data with the
corresponding simulation model to constantly adapt the model
to the dynamics of the construction system and update it based
on the latest collected operational data [50]. DDDAS enables a
more accurate prediction of how a dynamic construction system
will behave in the future based on the current status of its constit-
uents (i.e. resources). Traditionally, there has been a major discon-
nect between DES modeling (which is mainly conducted at the
planning stage) and the actual site dynamics (during the construc-
tion phase). Incorporating the concept of DDDAS into the modeling
process can help significantly improve conventional DES modeling.
For example, more realistic activity parameters (e.g. probabilistic
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duration distributions, dependencies) can be obtained by measur-
ing data collected from different pieces of equipment involved in
that activity. In short, DDDAS facilitates the process of tailoring
an existing DES model to better meet the evolving conditions of
the real system. The DDDAS technique designed and implemented
in this research captures real time data from resources on a jobsite,
incorporates the collected data to update the corresponding DES
model, creates an exact dynamic 3D visualization of the ongoing
operations using the collected data, and finally assists project deci-
sion-makers in short-term operations planning and control. Fig. 1
is a schematic diagram showing the basic components of the
DDDAS in the context of this research.

Major challenges to be addressed during the course of this pro-
ject will include robust data collection and rapid processing, wisely
updating the simulation model in order to prevent unnecessary
usage of computing and networking resources, and developing
methods to allow dynamic data updates during the simulation exe-
cution [51]. The application of DDDAS has been previously ex-
plored in areas such as emergency management, contaminant
tracking, enhanced chemical progress design, and advanced vehicle
driving assisting systems [50,52–54]. However, to the authors’ best
knowledge, the potential of this paradigm in improving the perfor-
mance and reliability of construction simulation models has not
been yet investigated which highlights the importance and high
potential of research in this area.
5. Methodology

The methodology developed by the authors follows the system
architecture shown in Fig. 2. As shown in this figure, the framework
is built around the concept of DDDAS and thus, contains major
components (modules) that were previously illustrated in Fig. 1.
The following subsections provide details of these components.

5.1. Real time data collection of ongoing construction operations

As discussed earlier, dynamic simulation modeling requires real
time field data collection and integration. As a result, data acquisi-
tion is one of the most challenging and computing intensive parts
of a DDDAS given that it is almost impossible to manually collect
real time data in large projects. Depending on the extent and com-
plexity of a project, designing and implementing a reliable means
to acquire, communicate, and synchronize data from multiple
sources may itself be a major challenge. Real time data is used
not only for updating and fine-tuning the model with the latest
changes occurring in the real system, but it also serves as the basis
for model validation and verification. Since the model needs to be
continually updated, an uninterrupted flow of input data is needed
to reflect the latest changes in the status of activities and resources.
Therefore, developing and implementing a robust and automated
data collection infrastructure including sensing and communica-
tion technologies is necessary. In addition to the positional data,
most of the construction equipment (e.g. cranes, excavators, shov-
els, loaders) have hinged moving parts and thus, collecting the
Fig. 1. Basic compon
angles of orientation for these parts is also essential. Such data
can be acquired using orientation sensors that capture three angles
of rotation (i.e. yaw, pitch, and roll). In the presented research, ori-
entation data are captured and transmitted to the system in order
to simulate and animate the latest body configuration of construc-
tion equipment.
5.2. Automated data classification and analysis

One of the most important components of any dynamic simula-
tion system is the capability of the model to adapt itself to the
changes in the field processes [14]. The advantage of real time
automated data collection is that it enables the simulation model
to update itself in response to changes in the project environment.
This can be achieved by continually collecting time-stamped data.

The major challenge in collecting a large volume of heteroge-
neous information is that unnecessary data may also be inevitably
collected. For example, in order to mathematically describe the
motion of a loader’s boom within the context of an earthmoving
operation, a 3D orientation tracker mounted on the boom would
capture three angular values namely yaw, pitch, and roll. However,
given that the boom must be raised or lowered in order to load or
unload a truck, the main piece of information needed to determine
the start and end times of load or unload activities is the pitch an-
gle. As such, potential trembles resulting in small changes in the
roll angle and also possible motions such as sidewise movements
and maneuvering of the loader leading to a change in the yaw va-
lue are to the most extent, redundant as far as detection the begin-
ning and end of load and unload activities are concerned.
Therefore, collected data must be carefully classified so that only
relevant and useful information is passed onto the next steps
[55]. For 3D orientation data, the classification process mainly in-
volves generating and populating three separate numerical arrays
(corresponding to yaw, pitch, and roll angles) to cluster and store
streams of incoming angular data. As described in Section 5.4.1,
the contents of these arrays are later used to create and/or update
the transformation matrices of CAD models used to create and 3D
animations of ongoing activities. Classified data also needs to be
transformed into a proper format interpretable by the simulation
model. One such format is the duration distribution. Since discrete
events mark the beginning and end of each activity, identifying the
duration of individual activities can be achieved by detecting time-
stamped events corresponding to the beginning and end of that
activity. Therefore, activity durations can be derived from the pool
of classified collected raw data and suitable probability distribu-
tions will be then fit to the calculated duration values. In the earth-
moving example described above, the angle of the boom and the
truck bed relative to the horizontal line are used to identify the
start and end points of load and unload activities to determine
activity durations. For example, in the operation depicted in
Fig. 3, activity durations can be calculated by comparing the time
stamps corresponding to when each event (i.e. raise boom, load
truck, lower boom, haul, raise bed to dump, raise bed, return)
occurs.
ents of DDDAS.
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An example of how a series of time-stamped data can be used to
extract certain activities and their durations is illustrated in Fig. 4.
In this figure, the first graph shows changes of angle a (loader
boom angle relative to the horizontal line) and the second graph
shows angle b (truck bed angle relative to the horizontal line) over
time. Considering angular variation histograms recorded in these
two graphs, a timeline representing the duration of each activity
can be generated. For example, an increasing angle a and a con-
stant angle b close to zero indicate that the loader is raising its
boom while the truck is waiting to be loaded (RB in Fig. 4). A near
constant angle a close to a peak value and a constant angle b close
to zero indicate that the loader is putting soil into the truck (LT in
Fig. 4). A decreasing angle a and a constant angle b close to zero
indicate that the loader is lowering its boom while the truck is get-
ting ready to move (LB in Fig. 4). An instance of Load activity is
completed when all three (RB, LT, and LB) processes are completed.
A similar analysis can be done to isolate instances of Haul, Dump,
and Return activities. For instance, given that angle a is constant
at a value close to zero, if angle b is increasing from zero, the truck
bed is being raised (RTB in Fig. 4), if angle b is almost constant close
to a peak value, soil is being dumped (P in Fig. 4), and if angle b is
decreasing, the truck bed is being lowered (LTB in Fig. 4). These
Fig. 3. Simplified layout of an earthmoving operation.
three processes, put together, will constitute an instance of Dump
activity. Since histogram data is time-stamped, duration values
can be easily determined for all such instances. Mathematical
models such as those described in [56,57] will then be applied to
a well-populated pool of these calculated durations to determine
a distribution function that best represents the duration of that
activity. This distribution function is then used to describe the
duration of that activity in the corresponding simulation model.

The classification and analysis module accepts input from data
collection devices, outputs the classified data for objective anima-
tion, and also analyzes data to be passed onto the simulation mod-
el. This guarantees that only relevant data is used and that the
simulation model is not only the receiving end of the process but
also can steer the data collection process by requesting additional
field data to be collected, if necessary. The classification and anal-
ysis process also includes statistical analysis algorithms to catego-
rize the activities based on the trend of the collected data and to
remove the outliers and eliminate the non-relevant data.
5.3. Data-driven simulation

As stated earlier, construction operations can be broken down
into and modeled as a system of discrete activities which makes
DES a viable method for simulating such operations. One of the
most commonly used DES systems is STROBOSCOPE [42]. STROBO-
SCOPE, initially designed for construction operations, is an open-
design programming language that enables users to make complex
dynamic decisions and thus, control the simulation at run-time.
The advantage of STROBOSCOPE over many other existing DES
modeling platforms is that it considers the diversity of resources
and characterizations. In addition, it has been built upon the con-
cept of traditional activity cycle diagram (ACD) which makes it
suitable for modeling a large group of construction operations that
are cyclic in nature. STROBOSCOPE models are based on a graphical
network of interconnected modeling elements. A DES model of the
earthmoving operation is illustrated in Fig. 5.

In order for a STROBOSCOPE model to describe a real system,
attributes such as activity durations, number of entities, and re-
source capacities must be known. In the absence of collected field
data, assumptions and personal judgment is used to quantify many
such parameters. Further improvements can be made to the exist-
ing approach by incorporating the methodology presented in this
paper which enables the creation of a well-populated pool of data



Fig. 4. Activity durations based on the variation of equipment body orientation with respect to time (RB, raise bucket; LT, load truck; LB, lower bucket; RTB, raise truck bed; P,
put; LTB, lower truck bed).
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that can be classified and processed to obtain more realistic simu-
lation parameters. The resulting simulation model can be used to
assess different scenarios based on the various number and
amount of entities. It is worth mentioning that in STROBOSCOPE,
the simulation time scale is arbitrary. This essentially means that
running a simulation model corresponding to a 10-h worth of ac-
tual operations may take only a fraction of a second. As such, in-
stead of interrupting a simulation run (which may only last a
few milliseconds), once the appropriate simulation parameters
are determined from the pool of collected data, the simulation
script (e.g. a text file describing the elements of the simulation
model) will be automatically opened and updated based on the cal-
culated parameters. Subsequently, the revised simulation model is
run based on the updated input script and the results are presented
to the user.
5.4. Objective (pre-processed) and simulation-based (post-processed)
animations

As soon as appropriate field data is collected and classified, a
concurrent 3D dynamic animation of ongoing activities is created.
Fig. 5. DES model of a typical earthmoving operation.
The most important role of the pre-processed animation is to steer
the data collection process in order to conveniently detect possible
anomalies in the incoming data stream (e.g. as a result of a system-
atic error in the data collection device) by simply watching how
objects behave and move inside the live data-driven 3D animation,
as well as to take necessary actions to keep such errors from recur-
ring in the future collected data. Also, the pre-processed animation
can assist in foreseeing potential spatial conflicts, enhancing oper-
ational safety, and providing a convenient means to virtually nav-
igate around the jobsite. Another advantage of this animation is
that unlike many existing site monitoring systems which mainly
rely on video monitoring, finding the best spots to install cameras
such that every action can be monitored with a free line-of-sight is
no longer an issue. Moreover, the user can zoom in an out or nav-
igate around the animated scene to gain a better visual perspective
of certain parts of the operation. In addition to the objective anima-
tion which is pre-processed (i.e. generated before data is fed into
the simulation model), the results of the DES model can be used
to author a post-processed animation script to visually study
different simulation scenarios. Comparing the pre- and post-
processed animations will also facilitate the validation and verifi-
cation of the simulation model while providing site engineers with
a means to compare the same operation under existing (pre-
processed) and envisioned (post-processed) conditions.

Creating realistic post-processed 3D animations of a simulated
construction process is a complicated task that has been previously
studied by a number of researchers. A recent example of a post-
processed 3D visualization platform is VITASCOPE. VITASCOPE is
a general purpose 3D animation system for visualizing simulated
processes modeled in simulation tools such as STROBOSCOPE,
capable of writing formatted output during a simulation run. Based
on the logged simulation model runtime data, VITASCOPE graphi-
cally illustrates modeled operations by processing sequential,
time-ordered animation commands in an ASCII text file. The ani-
mation of the modeled operations uses the exact environment
and 3D CAD models of construction equipment that are used in
the objective side by side animation to facilitate the process of



Fig. 6. A sample scene graph hierarchy.
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validation, verification and intuitively comparison of different sce-
narios tried in the simulation model [10].

In this research, OpenSceneGraph (OSG) which is built upon the
industry standard OpenGL graphics library is used inside the .NET
environment to create pre-processed objective animations of
ongoing equipment activities and to link each and every object mo-
tion inside the animation to the collected field data that represent
the actual motion of that object. The following subsection provides
technical details about the algorithms developed to create 3D ani-
mations using CAD models of construction equipment.

5.4.1. Scene graphs
A scene graph is a data structure aiming at organizing the logi-

cal and often spatial representation of a graphical scene. The con-
cept of scene graphs can be effectively used to facilitate the
creation and management of assembled scenes. OSG is a set of
open-source libraries that provide scene management and graphics
rendering optimization functionality to applications [58]. Although
there are a few other scene graph-based libraries such as Per-
former, Open Inventor, and Java3D, the authors used OSG due to
the fact that it supports reading various image file formats which
support the prospect of designing a more generalizable platform.
At the same time, OSG provides the functionalities required to de-
scribe a complex scene using an object-oriented representation
which releases the user from implementing and optimizing low le-
vel graphical programming and facilitates rapid development of
graphic applications. The scene graph application programming
interface (API) provides a means for constructing scenes that fol-
low a hierarchical data structure of objects (called nodes) [59].
Any transformation (i.e. translation, rotation, scaling) applied to a
parent node will affect all its child nodes. In order to build a larger
scene graph, smaller scene sub-graphs can be created separately
and attached via links to the highest level node called the root node
[60]. Fig. 6 shows a sample scene graph in which, Jobsite is the
root node. Scene sub-graphs are created and attached to the root
node to complete the scene structure by encapsulating the entire
jobsite. In Fig. 6, sub-graphs Truck, Excavator, and Terrain

are all child nodes of Jobsite. Also, nodes Excavator and Truck

have their own child nodes at the lowest level of the hierarchy.
Using transformation nodes, each geometrical model is created in
its own local coordinate frame, stored as a leaf node in the scene
graph, and appropriate placement of the model in terms of position
and orientation will be made inside the coordinate frame of its par-
ent node. Scene graph developers can manipulate the location
(translation), orientation (rotation), and size (scale) of different
nodes using transformation nodes [59].

The overall transformation of a child node relative to its parent
node can be obtained by multiplying the individual matrices for
scale, 3D rotation, and translation, as follows:

TParent
Child ¼

1 0 0 Tx

0 1 0 Ty

0 0 1 Tz

0 0 0 1

2
6664

3
7775

1 0 0 0
0 cosc �sinc 0
0 sinc cosc 0
0 0 0 1

2
6664

3
7775

cosa 0 sina 0
0 1 0 0

�sina 0 cosa 0
0 0 0 1

2
6664

3
7775

cosb �sinb 0 0
sinb cosb 0 0

0 0 1 0
0 0 0 1

2
6664

3
7775

Sx 0 0 0
0 Sy 0 0
0 0 Sz 0
0 0 0 1

2
6664

3
7775

where the first matrix shows the transformation of the child note
with respect to its parent node, the second, third, and fourth matri-
ces, are the rotation about the local X, Y, and Z axes, respectively,
and the fifth matrix is the scale matrix. To implement the concept
of scene graphs in the .NET environment, existing OSG functional-
ities were used in this research. For example, in order to define
the Bucket as a child node of the Boom as shown in the hierarchical
representation of Fig. 6, a series of OSG statements are used to (1)
attach the CAD model of the Bucket to its transformation matrix,
(2) attach the CAD model of the Boom to its transformation matrix,
and (3) finally define the result of (1) as a child of (2). This 3-step
process defines the Bucket model (child node) as an object inside
the coordinate frame of the Boom model (parent node). As such,
using angular motion data of the actual bucket (collected by the
3D orientation tracker mounted on the bucket) to update the con-
tents of its corresponding transformation matrix will only result
in local rotations of the Bucket relative to the Boom inside the
animation.

5.5. What-if analysis

In order for a construction engineer to make necessary deci-
sions regarding the complex processes, different scenarios need
to be assessed and the cost and time associated with each scenario
must be determined. For example, a decision regarding equipment
fleet to be used in an earthmoving operation could be the one asso-
ciated with the minimized expected cost [42]. Considering all pos-
sible configurations in terms of crew sizes, number of equipment
and their arrangements, operations logic, and construction meth-
ods, a decision-maker may have to choose from several combina-
tions of operational scenarios. Using simple methods such as
subjective statistical comparisons or more complex mathematical
optimization models, the engineer can then determine the best
configuration that satisfies the predefined criteria (e.g. objective
function, time, cost).

5.6. Decision-making and dynamic feedback

The presented algorithms for data collection, classification and
analysis, simulation and visualization, will be best used in the pres-
ence of a human decision-maker or a team of decision-makers who
will be ultimately responsible for making the required modifica-
tions to the target construction process. As stated earlier, pre-
sented data to the user contains two juxtaposed animations; one
identical to the actual process taking place in the jobsite, and the
other, resulted from simulating alternative scenarios. Also, the user
is being provided with the results of the simulation model and the
output of the what-if analysis in order to decide which alternative
solution is the most appropriate. Therefore, not only by intuitively
watching side-by-side animations, but also through intelligently
constructing performance attributes (e.g. productivity rates) from
the simulation output and various alternative scenarios, the deci-
sion-maker(s) will have the ability to further adjust future pro-
cesses. Ultimately, and due to the dynamic nature of construction
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projects, the cycle presented in Fig. 2 will repeat to reflect any fur-
ther changes occurring in the process. In other words, the next
phase of data collection starts after necessary modifications are ap-
plied to the construction resources and activities by project ex-
perts, and a new set of data will then be classified, analyzed,
simulated, and visualized. This guarantees that through continues
data collection from the equipment involving in a construction
process, at any given time, the system will be functioning at its
best performance level.
Fig. 7. A Prime 3D orientation tracker mounted on an excavator model with
definition of yaw, pitch and roll angles.

Table 2
Manufacturer’s specifications of Prime 3D orientation tracker.

Angle Parameter Value

Heading Range 360�
Accuracy (tilt 6 45�) 1� rms
Resolution 0.1�

Tilt (pitch/roll) Range
Pitch ±90�
Roll ±180�

Accuracy 1� rms
Resolution 0.1�
6. Preliminary results for data collection and visualization

The authors have successfully conducted laboratory scale
experiments to collect equipment motion data in real time in order
to create precise 3D animated scenes of ongoing activities [61].
Since these experiments were conducted in an indoor environ-
ment, GPS positional data were not integrated with the animation
and it was assumed that equipment positions were known. How-
ever, as stated earlier, the presented methodology is generic in nat-
ure and can be adopted for use in outdoor situations, particularly
those mainly relying on equipment with slight modifications. The
authors are currently working on the design and implementation
of components required to test the system in outdoor environ-
ments. The next generation of the prototype will contain commu-
nication methods to capture Real Time Kinematics (RTK) GPS data
for location tracking of construction equipment and also more effi-
cient orientation trackers that account for specific conditions of the
jobsite in terms of communication range, accuracy, and ambient
noise. As such, future work in this project will include larger scale
tests in outdoor environments by deploying both GPS and orienta-
tion tracker data to better represent the dynamics and movements
in an actual construction jobsite setting.

6.1. Data collection device: 3D orientation tracker

Fig. 7 illustrates a 3D orientation tracker mounted on an excava-
tor model. The 3D orientation tracker used in these preliminary
experiments was a TCM Prime 3-axis electronic compassing mod-
ule. 3-Axis magnetic field sensing and 3-axis tilt sensing are incor-
porated together in this module to provide accurate and precise
measurements.

As shown in Fig. 7, the module sends values for rotational an-
gles of an object in the form of a vector of (yaw, pitch, roll). Table 2
shows the manufacturer’s specifications of the 3D orientation
tracker used in this research.

Since the 3D orientation tracker deployed in this research, uses
a magnetic sensing system, it is important to calibrate the module
once it is installed on the target equipment. In the process of cali-
bration, the module will detect the sources of magnetic distortion,
and necessary adjustments are made to eliminate the effect of
ambient magnetic fields on the measurement process. Once the
calibration is performed, the device will be ready for use and there
will be no need to further calibrations. The module supports both
magnetic sensor and accelerometer calibration.

6.2. Developed algorithm for data collection

Fig. 8 illustrates the overall layout of the preliminary experi-
ments. As shown in the schema of Fig. 8, orientation trackers col-
lect and transmit data from construction equipment models to a
centralized computing unit. The transmitted data is then processed
and used to create a real time 3D visualization of the operations. In
order to communicate with the data collection devices, a serial port
communication algorithm was developed. A major factor in
designing this algorithm was generalizability. Although the
developed algorithm is to certain extents, unique and has been
tested with the Prime 3D orientation tracker, it benefits from a
generic structure that can be easily used to communicate with a
variety of data collection devices that transmit data using the RS-
232 protocol. Since the collected tracker data is in a binary format,
the developed serial port communication algorithm contains
methods to decode the transmitted data and convert them to a
computer interpretable format.

The developed algorithm was implemented inside C++ .NET
environment. Using serial communication libraries, the initial
communication with the port is established, the port is opened,
data (i.e. 3 orientation angles) is received through the port, and
the port is closed at the end of the experiment. The orientation data
coming through different brands of orientation trackers follow dif-
ferent data transmission standards. The Prime module utilizes a
binary data transmission protocol to obtain and extract the tracker
data that is transmitted over an RS-232 interface. Each data packet
contains a component called Frame Type ID that describes the con-
tent of the packet. Based on this ID, the packet may contain each of
the 3D rotational angles as well as the current temperature (�40 to
+85 �C). These values are stored in the packet Payload. The data-
gram structure of the Prime tracking device is shown in Fig. 9.

Using the binary data provides the system with the advantage
of fast data transmission. However, this will in turn make the com-
munication very sensitive to data corruption. As a result, a mathe-
matical transformation method called the Cyclic Redundancy
Check (CRC) is used to distinguish between useful and corrupted
binary data packets [16]. Binary data manipulation statements pro-
vided in the device API are then used to obtain the numerical val-
ues for each of the orientation angles (yaw, pitch, and roll). The
main functionalities of the C++ class developed for acquiring orien-
tation tracker data through a serial port is shown in the flowchart
of Fig. 10.



Fig. 8. Data flow from equipment models to remote data processing.

Fig. 9. Datagram structure of the TCM Prime orientation tracker.

Fig. 10. Flowchart of 3D orientation tracker serial communication process.
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6.3. Concurrent pre-processed 3D visualization

In order to create a real time pre-processed animation based on
the latest values inside the transformation matrices of the scene
objects, a scene graph structure is used. To convert this abstract
notation to a graphical representation, 3D models of construction
equipment are called and assigned to the nodes of the scene graph.
Any change to the position, orientation, and scale of each object in
the scene with respect to its parent node(s) is immediately re-
flected in its corresponding transformation matrix and conse-
quently in the next animation frame. Since this is an iterative
process, the result is a smooth animation that truly reflected the
real system. Fig. 11 shows snapshots from the live video stream
of the real system as well as the corresponding 3D animation cre-
ated by the system in real time. As shown in this figure, the scene is
continuously updated to account for each and every movement of
real construction equipment models. As discussed before, the gen-
erated pre-processed animation is mainly used to verify if the
incoming data stream is healthy enough to be further processed,
analyzed, and used to update the simulation model corresponding
to the real operations. Researchers have previously demonstrated
how a running DES model can be used to create post-processed
animations [62] which serve a different purpose (Section 5.4).

6.4. Data-driven discrete event simulation

In order to illustrate the ability and effectiveness of the devel-
oped data-driven simulation and animation methodology to update
the parameters of a DES model, a STROBOSCOPE input script
describing a typical earthmoving operation was created and data
collected and transferred from an actual earthmoving operation in
real time was used to update the contents of this model. As shown
in Fig. 12, the DES model included necessary parameters to define
all network elements (i.e. activities, queues, resources, and links).
In this figure, SoilToMove, TrucksWait, LoadersWait,
DumpSpace, WaitToDump, and MovedSoil are queues where re-
sources wait before being drawn to activities (when needed). Also,
Load and Dump are combination (or combi) activities since they
immediately follow queues, and Haul and Return are normal
activities.

Fig. 13 shows parts of the STROBOSCOPE input script and asso-
ciated output prior and after the integration of collected filed data
into the simulation model. In particular, Fig. 13(a) corresponds to
the case where a Normal distribution with a mean of 5.5 and stan-
dard deviation of 1 time units was assumed (from expert knowl-
edge) for the duration of Load activity. Under this assumption,
the simulation output indicates the average waiting (idle) times
for different resources. For example, the loader is idle (waiting
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for a truck to arrive) for an average of 0.48 time units, while trucks
are idle (waiting to be loaded) for an average of 1.5 time units. La-
ter, field data was collected, classified, and used to update the
duration of Load based on the actual motions of a real loader.
The resulting distribution function was a Normal distribution with
a mean of 7.57 and standard deviation of 2.19 time units. The re-
vised simulation input script is shown in Fig. 13(b) in which the
duration of Load is modified to better represent the field opera-
tions. The output of the updated simulation model shows that
the actual average waiting (idle) times for the loader and the trucks
are 0.44 and 1.93 time units.

These and similar statistics can provide project decision-makers
with much needed information to plan operations in the immedi-
ate future based on the latest status of project entities, and to se-
lect the best possible numbers and combinations of equipment in
order to minimize the idle times and ultimately, reduce the project
completion time and cost.

7. Discussion

The main contribution of the presented research to the current
state of knowledge in construction planning and decision-making
is twofold:

(1) A framework was introduced that enables the integration of
real time operational data collected from construction
equipment to calculate and update relevant parameters
(e.g. activity durations) of a DES model representing the
operations. To do this, a series of algorithms and methods
were designed to collect raw field data, process this data into
useful and meaningful format, and integrate the processed
data into an existing simulation model so that the updated
model would better reflect the actual conditions on the
ground. These algorithms and methods together form the
backbone of the data classification and analysis, and data-
driven simulation modules of the framework as shown in
Fig. 2. Hence, the contribution of this research to the current
state of knowledge in construction simulation lies in the fact
that unlike many existing simulation systems which heavily
rely on assumptions and simplifications to model actual
operations, the developed framework incorporates actual
field data as input of the simulation.
Fig. 11. Real time display of equipment operations (a) in the real syst
(2) In addition to the simulation aspects of the developed
framework, a 3D visualization module was designed that
can be used to monitor and verify the data collection process
and if needed, steer the data collection process (for example
in case anomalies or corrupted data are observed and the
resulting data-driven animation thus displays unrealistic
object motions). This animation is referred to as ‘‘pre-pro-
cessed’’ as it runs independently from the simulation model.
Previous researchers have already investigated the potential
of ‘‘post-processed’’ animation generated from the results of
a simulation model. The added value of the presented
approach to animation (i.e. pre-processed) compared to pre-
vious work (i.e. post-processed) is that in this approach, the
concurrent animation serves the purpose of detecting
unhealthy data that will be eventually incorporated in the
simulation model, whereas a post-processed animation is
mainly used to visualize the simulation results. As part of
future work in this research, the authors are envisioning a
system that enables users to simultaneously compare both
pre- and post-processed animations to be able to intuitively
evaluate different scenarios, and visually validate and verify
the simulation model. Hence, the contribution of the pre-
sented work to the current state of research in 3D visualiza-
tion and animation is that it creates a ‘‘pre-processed’’
animation to assist site personnel (who may be unfamiliar
with or reluctant to use sophisticated data collection and
simulation systems on the jobsite) in detecting unhealthy
data in a more convenient way and by the means of
visualization.

8. Summary and conclusions

Most traditional construction simulation systems use static or
historical data for the purpose of early project planning and
long-term scheduling. Due to the dynamic nature and complexity
of most construction operations, there is a significant need for a
simulation system that not only does enable the modeling of main
entities and logical relationships in a real system, but also allows
that real time changes be incorporated into the simulation model.
To achieve this, a framework was developed based on a relatively
new simulation paradigm called DDDAS. This paradigm was
integrated with the traditional DES modeling to create a single
em, and (b) using the developed data-driven animation method.



Fig. 12. An earthmoving operation network including labeled elements.

Fig. 13. Automatic updating of Load activity duration inside a DES input script (a) prior to field data integration, and (b) after field data integration.
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decision-making framework for short-term scheduling and system
control. The framework consists of data collection, real time visu-
alization, data analysis, real time simulation, and decision-making
components. Using this framework, decision-makers can modify
the parameters of a simulation model using real time data col-
lected from ongoing activities. As a result, collecting and manipu-
lating field data was one of the major challenges of this research.
The authors successfully developed algorithms that enabled data
collection and transmission from data acquisition devices mounted
on construction equipment to a centralized computing unit where
data was sorted, analyzed, and used to create real time 3D anima-
tions of the concurrent construction processes. The developed
methodology was validated in an object-oriented environment
using 3D orientation trackers that transmitted data over an RS-
232 interface. In order to create dynamic animations of the activi-
ties in the real system, OSG was used inside the .NET environment.
Using the hierarchical relationships between different parts of
articulated objects in the scene, the location (translation), orienta-
tion (rotation), and size (scale) of each object could be manipulated
in response to the field data received in real time. The 3D anima-
tion is a reliable source to gain a better insight of what is occurring
in the construction site. It also provides a means for the validation
process of the simulation model.

9. Future work

This paper presented the latest findings of a much larger ongo-
ing research which aims at facilitating the integration of real time
operational data into the construction decision-making process.
While this paper mainly describes the real time data collection
and visualization components of the developed data-driven simu-
lation system, the authors are currently working on creating the
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requirements for self-adaptive simulation modeling that can be
used for short-term planning and control. The real time data will
be used to alter the parameters of an existing simulation model
based on the latest changes of the real operations. Using the most
updated simulation model, what-if analysis will be performed and
the best plan of action will be sent to the field personnel. Field per-
sonnel will in turn evaluate the results and override or modify
parts of the plan, if necessary. The result is then sent to the equip-
ment operators. Upon completion, this project will have a major
impact on areas such as remote construction, autonomous (self-
controlled) construction vehicles, and intelligent construction
and manufacturing systems.
Acknowledgments

The presented work is partially supported by a grant from the
Office of Research and Commercialization (ORC) at the University
of Central Florida (UCF). The authors gratefully acknowledge the
support from the UCF. Any opinions, findings, conclusions, and rec-
ommendations expressed in this paper are those of the authors and
do not necessarily reflect the views of the UCF.
References

[1] D.W. Halpin, L.S. Riggs, Planning and Analysis of Construction Operations,
Wiley, New York, 1992.

[2] R.F. Cox, R.R.A. Issa, D. Aherns, Management’s perception of key performance
indicators for construction, J. Constr. Eng. Manage. 129 (2) (2003) 142–151.

[3] W. Ibbs, Quantitative impacts of project change: size issues, J. Constr. Eng.
Manage. 123 (3) (1997) 08–11.

[4] National Research Council (NRC), Federal Facilities Council Technical Report
No. 149 Reducing Construction Costs: Uses of Best Dispute Resolution Practices
by Project Owners, N.A. Press, Washington, DC, 2007.

[5] D.W. Halpin, CYCLONE – a method for modeling job site processes, ASCE J.
Constr. Div. 103 (3) (1997) 489–499.

[6] B.C. Paulson, W.T. Chan, C.C. Koo, Construction operation simulation by
microcomputer, J. Constr. Eng. Manage. 113 (302) (1987) 302–314.

[7] Y.L. Liu, P.G. Ioannou, Graphical object-oriented discrete-event simulation
system, in: Proceedings of the 1992 Winter Simulation Conference (WSC),
Association for Computing Machinery (ACM), Arlington, VA, 1992, pp. 1285–
1291.

[8] J. Martinez, P.G. Ioannou, General purpose simulation with stroboscope, in:
Proceeding of the Winter Simulation Conference (WSC), Association for
Computing Machinery (ACM), Lake Buena Vista, FL, 1994, pp. 1159–1166.

[9] J. Shi, Activity-based construction ABC modeling and simulation method, J.
Constr. Eng. Manage. 12 (354) (1999) 354–360.

[10] V.R. Kamat, J.C. Martinez, General-purpose 3D animation with VITASCOPE, in:
Proceedings of the 2004 Winter Simulation Conference, Washington, DC, 2004.

[11] A.H. Behzadan, V.R. Kamat, Automated generation of operations level
construction animations in outdoor augmented reality, J. Comput. Civil Eng.
23 (6) (2009) 405–417.

[12] G. Adkins, U.W. Pooch, Computer simulation: a tutorial, Computer 10 (4)
(1977) 12–17.

[13] J. Banks, Handbook of Simulation: Principles, Methodology, Advances,
Applications, and Practice, Wiley, New York, 1998.

[14] L. Song, A framework for real-time simulation of heavy construction
operations, in: 2008 Winter Simulation Conference (WSC), Miami, FL, 2008,
pp. 2387–2395.

[15] W.S. Jang, M.J. Skibniewski, Wireless sensor technologies for automated
tracking and monitoring of construction materials utilizing Zigbee networks,
in: ASCE Construction Research Congress, Grand Bahamas Island, 2007.

[16] A.H. Behzadan, Z. Aziz, C.J. Anumba, V.R. Kamat, Ubiquitous location tracking
for context-specific information delivery on construction sites, Autom. Constr.
17 (6) (2008) 737–748.

[17] D. Grau, C. Caldas, P. Goodrum, C. Haas, Assessing the impact of materials
tracking technologies on construction craft productivity, Autom. Constr. 18 (7)
(2009) 903–911.

[18] J. Messner, M. Horman, D. Riley, An interactive visualization environment for
construction engineering education, in: Construction Research Congress 2005:
Broadening Perspectives San Diego, CA, 2005, pp. 1279–1288.

[19] S. Han, F. Peña-Mora, M. Golparvar-Fard, S. Roh, Application of a visualization
technique for safety management, in: Proceedings of the 2009 ASCE
International Workshop on Computing in Civil Engineering, Austin, Texas,
2009, pp. 543–551.

[20] A.H. Behzadan, V.R. Kamat, Interactive augmented reality visualization for
improved damage prevention and maintenance of underground infrastructure,
in: Proceedings of the 2009 Construction Research Congress, Seattle, WA,
2009, pp. 1214–1222.
[21] I. Davidson, M. Skibniewski, Simulation of automated data collection in
buildings, J. Comput. Civil Eng. 9 (1) (1995) 9–20.

[22] B. Mccullouch, Automating field data collection in construction organizations,
in: ASCE Construction Congress Proceedings, Mimleapolis, Mimlesota, 1997,
pp. 957–963.

[23] G.S. Cheok, R.R. Lipman, C. Witzgall, J. Bernal, W.C. Stone, NIST Construction
Automation Program Rep. No: 4, Non-Intrusive Scanning Technology for
Construction Status Determination, Gaithersburg, MD, 2000.

[24] R. Navon, Automated project performance control of construction projects,
Autom. Constr. 14 (4) (2005) 467–476.

[25] S. Taneja, A. Akcamete, B. Akinci, J.H. Garrett, E.W. East, L. Soibelman, Analysis
of three indoor localization technologies to support facility management field
activities, in: International Conference on Computing in Civil and Building
Engineering, Nottingham, UK, 2010.

[26] K.S. Saidi, A.M. Lytle, W.C. Stone, Report of the NIST workshop on data
exchange standards at the construction job site, in: 20th International
Symposium on Automation and Robotics in Construction (ISARC), Eindhoven,
The Netherlands, 2003, pp. 617–622.

[27] J. Song, C.T. Haas, C. Caldas, E. Ergen, B. Akinci, Automating the task of tracking
the delivery and receipt of fabricated pipe spools in industrial projects, Autom.
Constr. 15 (2) (2006) 166–177.

[28] J. Song, C.T. Haas, C. Caldas, Tracking the location of materials on construction
job sites, J. Constr. Eng. Manage. 132 (9) (2006) 911–918.

[29] J. Teizer, M. Venugopal, A. Walia, Ultrawideband for automated real-time
three-dimensional location sensing for workforce equipment, and material
positioning and tracking, J. Transp. Res. Rec. 2081 (6) (2008) 56–64.

[30] D.T. Grau, C.H. Caldas, Methodology for automating the identification and
localization of construction components on industrial projects, J. Comput. Civil
Eng. 23 (1) (2009) 3–13.

[31] H.M. Khoury, V.R. Kamat, Indoor user localization for context-aware
information retrieval in construction projects, Autom. Constr. 18 (4) (2009)
444–457.

[32] E.J. Jaselskis, M.R. Anderson, C.T. Jahren, Y. Rodrigues, S. Njos, Radio frequency
identification applications in construction industry, J. Constr. Eng. Manage.
121 (2) (1995) 189–196.

[33] A.A. Oloufa, M. Ikeda, H. Oda, Situational awareness of construction equipment
using GPS, wireless and web technologies, Autom. Constr. 12 (6) (2003) 737–
748.

[34] C.H. Caldas, D.T. Grau, C.T. Haas, Using global positioning system to improve
materials-locating processes on industrial projects, J. Constr. Eng. Manage. 132
(7) (2006) 741–749.

[35] U.S. Coast Guard Navigation Center, http://www.navcen.uscg.gov/
?pageName=GPS (accessed 27.09.11).

[36] E. Ergen, B. Akinci, B. East, J. Kirby, Tracking components and maintenance
history within a facility utilizing radio frequency identification technology, J.
Comput. Civil Eng. 21 (1) (2007) 11–20.

[37] J. Teizer, D. Lao, M. Sofer, Rapid automated monitoring of construction site
activities using ultra-wideband, in: 24th International Symposium on Auto-
mation and Robotics in Construction, Cochin, Kerala, India, 2007, pp. 23–28.

[38] S. Razavi, O. Moselhi, Indoor construction location sensing using low cost
passive RFID tags, in: The 2011 ASCE Construction Research Congress, Ottawa,
Ontario, 2011, pp. CN1–CN10.

[39] I. Brilakis, M.W. Park, G. Jog, Automated vision tracking of project related
entities, Adv. Eng. Inform. 25 (4) (2011) 713–724.

[40] D.W. Halpin, An Investigation of the Use of Simulation Networks for Modeling
Construction Operations, Ph.D. Dissertation, University of Illinois at Urbana-
Champaign, Illinois, 1973.

[41] A.A. Oloufa, Modeling operational activities in object-oriented simulation, J.
Comput. Civil Eng. 7 (1) (1993) 94–106.

[42] J.C. Martinez, STROBOSCOPE: State and Resource Based Simulation of
Construction Processes, Ph.D. Dissertation, University of Michigan, Ann
Arbor, MI, 1996.

[43] J.C. Martinez, P.G. Ioannou, General-purpose systems for effective construction
simulation, J. Constr. Eng. Manage. 125 (4) (1999) 265–276.

[44] M. Lu, Simplified discrete-event simulation approach for construction
simulation, J. Constr. Eng. Manage. 129 (5) (2003) 537–546.

[45] G. Kannan, J.C. Martinez, M.C. Vorster, A framework for incorporating dynamic
strategies in earth-moving simulations, in: Simulation Conference, 1997,
Proceedings of the 1997 Winter, 1997, pp. 1119–1126.

[46] M.P. Hunter, R.M. Fujimoto, W. Suh, An investigation of real-time dynamic
data driven transportation simulation, in: Proceedings of the 2006 Winter
Simulation Conference, Monterey, CA, 2006, pp. 1414–1421.

[47] S. Tavakoli, A. Mousavi, A. Komashie, A generic framework for real-time
discrete event simulation (DES) modelling, in: 2008 Winter Simulation
Conference (WSC), Miami, FL, 2008, pp. 1931–1938.

[48] X. Guo, S.Y. Huang, W.J. Hsu, M.Y.H. Low, Yard crane dispatching based on real
time data driven Simulation for container terminals, in: Proceedings of Winter
Simulation Conference (WSC), Miami, FL, 2008, pp. 2648–2655.

[49] T.H. Chung, Y. Mohamed, S.M. AbouRizk, Bayesian updating application into
simulation in the North Edmonton Sanitary Trunk tunnel project, J. Constr.
Eng. Manage. 132 (8) (2006) 882–894.

[50] F. Darema, Dynamic data driven applications systems: new capabilities for
application simulations and measurements, in: Computational Science – ICCS
2005, Atlanta, USA, 2005, pp. 610–615.

[51] N. Celik, S. Lee, K. Vasudevan, Y.J. Son, DDDAS-based multi-fidelity simulation
framework for supply chain systems, IIE Trans. 42 (5) (2010) 325–341.

http://www.navcen.uscg.gov/?pageName=GPS
http://www.navcen.uscg.gov/?pageName=GPS


R. Akhavian, A.H. Behzadan / Advanced Engineering Informatics 26 (2012) 749–761 761
[52] National Science Foundation (NSF), Dynamic Data Driven Application Systems
(DDDAS), 2000 NSF Sponsored Workshop Report, http://www.nsf.gov/cise/
cns/dddas/dd_das_work_shop_rprt.pdf (accessed 29.09.11).

[53] C.C. Douglas, C.E. Shannon, Y. Efendiev, R. Ewing, V. Ginting, R. Lazarov, M.J.
Cole, G. Jones, C.R. Johnson, J. Simpson, A note on data-driven contaminant
simulation, in: Computational Science – ICCS 2004, Krakow, Poland, 2004, pp.
701–708.

[54] C.C. Douglas, Y. Efendiev, A dynamic data-driven application simulation
framework for contaminant transport problems, J. Comput. Math. Appl. 51
(11) (2006) 1633–1646.

[55] R. Akhavian, A. Behzadan, Dynamic data driven simulation of ongoing
construction processes, in: The 2011 ASCE Construction Research Congress,
Ottawa, Ontario, 2011, pp. CN-154 (151–110).

[56] A.H.-S. Ang, W.H. Tang, Probability Concepts in Engineering: Emphasis on
Applications in Civil & Environmental Engineering, second ed., Wiley, New
York, 2007.
[57] S.M. Ross, Introduction to Probability and Statistics for Engineers and
Scientists, fourth ed., Academic Press/Elsevier, Amsterdam, Boston, 2009.

[58] P. Martz, OpenSceneGraph Quick Start Guide, Pmartz, 2007.
[59] V.R. Kamat, J.C. Martinez, Scene graph and frame update algorithms for

smooth and scalable 3D visualization of simulated construction operations, J.
Comput. Aided Civil Infrastruct. Eng. 17 (4) (2002) 228–245.

[60] A.H. Behzadan, V.R. Kamat, Enabling smooth and scalable dynamic 3D
visualization of discrete-event construction simulations in outdoor
augmented reality, in: 2007 Winter Simulation Conference (WSC),
Washington, DC, 2007, pp. 2168–2176.

[61] R. Akhavian, A.H. Behzadan, Dynamic simulation of construction activities
using real time field data collection, in: 18th Workshop of Intelligent
Computing in Engineering and Architecture (EG-ICE), Enschede, Netherlands,
2011.

[62] V. Kamat, Validating complex construction simulation models using 3D
visualization, Syst. Anal. Model. Simul. 43 (4) (2003) 455–467.

http://www.nsf.gov/cise/cns/dddas/dd_das_work_shop_rprt.pdf
http://www.nsf.gov/cise/cns/dddas/dd_das_work_shop_rprt.pdf

	An integrated data collection and analysis framework for remote monitoring and planning of construction operations
	1 Introduction
	2 Problem description and main research contributions
	3 Previous work
	3.1 Automated resource tracking
	3.2 Simulation in construction
	3.2.1 Simulation-based visualization
	3.2.2 Real time simulation of construction projects


	4 Dynamic Data-Driven Application Simulation (DDDAS)
	5 Methodology
	5.1 Real time data collection of ongoing construction operations
	5.2 Automated data classification and analysis
	5.3 Data-driven simulation
	5.4 Objective (pre-processed) and simulation-based (post-processed) animations
	5.4.1 Scene graphs

	5.5 What-if analysis
	5.6 Decision-making and dynamic feedback

	6 Preliminary results for data collection and visualization
	6.1 Data collection device: 3D orientation tracker
	6.2 Developed algorithm for data collection
	6.3 Concurrent pre-processed 3D visualization
	6.4 Data-driven discrete event simulation

	7 Discussion
	8 Summary and conclusions
	9 Future work
	Acknowledgments
	References


