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ABSTRACT

The time and cost required to optimize resource assignments in industrial construction is exacerbated by
the size, complexity, and specialized requirements of these projects. This study introduces an automated,
simulation-based scheduling method to enhance, accelerate, and facilitate variable resource allocation in
industrial construction. The proposed framework links a time-stepped simulation engine to an integrated
database management system containing project information and historical data. The developed system
auto-generates an efficient schedule respecting project constraints and uncertainties, such as limited
resource availability and variable labor resources based on historical data, calendars, and shifts. Graph
theory algorithms are used to optimize variable resource allocation in the time-stepped simulation, resulting
in the leveling of resource histograms and, consequently, the generation of an efficient project schedule.
Applying the proposed framework to an illustrative example demonstrated its capabilities in generating
efficient schedules based on variable resource allocation constraints.

1 INTRODUCTION

Effective resource allocation plays a crucial role in large-scale construction projects. Characterized by a
relatively large number of tasks and field crews, efficient resource allocation is especially vital in industrial
construction. Optimizing resource assignments during the planning phase of these projects can enhance
project success by increasing resource utilization, reducing project delays, and decreasing project costs.
Recognizing the difficulty with scheduling projects of this type and size, the Construction Owners
Association of Alberta (COAA) promoted WorkFace Planning (WFP) as a best practice for scheduling
mega industrial projects in 2005 (CII 2013; COAA 2013; Ryan 2009). WFP involves the development of
Field Installation Work Packages (FIWP). These work packages are designed to have a limited, manageable
scope (e.g., 1000 to 2000 labor-hours performed in 1- or 2-week intervals) and contain drawings and
information needed for field crews to perform the work (Ryan 2009). The WFP structure provides
practitioners with the foundation required to enhance scheduling while considering various project constraints.
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However, many industrial construction projects are performed using a fast-track approach, where
detailed design information is released throughout the construction phase. As such, project planning and
resource allocation at the beginning of a project must be carried out using limited engineering information
(approximately 30-40% available at this stage). Due to the lack of information required to derive WFP-
based schedules, preliminary schedules for fast-track industrial projects are typically developed at a high
level and are redeveloped once detailed engineering information becomes available (i.e., 6-8 weeks before
construction). As high-level discipline-based tasks are often long in duration, practitioners cannot optimize
variable resource allocation over the project's entirety, thereby limiting potential gains.

Recently, a novel method for generating near-optimized, WFP-compatible schedules using historical
project information and expert input was developed (Taghaddos et al. 2021). Although this method can
generate near-optimized schedules, the method is based on constant resource allocation and cannot optimize
variable resource assignments over a task's duration. Enabling variable resource allocation for long-duration
tasks can improve resource allocation strategies by allowing project managers to re-allocate resources over
the duration of various tasks to complete high-priority tasks on time. This is in contrast to traditional
scheduling platforms, which do not support such variable-resource allocation behaviors.

To overcome this limitation, the present study has developed an automated, simulation-based method
to simplify and accelerate variable resource allocation in industrial construction projects. This approach
capitalizes on historical information to identify potential resource allocation options for scheduling and
optimization purposes. Using historical information to identify potential options allows many project
aspects to be intuitively and automatically considered since projects share many similarities. Moreover, this
innovative approach allows WFP-compatible schedules and resource histograms to be generated without
the need to manually input thousands of project activities and the relationships between them—as is
required when using most WFP-based software (Hu et al. 2018).

2 LITERATURE REVIEW

2.1 Scheduling Problems in Construction

The Critical Path Method (CPM), developed by Kelley and Walker (1959), generates project schedules
based on assumptions that resources are unlimited, durations are fixed, and the labor effort available for
completing activities is constant and certain. Because of this, practitioners often struggle to create efficient
schedules that achieve project milestones when resources are limited.

The Resource-Constrained Project Scheduling Problem (RCPSP) attempts to address limited resource
availability by prioritizing activities and modifying their sequence within their floats to identify the
schedule resulting in the shortest project duration. Although prioritization is performed in consideration of
resource availability (Kolisch and Hartmann 1999; Lu et al. 2008), altering the sequence of activities may
not be possible in situations where resources are overly limited. As such, the problem must be approached
through the assessment of resource increments. Various mathematical, heuristic, metaheuristic, and
simulation-based approaches—or a combination thereof—have been developed to solve the RCPSP.
Combined computer simulation and meta-heuristic approaches have been used to successfully solve large
RCPSP problems that characterize many industrial construction projects (Taghaddos et al. 2021).

2.2 Multi-Mode Resource-Constrained Project Scheduling Problem

The Multi-Mode Resource-Constrained Project Scheduling Problem (MRCPSP) assumes that activities
have alternative modes of operation due to uncertain resource allocation. MRCPSP assumes that activity
durations (measured in labor hours) differ between assignment options (Menesi and Hegazy 2014). Here,
options (i.e., duration modes) are evaluated to identify the schedule with the shortest duration or best
resource histogram. A large body of literature has explored methods for solving MRCPSP. MRCPSP
problems for small projects have been solved using exact mathematical methods (Baradaran et al. 2012;
Jarboui et al. 2008; Menesi and Hegazy 2014). While heuristic and metaheuristic approaches have been
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used to find near-optimum solutions for larger projects, these approaches fail to provide efficient resource
assignment solutions capable of respecting space-sharing conflicts in large-scale industrial projects
(Taghaddos et al. 2021; Menesi and Hegazy 2014).

2.3 Application of Multi-Agent Resource Allocation in Complex Problems

Multi-Agent Resource Allocation (MARA) has also been used for resource assignment (Confessore et al.
2007; Liu and Mohamed 2008). MARA's objective is to maximize social welfare within complex and
change-prone societies, such as construction, public transportation, and logistics, that are confined to
resource allocation (Liu and Mohamed 2008). Here, agents are defined as autonomous decision-making
entities (Bonabeau 2002). Although descriptions differ, there is a consensus of agent autonomy in the
literature (Weiss 1999). A system of several autonomous agents collaborating in their environment is known
as a Multi-Agent System (MAS) (Shoham and Leyton-Brown 2008; Nwana and Ndumu 1999). MARA is
a resource allocation structure in MAS. In the MARA language, agents are entities that are bidding for
resources (Liu 2009). In the MARA structure, bidding is used in the competition environment to determine
the ideal resource allocation. The primary objective of MARA, therefore, is to determine the best resource
allocation strategy when multiple options exist.

Similarly, in the bidding language, agents are bidders that are willing to bid on various resource
alternatives (Liu and Mohamed 2008; Taghaddos 2010). Different resource allocation techniques can be
used in the MARA framework to determine the optimal resource allocation system. In a centralized resource
allocation or auction protocol, one component (i.e., an auctioneer) determines the allocation of resources
between agents (Buisman et al. 2007; Taghaddos 2010).

There are three different types of auction protocols. The first, a single-good auction, involves selling
one good to one agent (i.e., winning bidder). The second, a multi-unit auction, involves selling multiple,
identical goods to one or more agents (i.e., winning bidders). Finally, a combinatorial auction involves
different units of various goods available to be traded between agents (Shoham and Leyton-Brown 2008).
The auction algorithm prescribes that (1) agents submit their bids and (2) the auctioneer then determines
the winner based on maximizing social welfare or minimizing total cost by solving the Winner
Determination Problem (WDP). Hence, WDP, which is a subset of MARA, determines the ideal allocation
of resources between tasks (or resource level for each task).

WDP can be an assignment problem or a scheduling problem. Notably, the scheduling problem is a
resource assignment problem, where agents bid for resources over time. As such, the scheduling problem
is considered more complex. Researchers have attempted to solve the WDP with various optimization
techniques. Wang et al. proposed an expressive bidding language algorithm designed for decentralized
scheduling using a depth-first branch and bound search (Wang et al. 2007). Other scholars have applied a
greedy algorithm (Taghaddos 2010) or meta-heuristic approaches, such as the genetic algorithm (Raschip
and Luchian 2010). The scheduling problem is an NP-hard problem and does not always converge to the
global optimum.

Graphs can represent many practical or abstract problems, such as city layouts, transportation routes,
or computer data. Graph-based theories are a popular field in mathematics that facilitate the optimization
of problems represented by trees. Several methods and algorithms have been introduced to provide solutions
to these problems (Evans 2019, Respondek 2016). Despite various applications, graph theory has yet to be
applied to address resource allocation problems.

In 2012, Taghaddos and colleagues proposed a Simulation-Based Auction Protocol (SBAP), which
integrates MARA and simulation for large-scale resource scheduling problems (Taghaddos et al. 2012). In
the SBAP, auctions are periodically held for each resource competition. Agents that are willing to bid in
the specified time window (AT; e.g., week/month) are identified. Then, by solving the WDP, the auctioneer
identifies the resource assignment that maximizes social welfare (or minimizes total cost). The simulation
engine then advances the time to the next auction (t+1)=ti+ar). At the subsequent auction, all activities within
the associated time window (ti<t<ti:at) bid for their required resource. The SBAP framework has been
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successfully applied to multiple project environments in industrial modular construction (Taghaddos et al.
2014) and in heavy-lift planning (Taghaddos et al. 2019) to reduce project time and costs.

While SBAP holds promise for addressing resource allocation challenges, the current structure must be
modified to accommodate the planning constraints characteristic of fast-track industrial construction.
Specifically, SBAP is based on one simulation iteration combined with heuristic methods. Although SBAP
works properly for large-scale construction problems, it does not necessarily reach the global optimum
solution.

2.4 Research Objective

Many attempts to enhance resource allocation in construction have been reported. However, an approach
capable of considering project constraints in the absence of detailed information—particularly for large-
scale projects—has yet to be proposed. The development of an integrated framework that can be used in
the early planning stage and in the absence of detailed information can bridge this research gap and provide
notable benefits to the industry. Such benefits include the generation of near-optimal resource allocations
in the early stages of project planning to (1) enhance bid preparation and/or (2) maximize potential
efficiency gains. To achieve this research objective, a modified SBAP approach integrated with the
optimization engine of a graph-based algorithm is proposed.

3 PROPOSED METHODOLOGY

The proposed framework employs a hybrid, time-stepped simulation operation and optimization engine to
generate a high-level schedule with resource allocation and leveling. The developed engine is linked to an
integrated database that is populated by practitioners with historical information and the in-use project
calendar, milestones, current progress, and trade availability. Once the input data are populated, the hybrid
engine allocates resources to reduce schedule duration and flatten the corresponding resource histogram
(Figure 1). Specifically, graph theory algorithms are used to automate and optimize resource allocation in
consideration of resource ramp-up, task floats, and other project constraints to provide a dependable
schedule baseline. Because the schedule is built using a WFP-compliant structure, detailed engineering
information is easily integrated as detailed input data become available. Notably, since the framework is
linked to an integrated database management system containing project information and historical
information, users do not need to possess simulation or optimization knowledge to use the framework in
practice. Components of the proposed framework are illustrated in Figure 1 and are detailed as follows.

INPUTS ENGINE OUTPUTS

Historical Data
Database |:|
Milestones —
N
-

Progress Information » Time-Stepped » Optimized Resource
Calendar Simulation Engine Allocation

(Trades, Site, Shifts) + +

Trade Information /N Optimization Engine Updated Database

Figure 1. Proposed research framework.

3.1 Inputs

Required inputs for the proposed framework are:

o Trade Information: The maximum time-dependent threshold available (e.g., 100 pipefitters
available from September to December 2021) and the ramp-up rates for each trade are required.
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Trades not requiring leveling by the primary contractor, such as subcontracted trades, must also be
identified.

e Calendar: A working calendar for each trade is required, which may vary throughout the project's
lifecycle. While the project may have a primary calendar, certain trades' calendars may differ and
must also be noted.

e Project Information: General project information is required, including project start time, worksite
capacity (if limited), and the primary project calendar.

e Historical Data: S-curve data points for each task, based on the type of work performed, are also
required. Details of this are described as follows.

The historical data of previous projects are used to generate s-curves for each task based on the type of
work performed (e.g., medium-sized piperack installation). As illustrated in Figure 2, task durations vary,
and minimum and maximum values can be determined based on the number of allocated resources. This
method uses the boundaries of these historical s-curves as inputs to replace detailed engineering
information. First, similar tasks—from the perspective of work-quantity and discipline (e.g., piping for
medium piperack)—are identified, and s-curves, similar to those illustrated in Figure 2, are extracted. S-
curves for each task are grouped. Each week’s minimum and maximum resource allocations are then
determined and used to construct minimum and maximum s-curve boundaries. In other words, the minimum
boundary s-curve is the minimum of all of the weekly resource allocation s-curves, and the maximum
boundary s-curve is the maximum of all of the weekly resource allocation s-curves. The average s-curve,
as shown in Figure 2, is the mean of the minimum and maximum boundary s-curves.

100 —

50 — ‘

Historical Progress

Progress (%)

ee== Maximum
= Average
Minimum

0 -

Time

Figure 2. S-curves of task completion (derived from historical data) over time.

3.2 Integrated Simulation and Optimization Engine

To generate the final project schedule with the cited objectives, three consecutive simulation iterations are
proposed. The first iteration uses the average resource allocation curves extracted from historical data.
Although the result is a variable resource allocation based on historical data, it is essential to note that
optimization is not performed in the first iteration. The second and third iterations apply the optimization
component to solve the WDP using the generated resource histogram derived in the preceding iterations
(i.e., first and second iterations, respectively, are used for the second and third iterations). Each simulation
iteration enhances resource leveling by using the results of the preceding interation(s) to more accurately
calculate the average resource utilization. In other words, the calculated resource utilization in the current
iteration (i.e., run n) is fed into the next iteration (i.e., run n + 1), resulting in a successive reduction of
fluctuations and enhancement of utilization.
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In this approach, a graph-based algorithm is used as the optimization component. Each iteration is
established based on the general concept of the SBAP algorithm from the perspective of time-step
advancement and holding consecutive auctions. In this study, a time-stepped simulation is proposed to
control the entire system in time-stepped intervals. The protocol is as follows:

1. An auction is held at various time steps for each resource competition.

2. At each auction, agents willing to bid within the specified time window (ti<t<ti;at and AT; e.g.,

week/month) are identified.

Agents are assessed, and the graph for the agents is constructed.

4. The auctioneer solves the WDP and determines the winners by assessing the entire system (i.e.,
identifying the path resulting in the minimal total cost).

5. The winners are input into the simulation engine, and the time-step is advanced (i.e., dt) to the
subsequent auction (t+1)=ti+dr)-

W

To solve the variable multi-mode resource allocation problem, two steps are taken. First, tasks are
discretized based on a finite period (i.e., time-window duration determined by the practitioner). During this
period, the resource allocation remains constant over a discretized task and does not change (Figure 3).
Second, in each discretized period, the resource allocation module is employed based on the proposed
optimization approach.

@ 1071 Total work for subarea task: @ 101 Total work for subarea task:
> >
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é = 36 weeks (assuming 40 h/week) é
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Figure 3. Illustrative example for (a) constant and (b) variable resource allocation over a subarea task.

Once the WDP graph is constructed for each resource competition within a time window, the graph-
based optimization is employed to solve the WDP using the deep-first search approach (Cormen et al.
2009). Each agent (i.e., bidder) is a discretized task entity that can only bid for one type of resource in a
multi-unit auction, where the type of resource is based on the discipline (e.g., structural steel, pipefitter)
associated with the bidders who request the resource. In the constructed graph, each node is associated with
one mode (i.e., resource allocation option) of a discretized task based on historical data. To build this graph,
eligible tasks for each resource type (i.e., each discipline, such as piping or electrical) are first determined.
Then, the tasks are sorted based on the resource's required time (i.e., the absolute time of resource
allocation). The structure of the proposed framework is depicted in Figure 4.

The algorithm developed to solve the WDP is detailed in Figure 5. The objective of the consecutive
auctions is to identify the winners that minimize the cost of the system. Ideal combinations of cost functions
are currently being explored in a separate study. Here, costs are calculated based on the following criteria:

e Float: Maintaining task floats above a certain value (e.g., two weeks).
e  Resource Leveling: Lowering the fluctuations of required resource personnel to limit the hiring and
releasing of craft workers.
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e Resource Availability: Adherence of resource selections to availability constraints, as adding
additional resource personnel is costly to the contractor

e Resource Histogram: Targeting certain resource histogram shapes (e.g., bell-shape or rectangular
histograms) to reduce resource peaks.

The shapes of the resource histograms for each time window are based on two components: (1) in-
progress activities, which require resources, and (2) completed activities, which release resources.
Information for both must be obtained at each time window, as depicted in Figures 4 and 5.

Time-stepped simulation ensures that the feasibility of the schedule, as well as all logic and
relationships, are respected by the simulation engine. In contrast to mathematical methods, there is no need
to determine the feasibility of generated schedules. Moreover, the schedules can easily combine with a
priority pool for resource allocation prioritization, as it can oversee the queues behind each resource. Such
functionality is essential for mimicking a project manager’s behavior, such as prioritizing the task with a
lower float to capture a limited resource or other combinatory rules based on project objectives (e.g.,
resource leveling and float). The proposed framework can also regenerate the optimized schedule in
response to actual, real-time project data or when the construction schedule deviates from the original
schedule.

Start simulation

Run=1

|

Identify all
eligible activities

| l

Select eligible activities in Store run results (e.g. histogram)
the current time window for use in subsequent run

Create the bidding activities Termi
list for each resource erminate run

Compile the completed activity _
list in the current time window Run=Run+1

l

Solve WDP
as per Figure 5

as the maximum run
count of 3 been reached?

No —

Are all project
activities completed?

Yes — Yes

l

Populate database with
No final results

Advance the simulation l .
time by one step Stop simulation

Figure 4. General structure of the proposed framework.
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Figure 5. Solving the WDP in the proposed graph-based framework.

33 Outputs

Implementation of the framework will enable variable resource allocation (i.e., labor effort for the time
window) over a task's duration to be determined. With this output, the resource histogram is automatically
generated. Notably, the proposed framework allows the automatic regeneration of an optimized schedule if
construction deviates from the original schedule or if project information is changed within the integrated
database.

3.4  Testing the Model

The proposed framework was tested using an extreme condition validation test, as described by Sargent
(2010). For the first extreme condition, task prioritization criteria were limited only to float, while resources
were unlimited. Under these conditions, all resource allocations were selected based on the maximum
progress curves, as expected. The other extreme condition introduced too many modes into the system.
Instead of the minimum, average, and maximum resource allocation modes, 10 modes were used. As
expected, the resulting histogram was much smoother than the histogram obtained using only three modes,
demonstrating that the framework behaved as expected.

4 ILLUSTRATIVE EXAMPLE

An illustrative example was used to demonstrate the functionality of the proposed approach. The example
project consisted of 13 activities involved in the construction process of a boiler, fin fan, and exchanger.
The activities were carried out by multiple disciplines, namely electrical, piping, structural steel,
instrumentation, and mechanical. The total labor hours of assigned work, as well as the early start and late
finish dates, differed for each discipline. The project calendar was set to 5 working days per week, with 10
working hours per day. Historical data for each discipline were retrieved from existing databases. Simphony
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Core Services of Simphony.Net (version 4.6) were used for simulation purposes (AbouRizk et al. 2016),
and the Visual Studio 2017 programming environment was used to implement the framework.

Project data, task logic (i.e., predecessor and successor relationships), time-dependent resource
availability, and the resulting project schedule were integrated and stored in a database. The associated
resource histogram and simulated s-curves were derived and visualized. In this study, a time window and
time-step of 50 and 25 working hours were chosen, respectively. The project began on 03/03/2014 and was
completed on 05/11/2015. An example of the resource histogram for the electrical discipline is illustrated
in Figure 6. Historical and simulated s-curves for a piping task-specific model are shown in Figure 7. Task
durations, which were extracted from historical data, ranged from 3 to 70 weeks. The duration predicted by
the simulation model was approximately 69 weeks. This duration resulted in the smoothest resource
histogram while respecting project constraints. It is important to note that this task has a finish-to-finish
relationship with its predecessor, which prevents the task from being completed sooner. Therefore,
shortening the task duration may require changing predecessor milestones to allow predecessor tasks to be
completed earlier.
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Figure 6. Resource histogram for electrical discipline over the entire project.

As shown in Figure 7, the proposed framework automatically generated a near-optimized resource
allocation plan and, consequently, a detailed project schedule. Notably, a non-constant labor effort
allocation (i.e., variable slope) was observed due to the tasks’ long durations. The variability prescribed by
the proposed framework is based on historical data.

A practitioner may consider altering the milestones of specific tasks to smooth the resource histograms
further. For example, in Figure 6, modifications may be made to reduce the number of peaks in the
histogram to one (i.e., remove peak at approximately 3000 working hours). Moreover, the schedule
generated by the framework mimics the resource allocation concerns of project managers during
prioritization. For example, tasks with lower floats have a higher priority for capturing limited resources.
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Figure 7. Simulation curve of a task versus minimum and maximum s-curves of historical data.

5 CONCLUSIONS

This paper proposes a novel, hybrid, time-stepped simulation and optimization method for industrial
projects to capture early planning uncertainties using historical data. The novel approach uses graph-based
optimization integrated with time-stepped simulation to solve resource allocation problems in complex
industrial projects when detailed information is lacking. Notably, the proposed framework considers
variable resource allocation to provide flexibility in the schedule.

The method’s ability to automatically level resource histograms and generate efficient project schedules
was demonstrated through an illustrative example. The feature of linking with an integrated database
facilitates the practical application of the framework. End users are no longer required to redevelop the
simulation or optimization models in response to changing project conditions, reducing the time and
knowledge required to use the application. Notably, the schedule created by the proposed framework is
compliant with WFP principles, thereby reducing the effort required to generate WFP-based schedules as
detailed engineering information becomes available.

Future work can expand the algorithm to consider space and congestion constraints and minimize crew
relocation on large industrial sites. The functionality of the proposed approach should be evaluated
following its application to a real industrial case study. It is important to note that the proposed approach is
not appropriate for optimizing resource allocation at the detailed work-package level. Instead, its
application is best suited for higher scheduling levels (e.g., discipline-level between levels 3 and 5).
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