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Abstract: Standard scheduling tools for construction projects with repetitive tasks assume that labor productivity remains constant through-
out the project lifetime. None of these tools accommodate the dynamics of learning throughout the project. This paper introduces a tool that
uses nonlinear optimization to integrate learning curve concepts into task duration estimates for construction project scheduling. The tool,
featuring a graphical user interface, mines past data to select the most appropriate learning model from a suite of existing models. Testing the
tool on data obtained from five published case studies with varying sizes and locations suggests that the tool offers accurate estimates for task
completion times, even when the size or quality of the input data is minimal. Directives for use of this tool and an estimate of potential savings
in practice are also provided through an example based on real-world data. These savings amounted to 28% of the overall labor costs within
the real-world project. The contribution of this paper is a tool to estimate construction task durations in such a way that learning is incorpo-
rated. The tool uses nonlinear optimization to select and calibrate the best learning model making the tool of value to practitioners working
across a variety of linear and nonlinear repetitive projects in a range of geographical regions.DOI: 10.1061/(ASCE)CO.1943-7862.0001515.
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Introduction

All construction projects are unique. A project schedule must be
able to accommodate a variety of technological and organizational
constraints while meeting client safety, time, cost, quality, and sus-
tainability targets. The schedule is also a living document that
requires updating as the project proceeds. Multiple automated con-
struction scheduling tools exist that can operate as both planning
and control tools in such a complex environment (Zhou et al. 2013).
None of these tools, however, accommodate the dynamics of learn-
ing that the construction crews engage in throughout the project.

Given the particularly labor-intensive nature of the construction
industry, where labor costs can amount to a total of 50% of total
project costs (Kazaz et al. 2008), it is important for any automated
scheduling tool to forecast and incorporate the effects of labor learn-
ing. Currently, standard scheduling tools (e.g., Primavera, MS
Project, Vico, and LeanKit) used in the construction industry for
projects with repetitive tasks assume that labor productivity will
stay constant throughout a project’s lifetime (Al Sarraj 1990).
Although productivity for individual tasks can be manually adjusted
in most standard scheduling tools, the automated scheduling

processes in such tools require the assumption of constant produc-
tivity. This assumption contradicts the findings in the literature that
indicate that labor productivity improves with experience through-
out a project. This improvement is attributed to a factor called the
learning effect, which dictates that the time required by workers to
complete a certain task decreases with repetition (Thomas et al.
1986; Jaber 2016). This productivity improvement is mathemati-
cally modeled by learning curves (Thomas et al. 1986; Jaber 2016).
A notable impact of incorporating this productivity improvement
while managing construction projects is the upward shift in the
S-curve due to the resultant decrease in labor time and costs.

This paper presents a tool that uses nonlinear optimization for
the integration of learning curve concepts into task duration esti-
mates for construction project scheduling. The tool presented in
this paper allows the planner to generate task duration estimates
at different stages of the project: if the tool is used for estimating
and bidding purposes, the learning model selection will be based on
historical data from projects that are similar in type and scope; if
used for project controls, the learning model selection will be based
on the most recent project data.

The tool mines the input data to select the most appropriate
learning model. The suite of learning curve models included in the
tool accommodates the unique nature of each construction project.
The tool accommodates project task inputs from MS Excel spread-
sheets and returns to the user estimates of task durations for a speci-
fied number of these repetitive tasks. The automated task duration
estimation tool relies entirely on MS Excel macros, allowing for use
on any personal computer commonly used by construction practi-
tioners. Practitioners may benefit from this tool because it provides
accurate duration estimates for construction tasks without requiring
any software add-ons or hardware upgrades.

To demonstrate the validity of the tool, this paper presents the
results of three testing strategies: robustness testing, in which the
input data from documented repetitive projects are perturbed and
the resulting output assessed; split-half testing, in which the data
from documented repetitive projects are used for both training and
testing of the tool; and real-world testing, in which the tool is
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applied to data from a real-world construction site and the cost
savings assessed. This testing also serves to demonstrate that the
tool can be used at different levels of the Work Breakdown
Structure (WBS). The repetitive projects selected from the literature
include high levels of the WBS, such as the construction of a floor,
as well as tasks at the work package level, such as the erection of
formwork.

The next section discusses relevant literature on the scheduling
of repetitive projects in the construction industry. After detailing the
tool design in the third section, the fourth and fifth sections describe
the three different verification and validation processes used to test
the performance of the tool. The final section presents conclusions,
limitations, and directions for future research.

Background

Construction project scheduling is a complex process that requires
the definition of project tasks, the sequencing of these tasks based
on functional relationships, the allocation of resources to the tasks,
the estimation of task durations, and finally the derivation of a
schedule that can be used to construct a physical object. For the past
30 years, researchers have actively been applying computational
techniques to optimize construction schedules while accommodat-
ing the interdependencies in the scheduling process (Zhou et al.
2013; Faghihi et al. 2015). These techniques vary in their complex-
ity, from simple linear optimization methods to metaheuristic ap-
proaches including ant colony and particle swarm techniques (Zhou
et al. 2013). One of the most notable goals of the scheduling pro-
cess is to ensure an accurate estimation of task and, subsequently,
project duration.

Underlying much of the project duration estimation work is the
assumption that task duration is driven only by the nature of the
task and quantity of resources allocated. Hinze (2011), for example,
state that faulty resource management is among the main reasons
for delays in the construction industry. The unique nature of repeti-
tive or so-called linear projects—such as pipeline or roadway
work—led Selinger (1980) to develop a method based on dynamic
programming that determines the optimal resource allocation to
tasks with the goal of minimizing overall project duration. Repeti-
tive projects in the construction industry are not only limited to
linear projects. Repetitive projects can also be nonlinear such as in
high-rise towers with typical floors; each floor is repetitive, but the
height of the floor adds some variation to the repetition. Building
on the concept of repetition, Harris and Ioannou (1998) developed
the repetitive scheduling method (RSM) but state in their assump-
tions that “the same crew will work at the same rate in every re-
peating unit regardless of the quantity of work in the unit.” This
assumption is echoed in the works of both Long and Ohsato
(2009) and Georgy (2008), who utilized genetic algorithms for
scheduling repetitive tasks with the goal of minimizing project
duration. Genetic algorithms belong to a set of methods referred
to as metaheuristics. Another metaheuristic method used for sched-
uling construction projects is the ant colony approach, which was
used by Ng and Zhang (2008) and Xiong and Kuang (2008) to
solve the time–cost tradeoff problem in the construction industry.
Eshtehardian et al. (2008) also addressed the time–cost tradeoff
problem but used a fuzzy approach. Extending the fundamental
assumption that resource allocation has a direct impact on task du-
ration, Liu and Wang (2012) studied the impact of including multi-
skilled crews in the project schedule. However, they make the
assumption that the task duration is still dependent on the assigned
crews in a fixed manner—multiskilling only increases the rate of
productivity by a constant term. Damci et al. (2013), on the other

hand, used a genetic algorithm for multiresource leveling in line-of-
balance scheduling. The work of Senouci and Naji (2006) also
extended the line-of-balance scheduling technique; however, their
work focused on using graph theory for the optimal crew routing,
again neglecting the effects of learning that would arise as the crews
learn the site layout.

Breaking away from the assumption that task duration is lin-
early and directly dependent on resource allocation are several stud-
ies that identify alternative sources of variability in task durations.
Specifically, the work of Maravas and Pantouvakis (2011) integra-
tes RSMs with fuzzy set theory to provide a scheduling technique
where unit production rates are variable and uncertain. Other efforts
use probabilistic methods to account for variable unit production
rates. For example, Khamooshi and Cioffi (2013) present a unified
scheduling method that generates project completion times along
with their associated reliability.

These studies include variation in their estimate of task duration,
but they do not explicitly attribute that variation to learning. In con-
trast, the work of Fini et al. (2016) takes learning into account to
estimate task duration. In their work, they not only consider single-
skilled and multiskilled crews, but also undertake to model the
impact of learning on task duration. Specifically, they note that
multiskilled teams exhibit different rates of learning relative to
single-skilled teams. Fini et al. (2016) embed this observation in
their scheduling module by first modeling individual rates of pro-
ductivity based on learning by workers with different skill levels
and subsequently combining those individual rates into a crew rate
that in turn is used to estimate the task duration.

While this work represents the best effort to incorporate learning
into construction scheduling, it assumes a fixed improvement rate
and a Stanford-B learning model for workers with previous expe-
rience. Previous research suggests that the best learning curve
model to apply in construction is dependent on the project location
and nature, along with the distinction between linear and nonlinear
repetition in the project. For example, the exponential model was
found to fit data from Norway (UN Economic Commission for
Europe 1965), and a recursive model was found to be a better fit
for high-rise projects (Srour et al. 2015). Furthermore, the model
that Fini et al. (2016) propose is not automated, requiring a con-
struction manager to manually calibrate the learning curve param-
eters, a task that may not be immediately intuitive to a practitioner.
This work overcomes that challenge by automating the process of
mining past data to select the best learning model from a suite of
models while simultaneously calibrating all relevant parameters
through nonlinear optimization.

However, as the works of Jarkas (2010) and Jarkas and Horner
(2011) warn, learning curve theory may not always be applicable in
the construction industry. The theory relies on the basic assumption
that the same crew or individuals are involved in repetitive tasks
(Jarkas 2010). Yet this is not always the case in the construction
industry. Workers are hired and fired on a regular basis. As such,
the number and identity of workers are subject to significant un-
certainty. The learning curve theory also assumes that a task is
repetitive and is completed under uniform conditions (Jarkas 2010).
Again, this assumption could raise concerns when applied to the
construction industry. Even at a single construction project, similar
structural or building elements could be constructed under different
conditions. To accommodate for these concerns, the tool uses the
inverse productivity value as input for the different learning curve
models. By using inverse productivity values, the tool accounts for
variations in the labor profile and the constructed product. The es-
timated inverse productivity values are subsequently used to calcu-
late activity durations.
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Automated System Design

This paper presents a software tool using Visual Basic Macro pro-
gramming under MS Excel release 2007 to automate the process of
selecting the optimal learning curve model based on field data with
the goal of determining task duration. The developed tool includes a
graphical user interface (GUI), depicted in Fig. 1, that allows the
user to browse to and select the schedule file containing the input
data, enter the number of tasks to be planned, enter the start date
for the tasks to be planned, and manually select a preferred learning
curve model, if desired. The user also has the option to automati-
cally select the best learning model; this option invokes the learning-
based task duration estimation code. This code, as depicted in Fig. 2,
relies on four functional blocks: (1) the input data processing block,
(2) the learning curve calculation and optimization block, (3) the
evaluation and model selection block, and (4) the duration estima-
tion and output display block. The following four subsections pro-
vide details on each of these functions. A numerical example of the
calculations performed in each block can be found in the Appendix.

Input Data Processing Block

The input data processing block acquires input data from a schedule
file specified by the user. The block acquires task names, start dates,
completion dates, durations, size, and resources used. If the user is
using the tool for bidding purposes, then the input data should be for
a project with a similar type and scope and a crew that is commen-
surate with that expected to be used in the project being planned. On
the other hand, if the user is using the tool to manage or control an
ongoing project, then data from the already completed tasks should

be input. The use of past data for learning curve–based scheduling is
based on the seminal work of Everett and Farghal (1994). Since the
tool can be used to plan tasks over long or short time horizons, the
user can select to use either unit or cumulative average data formats.
If the user selects the cumulative average format, the tool automati-
cally calculates the average durations based on the unit durations
provided by the user. The cumulative average is the average duration
of all the tasks up to and including the current one.

If the tool is being used in the unit data mode, these acquired
durations are then evaluated to determine whether they assume a
discrete or continuous format. For the purpose of this tool, discre-
tization is evaluated at two levels, the integer and the half-integer
level. These two levels were selected because they are the most
prevalent in the case studies used to evaluate the tool. If the block
detects discrete input durations, the user is prompted to select a
preference for the output duration format. With the data format
properly determined, the block calculates the inverse productivity
for the acquired tasks.

The tool calculates inverse productivity values as follows:

P−1
i ¼ ðWorkersi ×DurationiÞ

Quantityi

where P−1 = inverse productivity for the ith task; Workersi =
number of workers assigned to ith task; Durationi = time spent
by workers on this task; and Quantityi = size of this task. For
example, in trench excavations, if the sixth excavation task requires
three workers spending 2 h to haul 50 m3 of soil, then P−1 ¼
½ð2 × 3Þ=50� ¼ 0.12 h=m3. Using this equation ensures that the in-
puts used for the learning curve calculations consider variability in
terms of crews and constructed product characteristics.

Fig. 1. Screenshots of GUI for tool.
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Fig. 2. Architecture of task duration estimation tool.
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The block then processes the inverse productivity values search-
ing for anomalies. Construction sites witness multiple sources of
uncertainty, so extreme values are expected during the course of
any project. While these values are not the norm, they can affect
the performance of the tool owing to their impact on the data pro-
file. The block detects anomalies by measuring the dispersion of
individual values relative to the mean of the data set. If any of the
points is beyond two standard deviations of the mean, then the
value is flagged as an anomaly. When the block determines that
the data set contains anomalies, the user is notified and is asked
to select whether these anomalies are to be removed or maintained.

With a clear, user-verified set of inverse productivity data for
each task, the tool proceeds to the Learning Curve Calculation and
Optimization block.

Learning Curve Calculation and Optimization Block

Since the introduction of the first learning curve model by
T.P. Wright in 1936, numerous learning curve models have entered
the literature (Jaber 2016). The models existing in the literature
vary in nature and complexity; reviews of learning curve models
existing in the literature can be found in Anzanello and Fogliatto
(2011) and Srour et al. (2015). Four learning curve models are in-
cluded within the developed tool: the Wright model, the exponen-
tial model, the hyperbolic model, and the recursive model. These
models were selected due to their suitability to the construction in-
dustry and their previous display of performance capabilities in
terms of both fitness (their ability to fit past data) and predictability
(their ability to forecast future data) (Srour et al. 2015). In their
original form, each model serves to predict the task duration of the
xth task. In this work, the functional form of all models is main-
tained, but the inverse productivity serves as both the input and
output of the model in the place of task duration.

For each model, a subroutine serves to initialize the learning
curve parameters, calculate the completion time estimates, and
derive the associated fitness errors based on these parameters.
Parameters are initialized to reasonable values from within the code
since the optimization algorithm needs an initial solution to func-
tion properly. If the parameters are initialized to values that are too
far from their optimal values, the tool might converge to a local
optimal solution instead of a global one. To avoid this, the param-
eters are initialized to suggested values within the literature.

To better illustrate the parameter initialization process, the
Wright model (y ¼ Ax−n) serves as an example. Parameter A is
initialized to the inverse productivity of the first task. Parameter n
is initialized to 0.15 based on the findings of the UN Economic
Commission for Europe (1965). The findings of the UN report sug-
gest that the learning rate in the construction industry is equal to
90% since n ¼ log2ðLearningRateÞ, initializing n to 0.15 is rea-
sonable. Once the learning curve parameters are initialized, they are
tailored to the input data via optimization. This optimization is car-
ried out by the nonlinear optimization algorithm built into the MS
Excel solver. This solver was selected because it is available with
commercial versions of Excel, thereby allowing construction man-
agers to use the tool without any add-ons or hardware upgrades.

Like any other optimization problem, the developed tool re-
quires an objective function to target. The main objective of the
developed tool is to provide accurate forecasts for future task du-
rations. Unfortunately, this goal cannot be achieved directly since
the data about future completion times are not yet available. Hence,
the forecasting error is minimized following an approach similar
to that adopted by Everett and Farghal (1994): it is assumed that
the learning curve model that best fits the input data is the model
that generates the most accurate predictions. Thus, the objective is

to minimize the deviation between the data generated by the learn-
ing curve model and the actual data input by the user. This aim
translates into minimizing the sum of squared errors:

minimizemodel parameters

Xn

i¼1

ðActuali − EstimateiÞ2

In this objective function, Estimatei is the inverse productivity
estimate for task i, and Actuali is the inverse productivity derived
from the input data for task i. The decision variables are the model’s
parameters. Running this optimization routine for each of the four
models yields a set of four potential learning curve models based on
the input data, each with the least error possible.

Evaluation and Model Selection Block

Once the parameters of all four learning curve models have been
calibrated to ensure the best fit possible, the model with the smallest
error relative to the input data is identified and selected.

Duration Estimation and Output Display Block

This block utilizes the selected model to estimate inverse produc-
tivity values for the number of task repetitions specified by the user.
The tool then uses these inverse productivity values to calculate
the task durations for these repetitions according to the formula
Durationi ¼ P−1

i ×Quantityi=Workersi. Based on these dura-
tions it is possible to derive the start and finish dates of future tasks.
The start date is that provided by the user. Under the assumption
that there is no lag between tasks and that a finish-to-start prec-
edence relationship exists, the finish date of Task 1 is considered
to be the start date of Task 2, and so on. The stopping criterion for
this tool is based on the user-specified number of future planning
tasks. Once the future completion times are obtained, they are dis-
played in MS Excel.

System Testing and Verification

To test and verify the performance of the proposed tool, schedule
performance data for five construction projects were gathered from
published sources on learning in construction. The first project re-
quires estimating the completion times for 19 repetitions of a tunnel
formwork construction task in France (UN Economic Commission
for Europe 1965). The second project requires estimating dura-
tions for the construction of eight identical floors in Finland (UN
Economic Commission for Europe 1965). The third and fourth
projects focus on the task durations for the first six stories, repre-
senting the first phase, of two multistory buildings in Portugal
(Couto and Teixeira 2005). The fifth project examines task dura-
tions for the construction of 20 floors in a high-rise building in
Korea (Lee et al. 2015). These projects were selected because they
represent major subsets of the construction industry in terms of
both location and project characteristics (e.g., high-rise buildings,
housing projects, and infrastructure projects).

Fig. 3 shows the unit task durations for each task in each of the
five cases. Fig. 3(a) shows the data for Cases 1–4 in work hours,
while Fig. 3(b) shows Case 5 in days. Fig. 4 shows the smoother
cumulative average data representation for each of the five cases.
These figures illustrate that in all five cases learning is present, with
Case 1 being the most marked case.

Three tests were undertaken to verify the developed tool. The
first test examines the tool’s capability to handle noise in the data
by methodically introducing anomalies. The second test splits the
data for each project into two subsets and then ascertains the tool’s
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capability to predict the task durations for the second subset using
only the data from the first subset. The third test involves the com-
parison of our tool’s predictive capabilities relative to that of a prob-
abilistic prediction scheme from the literature. In all cases the tool’s
capability to accurately predict task durations is assessed using the
mean absolute percentage error (MAPE), which is defined as the
average of the absolute values of the differences between the pre-
dicted completion times and the actual completion times as a per-
centage of the actual completion time. Despite the fact that the
sum of squared errors was used as the basis for the learning curve
optimization, the MAPE is used as an indicator of the quality of the
predictions following the example of Everett and Farghal (1994).
A number closer to zero percent indicates a better performance.
The following three subsections describe the details of these tests
in greater detail along with their results.

Testing for Robustness

Noisy data are very common in the construction industry, which
means that the data provided as an input to the tool could contain
a single or multiple outlier points. These outliers may have logical

reasons in the real world such as delayed site access at the start of a
project or inclement weather in the middle. Nevertheless, the tool
must be able to cope with such anomalies.

To test the impact of outliers at the start of a project, anomalies
are introduced into the data. There is a fine line between introduc-
ing anomalies and fundamentally changing the case data. To avoid
changing the data too radically, specific points were selected for
each case to which a multiple of the standard deviation across the
case data was subtracted or added. The exact change made to each
case study data set and the resulting effect on the tool’s capabilities
are described in the following subsections.

Case Study 1
Case 1 is a typical linear infrastructure project. As such, anomalies
are more likely to occur in the early stages of the project. To that
end, this paper includes three different scenarios—anomalies added
to the first point alone, anomalies added to the first and second
points, and anomalies added to the first, second, and third points.
The anomalies ranged from minus to plus five standard deviations
for the first point alone, from minus three to plus five standard de-
viations for the first and second points, and from minus two to plus

(a) (b)

Fig. 3. Unit data representation of five cases: (a) unit data for Cases 1–4; and (b) unit data for Case 5.

(a) (b)

Fig. 4. Cumulative average data representation of five cases: (a) cumulative data for Cases 1–4; and (b) cumulative average data for Case 5.
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five standard deviations for the first, second, and third points to-
gether. The variation in the number of negative standard deviations
applied is due to the fact that negative times are not permissible.
The learning-based task duration estimation tool was then applied
to the first half of each perturbed data set.

Fig. 5 shows the MAPE of the resulting estimate across the sec-
ond half—the forecast half—of the case data. When using the unit
data representation [Fig. 5(a)], no clear correlation existed between
the size of the anomaly introduced and the magnitude of the error,
except when the error is introduced at the first, second, and third
data points. This can be explained by noting that in this case the
first data point is already three standard deviations from the mean.
Thus, introducing a perturbation at this first point did not change
the original profile of the data. When using the cumulative average
data format [Fig. 5(b)], a clear correlation can be observed between
the error and the size of the anomaly introduced. Although the cu-
mulative average representation tends to smooth out the data, intro-
ducing large anomalies across more data points carries the anomaly
forward through the averages and distorts the underlying trend to

the point that the learning-based estimate is incorrect in the long
run. This is particularly the case for perturbations in the positive
direction. Perturbing data to the negative side tends to flatten the
learning curve, whereas perturbing data to the positive side empha-
sizes the extent of learning, leading to more discrepancy between
forecast and actual data.

In summary, the tool yielded less than 10% error when the
anomalies introduced were within plus/minus two standard devia-
tions of the original point and constrained to only the first two data
points.

Case Studies 2–4
As Case Studies 2–4 are all residential projects with eight or fewer
data points; only the first data point was perturbed, and the first
half of the data served as the input data. Fig. 6 displays the errors
resulting from introducing anomalies into the first data point in
Cases 2–4; Fig. 6(a) shows the error when using a unit data format,
and Fig. 6(b) shows the error when using the cumulative average
format.

(a) (b)

Fig. 5.MAPE for half of data set in Case 1 with anomalies added to first, second, and third data points; for both (a) unit and (b) cumulative average
data formats.

(a) (b)

Fig. 6.MAPE for half of data set in Cases 2–4 with first data point perturbed by a number of standard deviations; for both (a) unit and (b) cumulative
average data formats.
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When using the unit data, perturbations to the first data point in
the negative direction have a limited effect. As mentioned earlier,
these negative adjustments simply dampen the learning effect, but
the forecast is not unreasonable. However, when the perturbation is
in the positive direction, the presumed learning effect is greater than
reality, leading to significant errors in the forecast. When represent-
ing the data in the cumulative average format, there is a clear cor-
relation between the magnitude of the anomaly and the resulting
error, with both negative and positive anomalies causing errors.
However, the errors in the cumulative average case are smaller than
those seen when using unit data. Thus, when using a small poten-
tially noisy data set, the cumulative average representation ensures
more accurate results with the developed tool.

Case Study 5
Given that Case 5, a high-rise building project, has a very limited
profile in terms of learning (a regularly stepped learning curve), the
case serves to study the effects of an anomalous data point after
construction is already under way. Specifically, Case 5 focuses on
two scenarios, one in which the first point alone is perturbed and
one in which both the first and seventh points are perturbed. This
second scenario is consistent with a disruption in the middle of a
project that might yield forgetting effects.

As illustrated in Fig. 7, the robustness of the tool is comparable
when using unit [Fig. 7(a)] and cumulative average [Fig. 7(b)] data
formats. When anomalies are introduced at the first point alone, the
error is minimal; this is due to the fact that the dispersion in the
original data is very low because such perturbing a single point by
a relatively small deviation also has a limited effect. When pertur-
bations are made to both the first and seventh points, the errors are
generally of a higher magnitude for both unit and cumulative aver-
age data. For cumulative average data, there is a clear correlation
between the error and the magnitude of both the positive and neg-
ative perturbations, whereas for unit data, the correlation is mostly
positive, but somewhat noisy. This is consistent with the nature of
cumulative data since it smooths the impact of the mid-project dis-
ruption by dampening the anomaly with both the previous and sub-
sequent points. Thus, when a mid-project disruption is experienced,
applying the tool on cumulative average data is recommended.

As the case studies serve to highlight, the tool is typically more
robust when the cumulative average data format is used, unless
there are significant outliers as in Case 1. In such cases, a positive

correlation typically exists between the magnitude of the error and
the size of the anomaly introduced. The errors produced by the tool
were acceptable when the size of the introduced anomalies were
small. As such, when the input data are significantly flawed or
illogical, the outlying data points should be excluded from the input
data because they will affect the accuracy of the predictions. The
tool includes an automated method to detect such outliers and a
dialog with the user allows for easy exclusion of the outliers.

Split-Data Testing

Since construction schedules are updated at multiple instances over
the course of a project, the tool needs to be able to exhibit accept-
able performance at various project stages. To evaluate the tool’s
ability to handle updates at various project stages, a test similar to
the two-step approach adopted by Everett and Farghal (1997) is
used. The first step is to split the data into two subsets using the
earlier subset as input data. The input data then become the basis
for estimating future completion times. Unlike Everett and Farghal
(1997), the midpoint in the data is not the only boundary used to
split the data. To evaluate the performance of the tool at multiple
stages of a project, three boundary points were employed: the quar-
ter point (25%), the midpoint (50%), and the three-quarters (75%)
point of the data. For example, if a building is comprised of eight
floors, then the three-quarters point would be set at the sixth floor,
and the data of the first six floors would be used to forecast the last
two floors.

The results of this study, presented in Table 1, indicate that the
tool generally performs better when the data are in the cumulative
average format. In 12 out of the 15 test results, the tool performed
better when the cumulative average representation was used. For
example, when the midpoint of the data is used as the boundary
for Case 4, the MAPE associated with the cumulative average data
is 4.81%, whereas it is 14.9% when unit data are used for the same
data set size and case study. These results are logical since the cu-
mulative average format smooths the data, which allows the model
to calibrate to and project the correct trend into the future.

The results also indicate that the tool is more sensitive to the size
of the input data set when unit data are used: in all five cases, the
error exceeded 10% when 25% of the data was used to predict the
task completion times. This was also expected since unit data gen-
erally contain a significant amount of noise, which likely masks

(a) (b)

Fig. 7. MAPE for Case 5 when first and first and seventh data points are perturbed by a number of standard deviations; for both (a) unit and
(b) cumulative average data formats.
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long-term trends, yielding a high error. To avoid generating erro-
neous predictions and misleading the planners who might use this
tool, the tool includes an alert to users employing two or fewer
points in the input data and in the unit data format.

These results also serve to highlight that because the tool was
developed to extrapolate from previous data, generating schedules
from scratch is not possible with these cases. However, in practice,
the tool can generate schedules with a historical data set from an-
other project as long as it comprises a number of tasks that are at
least 10% of the desired number of tasks to be planned. Following a
split-data testing strategy, a value of 10% was obtained after study-
ing multiple projects and finding that 10% was the threshold for
acceptable performance.

Another interesting observation is the significant forecasting er-
ror associated with Cases 2, 4, and 5 when only 25% of the project
data is used as input. The errors associated with these three case
studies are significantly higher than those of the other cases, espe-
cially when the data are represented in the unit data format. This
result may reflect the choice of learning model. Table 2 summarizes
the learning curve models selected for each of the five case studies
while varying the data set size. As shown in Table 2, the recursive
model was consistently selected for Case Studies 2, 4, and 5 when
using only 25% of the input data. Nevertheless, the tool selects the
model that best fits the data rather than always converging to a
single learning curve model as all of the models were selected at

least once during the testing process. When data are represented in
the cumulative average format, the exponential model was the most
frequently selected model, while the recursive model was most fre-
quently selected for unit data.

Comparative Analysis

No proposed tool can be evaluated in isolation from existing tools.
The tool was able to generate excellent results, but such results
might be just as good as those generated by existing tools. The lit-
erature includes multiple scheduling methods to estimate the dura-
tions of repetitive construction activities. These methods range
from simple strategies, such as linear scheduling techniques, to more
complex methods, including probabilistic techniques. For exam-
ple, Ammar (2013) integrated line-of-balance (LOB) and critical
path method (CPM) to schedule projects with repetitive activities.
Maravas and Pantouvakis (2011), on the other hand, used a higher
order fuzzy technique while building on the RSM to estimate the
duration of repetitive activities. Other methods are also nondeter-
ministic in nature and combine learning curve principles with prob-
ability distributions to schedule repetitive projects. For instance,
Hijazi et al. (1992) presented a stochastic learning curve model to
estimate the durations of repetitive activities. Along the same lines,
Panas and Pantouvakis (2014) combined simulation with learning
curve theory to estimate performance in floating caisson construc-
tion operations. The performance of the proposed tool is compared
to the probabilistic methods used by Hijazi et al. (1992) and Panas
and Pantouvakis (2014). These methods were selected since both
the approach used in these two works and the one employed by the
tool are based on learning curve theory. Moreover, both approaches
accommodate variability. Probabilistic methods naturally accommo-
date variability because they are stochastic in nature. The proposed
tool, on the other hand, accounts for variability by including a suite
of different learning curve models. The probabilistic approaches
presented by Hijazi et al. (1992) and Panas and Pantouvakis (2014)
are both based on the Wright learning curve model. However, in
these two works, and unlike the traditional applications of this

Table 2. Summary of selected learning curve models

Case

Unit data representation Cumulative average data representation

Wright Hyperbolic Exponential Recursive Wright Hyperbolic Exponential Recursive

Case 1
Using 25% of data — — — X — — X —
Using 50% of data — — — X — — X —
Using 75% of data — — — X — — X —

Case 2
Using 25% of data — — — X — — — X
Using 50% of data — X — — — — X —
Using 75% of data — — X — X — — —

Case 3
Using 25% of data X — — — — — X —
Using 50% of data — — — X — — X —
Using 75% of data — X — — — — X —

Case 4
Using 25% of data — — — X — — — X
Using 50% of data — — — X — X — —
Using 75% of data — X — — — — X —

Case 5
Using 25% of data — — — X — — — X
Using 50% of data — — — X — — — X
Using 75% of data — — — X — — — X

Table 1. Summary of split-data testing results, MAPE for different splits in
data across the five cases

Case

Unit data Cumulative average data

25% 50% 75% 25% 50% 75%

1 11.77 4.57 0.40 5.76 2.80 0.79
2 43.86 7.59 8.54 2.59 4.76 0.95
3 26.43 5.63 17.65 5.74 3.82 2.21
4 43.67 14.90 1.21 33.91 4.81 1.29
5 50.68 9.11 1.12 42.40 2.11 5.59
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model, the learning rates are extracted from a triangular distribution
rather than set to a single deterministic value. Triangular distribu-
tions are defined by a lower limit a, a mode b, and an upper limit c,
where a < b < c. A common strategy is to set the value of the mode
to estimates obtained from the literature or obtained from statistical
analysis. Since each of the five cases used for testing the proposed
tool are from different sources, the value of the mode was obtained
by optimization. Historical data fitting by nonlinear optimization
served to generate a value for the learning rate. This value was then
set as the mode of the triangular distribution of the learning rates.
The lower and upper bounds of this triangular distribution are the
mode decremented and incremented by 5%. As such, the learning
rate used in scheduling is drawn from a distribution described by
triangularðb� − 0.05; b�; b� þ 0.05Þ, where b� is the optimal
learning rate that is the best fit for the historical data. The learning
rate of each and every subsequent duration estimate is then obtained
from this distribution. Therefore, and unlike the original Wright
model, the value of the learning rate is not uniform across different
repetitions. To obtain a single estimate for the duration of each task,
1,000 runs were conducted, and the final duration estimates are the
average of the estimates obtained from each individual run. This
process was repeated for every subsequent task. To compare the two
methods, the split-data testing strategy was used. The five cases ob-
tained from the literature served as the test bed for this comparison;
both the cumulative and unit data representations were used. Table 3
shows the resulting MAPE when using the tool and the probabilistic
method to estimate the task durations for the five cases.

The tool exhibited slightly superior performance compared to
the probabilistic method. The average MAPE for the tool over the
10 tests conducted was 6.01%, with a range of [2.8, 14.9], whereas
the average MAPE resulting from use of the probabilistic method
was 10.51% with a range of [1.65, 40.78]. The smaller average
indicates that the tool generates results with a higher degree of ac-
curacy. The smaller range reflects that the tool provides more con-
sistent and reliable results. This superiority may be due to the fact
that a probabilistic method simply captures variation in task dura-
tions while the tool bases the variation in task durations on a
cause—learning. As such, the multiple learning curve models em-
bedded in the tool provide an advantage over the single Wright
model in the probabilistic method. Additionally, use of the prob-
abilistic model required an assumption regarding the type and
width of the underlying distribution (in this case triangular with
a range of �5%); this assumption can have a significant impact
on results. Finally, to make the proposed tool even stronger, the
durations predicted by the tool could be used as the input to a fuzzy
planning strategy. For example, Pawan and Lorterapong (2016)
provide a six-step procedure for deriving a contingency time rela-
tive to a task duration estimate. A similar strategy is recommended
by Gładysz (2016) by which a probabilistic method derives esti-
mates that are coupled with a fuzzy set strategy to overcome biases
introduced by using the Beta distribution as part of the program

evaluation and review technique (PERT). Our tool could be used
to replace the probabilistic estimate in these fuzzy strategies.

Practical World Data-System Validation

The data used to verify the tool in terms of validity and robustness
come from the learning literature and are relatively clean. To verify
the tool’s use in practice, a mixed commercial and residential, mul-
titower construction project in Beirut, Lebanon, serves as the test
bed. As with any other construction project, this project involves
structural, concrete, electrical, mechanical, and architectural works.
The project assumes a standard organization with a main contrac-
tor, subcontractors, an engineer, and a client representative. To keep
track of the labor profile on site in this project, the contractor sub-
mits, for the engineer’s information, daily site reports, which in-
clude the manpower and equipment present on site as well as a
summary of the work done in every trade. The term engineer in
this setting refers to the entity hired to execute the construction con-
tract on behalf of the owner. The contractor also submits, for the
engineer’s approval, separate inspection requests for the tasks com-
pleted for different trades. Such requests include the size of the task
completed, its duration, and its location, in addition to its trade.
These two documents represent the data sources from this project
used to test the practical capability of the tool.

Daily site reports and inspection requests covering the period
from April 2015 to June 2016 were used. Because the proposed
tool is designed for estimating the durations of tasks of a repetitive
nature, slab concrete pouring tasks were extracted from the data.
Such tasks were also selected since their associated inspection re-
quests are among the most detailed in terms of information. How-
ever two slabs on two different floors could be of the same structural
type, yet one of them might include 100 m3 of concrete while the
other might contain 20 m3. Thus, to normalize such a difference in
size, the task for this case was considered to be the aggregate total
cubic meters of concrete slabs poured in each calendar month. Fig. 8
shows the monthly cubic meters poured [Fig. 8(a)] alongside the
total worker hours [Fig. 8(b)] assigned for pouring slabs in each
month.

Selecting a single trade also serves to diminish the variability
associated with labor. The number of workers allocated to a single
trade is normally determined by the scope of the work to be done
and therefore not subject to other sources of variability. Although
other factors such as absenteeism might come into play at the site
level, within one trade, such as concrete pouring, the impact is
limited.

Application of the Tool

The data input to the tool were values related to the total monthly
slab concrete poured in the first 4 months of the project. The start
date for each task was the beginning of every calendar month, and
the finish date was the end of the respective calendar month. The
durations used for these tasks were the total number of hours spent
during each month, and the resources were the average number of
workers employed during the given month. The task name was
generically set to the term task. The tool was used in unit mode
with continuous data, and no anomalies were found among the
input.

Fig. 9 shows the labor hours used during the actual project and
the required labor hours that the tool estimated. The labor hours
required in the estimation are less than those actually used. This
difference increases during the second half of the study period.
For example, 2,072 labor hours were actually spent to complete
the work during the ninth month, as compared to 936 labor hours

Table 3. Summary of comparison to probabilistic method, MAPE for task
durations derived using tool, and a probabilistic method

Case

Tool Probabilistic

Cumulative Unit Cumulative Unit

1 2.8 4.57 13.52 40.78
2 4.76 7.59 2.03 12.39
3 3.82 5.63 6.23 18.86
4 4.81 14.90 2.04 5.52
5 2.11 9.11 1.65 2.08
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estimated by the tool. This difference comes simultaneously from
the tool’s ability to match labor to work and the site’s labor policy
requiring the maintenance of a stable pool of workers. The labor
management practice adopted on this project was to maintain a con-
sistent number of workers across time periods, regardless of the
volume of work to be done. This practice is evident in the number
of workers employed during the eighth and ninth months: 81 work-
ers were employed during the eighth month to pour 844 m3 of con-
crete, while 74 workers were employed to pour only 610 m3 of
concrete during the ninth month. A decrease of 38.36% in produc-
tion volume was matched by only an 8.64% decrease in the number
of workers. If this decline in production is to be matched by an
equivalent decline in the number of employed workers, only 50
workers would be needed during the ninth month. Furthermore,
management at this site did not take learning effects into consid-
eration. This is evident as 68 workers spent 1,972 labor hours dur-
ing the sixth month to pour 638 m3 of concrete. If the learning
effects are considered, both the number of workers and the labor
hours spent are expected to decrease if a similar quantity is poured
during later months. Yet 74 workers spent 2,072 labor hours pour-
ing 610 m3 during the ninth month. Such an increase in the number

of workers, despite the decrease in production, shows that learning
effects were not considered on site. A mismatch between the actual
number of labor hours and those estimated by the tool is therefore
expected, given that the tool matches the number of workers to the
volume of work after considering learning effects.

Despite the discrepancy in labor hours between those estimated
by the tool and those assigned in reality, the profile of the curves is
similar, as depicted in Fig. 9. This similarity reflects the tool’s abil-
ity to estimate task durations for tasks of varying sizes. Despite
being structurally similar, many construction elements vary in size,
so properly estimating the durations of construction tasks necessi-
tates considering not only learning but also size variability.

With the number of labor hours required for future tasks, as pro-
vided by the tool, one can calculate the number of workers required
on site. Fig. 10 shows the average number of workers for the actual
case and when using the tool’s estimates. The figure shows that the
number of workers employed while using the tool is less than what
was actually employed on site. Nevertheless, the labor profile re-
mains the same, with a peak in the eighth month and smaller values
afterwards.

(a) (b)

Fig. 8.Monthly production and labor hours for test-bed project: (a) monthly cubic meters of slab concrete poured for test-bed project; and (b) monthly
labor hours for test-bed project.

Fig. 9. Monthly labor hours for actual project and tool estimates.
Fig. 10. Average monthly number of workers for actual project and
based on tool estimates.
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Moreover, one cannot help noticing the striking difference of
24.67% between the cumulative estimated at completion (EAC)
and the cumulative actual at completion (AC) hours. This decline
in the size of the workforce is driven by the tool’s ability to capture
learning effects and match workers to available work. This differ-
ence in the number of workers, in this case, should not be seen as an
error in estimation since the site policies forbid the implementation
of the tool’s results. Instead, one should recognize that if the results
of the tool were properly utilized, this is an indication of the savings
that could have been realized. For example, in the fifth month (the
first month planned by the tool), the size of the actual workforce
was 66 workers, whereas the tool indicates that only 59 workers
were required. The difference is seven workers, and therefore, at a
daily rate of $36 [the midpoint of the Lebanese labor costs reported
by Lattouf et al. (2014)], the monthly savings, assuming a 30-day
month, amount to $7,560. If a similar calculation is carried out
across the whole project, the savings amount to $235,440, repre-
senting 28% of the total labor costs in this project. The possible
savings arising from using this tool on projects for which labor is
a significant portion of the budget, due to either high wages or a
disproportionate number of low-wage workers, could be critical.

Conclusions and Future Research Directions

The learning-based task duration estimation tool proposed in this
paper can support the development of construction schedules with
an acceptable forecast error. The tool uses learning curve models
appearing in the literature to estimate future task durations. This
work extends prior research on the introduction of learning curve
models to task duration estimations for automated scheduling by
including a suite of learning curve models that are automatically
calibrated to project history.

Schedules can be generated for two formats of data—
cumulative average and unit—to enable the generation of schedules
at both the micro and macro levels. The cumulative average data
format is recommended for long-term planning, whereas the unit
data format is recommended for planning day-to-day tasks or gen-
erating weekly look-ahead schedules. The cumulative average data
format emphasizes long-term trends, which are necessary for the
development of master schedules, whereas unit data display daily
completion times.

The learning curve–based task duration estimation tool was de-
veloped with a GUI, and its inputs are compatible with common
industry planning software, facilitating its usage by industry practi-
tioners. According to the results of testing, the model provides ac-
curate estimates for project completion times, even when the size of
the input data is minimal. However, as shown in testing, care must
be taken when using small input data sets to forecast over long hori-
zons. At least the same number of input data points should be used
as the desired forecast horizon.

The data used for testing the software were extracted from proj-
ects of varying sizes and locations to be representative of the con-
struction industry. Although the model generated significant errors
when anomalies were introduced to data originating from smaller
projects, it was robust when tested with larger projects. Specifically,
the tool yielded results with errors of less than 10% when anoma-
lies were introduced to the first case study, whereas the errors
exceeded 100% when anomalies on the order of 4 or 5 standard
deviations were introduced to the data of the third and fourth case
studies. The first case study entailed 19 repetitions of formwork for
a linear project, unlike the smaller projects in the third and fourth
cases that evaluated learning for two six-story buildings. Introduc-
ing anomalies to smaller projects could alter the profile of the data,

unlike larger projects, where the anomalies are smoothed by the
size of the data set.

Because the tool is best suited for large linear projects—such as
pipeline or roadwork construction—it is considered to be suffi-
ciently robust. For cases where input data are significantly flawed
or not logical, the tool automates the process of data cleaning
through the exclusion of outlying data points. Excluding these
points dampens the effect of noisy or anomalous data, yielding
more accurate predictions.

The application of the tool to data from a real-world project re-
vealed that it contributes to project performance in terms of savings.
The total savings that would have been generated had the tool been
used in the real-life project would have amounted to 28% of the
total labor costs, as shown in the section on real-world testing.
These savings are driven by the tool’s ability to match the number
of workers to the volume of work to be done and its ability to ac-
commodate learning effects. With these capabilities, the tool has
the potential to improve the performance of construction projects.
Coupled with other common planning methods like CPM, bar
charts, and linear scheduling, the developed tool can aid planning
engineers and construction managers in properly allocating their
resources. The tool can also assist construction management firms
in monitoring resource allocation decisions made by contractors.
Incorporating learning into the scheduling of repetitive construction
projects yields more accurate earned value management indices,
which means that project control and monitoring processes will be
more effective as they are based on such indices.

It should be noted, however, that the tool was developed based
on the assumption that worker learning depends solely on repeti-
tion and mechanization. Worker learning is a more complex process
that depends on external factors such as the weather, management
styles, and worker culture. Future research should focus on the de-
velopment of multivariate learning curve models that accommodate
factors other than repetition. Another assumption that was made
during the development of this tool is that learning is a determin-
istic process, yet in many cases learning occurs in a more random
fashion, so using simulation and stochastic modeling for evaluating
the learning curve effects in construction projects would be an in-
teresting topic for future research. Although the tool was validated
by three different methods, the best test would be the use of the tool
for project management in the field during project execution.

Additionally, the tool does not consider time lags between two
consecutive tasks. Further developments of the tool should allow
for time lags and buffers between consecutive tasks and the asso-
ciated impacts on worker learning and forgetting. Moreover, the
tool’s performance was tested on clean data obtained from the lit-
erature and on a single real-world case study. Future research
should attempt to test the tool’s performance on multiple case stud-
ies from various countries and compare the results within and be-
tween geographic areas in order to improve the significance of the
obtained results. Moreover, coupling the tool with fuzzy methods
for contingency planning or the PERT would yield a very robust
task duration estimation capturing both random and nonrandom
sources of variation.

Finally, the tool is well suited for advances in the construction
scheduling arena because it will be even more effective if the WBS
is standardized. WBS standardization implies that tasks will have a
higher degree of similarity to one another; this would naturally
make learning effects more visible. The tool could also be coupled
with 4D Building Information Management tools, where the time
dimension is augmented in the drawings, so the effects of learning
would be visible across similar components within a construction
project.
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Appendix. Numerical Illustration of Automated
Learning Curve Tool

This section serves as a numerical illustration of the process shown
in Fig. 2. The calculations are performed for a test-bed project, as-
suming that data for the first 3 months are used to estimate task
durations for the subsequent 3 months. For this case study, the tool
was used in unit data mode. Table 4 shows the input data—the data
for the first 3 months of the project.

For illustrative purposes, if the cumulative average data rep-
resentation was used, then the cumulative average for the third
duration would be as follows: Cumulative Average ¼ ð238þ
367.5þ 1,222Þ=3 ¼ 609.17 h. Using the hours and volume, the
inverse productivity can be calculated for each month as per the
following computation. This calculation illustrates the process for
the first month; the values for the second and third months are 0.83
and 2.01, respectively:

P−1
i ¼ ðWorkersi ×DurationiÞ

Quantityi

P−1
1 ¼ ð14 × 17Þ

262.5
¼ 0.91 h=m3

After calculating the inverse productivity, the tool checks the
inverse productivity values for anomalies by comparing them to the
data’s distribution. The average and standard deviation for the pre-
ceding data are 2.06 and 1.01, respectively. Anomalous data points
are ones that diverge from the mean by more than two standard
deviations. As such, any value below 0.03 or above 4.09 will be
flagged as anomalous. Since all the data points fall within these two
values, no anomalies exist, and the tool proceeds to the next block,
which is the Learning Curve (LC) calculation and optimization
block. Using the initially defined parameters, LC calculations are
made for the different LC models. The calculations for the first
three data points for the Wright model are shown in what follows.
The model performs these calculations for all the LC models and
for all the data points. Here, only the Wright model is shown for
illustration:

y ¼ Ax−n

A is initialized to the value of the first inverse productivity and n
to −0.15 as per the literature:

y1 ¼ 0.91 × ð1Þ−0.15 ¼ 0.91 h=m3

y2 ¼ 0.91 × ð2Þ−0.15 ¼ 0.82 h=m3

y3 ¼ 0.91 × ð3Þ−0.15 ¼ 0.77 h=m3

Once the estimates are available, the errors are calculated as
follows:

e1 ¼ ð0.91 − 0.91Þ2 ¼ 0

e2 ¼ ð0.82 − 0.83Þ2 ¼ 1.00 × 10−4

e3 ¼ ð0.77 − 2.01Þ2 ¼ 1.54

The tool then uses nonlinear optimization to calibrate the
parameters—A and n—with the goal of minimizing the sum of
these errors. In this case, the parameters obtained through optimi-
zation are 1.25 for A and 0 for n. The tool then uses these values to
calculate the inverse productivity values for the tasks in the plan-
ning horizon. Applying the Wright model again yields

y4 ¼ 1.25 h=m3

y5 ¼ 1.25 h=m3

y6 ¼ 1.25 h=m3

Finally, these values are used along with the user-entered data
for planning (898, 916, and 638 m3 of concrete to be poured, in this
case) to calculate the predicted hours as follows:

hoursi ¼ Voli × yi

hours4 ¼ 898 × 1.25 ¼ 1,122.5

hours5 ¼ 916 × 1.25 ¼ 1,145.0

hours6 ¼ 638 × 1.25 ¼ 797.5
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