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Abstract: Reliable project management during planning stages of a building project is a
meticulous process typically requiring sufficient precedencies. Typical construction dura-
tion estimation is based on previous cases of similar projects used to validate construction
duration proposals from contractors, plan overall project duration, and set a standard for
project success or failure. In cases of high-rise buildings exceeding 200 m, insufficient data
commonly arise from the rarity of such projects, leading to a rough estimation of construc-
tion duration. Therefore, in this study, oversampling and data augmentation techniques
derived from engineering principles, such as parametric optimization and data imbalance
problems, are explored for curtain wall construction for high-rise buildings. The study
was conducted in two phases. First, oversampling and data augmentation techniques,
including Latin Hypercube, optimal Latin Hypercube, simple Monte Carlo, descriptive
Monte Carlo, Sobol Monte Carlo, synthetic minority oversampling technique (SMOTE),
and SMOTE-Tomek, were applied to 15 raw datasets collected from previous projects.
The dataset was split into 8:2 for training and testing, where the mentioned techniques
were applied to generate 500 virtual samples from the training data. Second, support
vector regression was applied to forecast construction duration, where statistical perfor-
mance criteria were applied for evaluation. The results showed that SMOTE and SMOTE-
Tomek best represented the original dataset based on box plot analysis showcasing data
distribution. Moreover, according to statistical performance criteria, it was found that
the oversampling techniques improved the prediction performance, where Pearson cor-
relation for linear, polynomial, and RBF increased by 0.611%, 4.232%, and 0.594%, respec-
tively, for the best-performing sampling method. Finally, for the prediction models, prob-
abilistic oversampling methods outperformed other methods according to the statistical
performance criteria.

Keywords: data augmentation; insufficient data; high-rise buildings; curtain wall

construction; duration estimation

1. Introduction

Estimating accurate and reliable construction duration is crucial for a building project
from the project-management perspective. Construction duration estimation methods are
constantly evolving, resulting in cost and duration predictions by the integration of mul-
tiple linear regression (MLR) analysis by incorporating various influencing factors [1,2].
Moreover, some studies have suggested superior accuracy by applying machine learning
(ML) techniques depending on the availability of sufficient precedencies [3,4]. For example,
ML models have been effectively applied to forecast construction duration [5]. However,
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a drawback of forecasting application arises from insufficient data to learn patterns from
existing samples, particularly from rare projects such as high-rise buildings. Despite these
difficulties, project managers attempt to estimate construction duration during the plan-
ning stage prior to liaising with contractors as a standard practice. This estimation process
aims to validate the construction duration proposals offered by the contractors and ver-
ify their feasibility. As mentioned previously, practicing solution to construction duration
estimation requires reliable data acquisition and analysis-enhancing factors within con-
struction, including efficiency, duration, and cost estimation [6], that determines project
success or failure.

Various researchers have demonstrated that estimating the duration of construction
for a building project is an essential process to overcome high level of risks and uncer-
tainty, consequently setting a standard for project success or failure [7,8]. Previous studies
has shown significant improvement in estimating a building project schedule for accuracy
and a reduction in estimation error from 9 to 33% and 4.83%, respectively, by adopting
a case-based reasoning method [9]. The typical method requires highly experienced ex-
perts who are costly and difficult to find. In particular, in cases for skyscraper projects,
acquiring reliable data is challenging due to the limited number of skyscraper construc-
tion projects [7-9].

Skyscrapers are described as buildings exceeding 200 m or 50 floors. They are rising
in popularity due to their architectural magnificence and socio-urban economic values [10].
According to skyscraper-related statistics provided by the Council on Tall Buildings and
Urban Habitat (CTBUH), there has been an increase of approximately 100 buildings over
200 m per annum [11]. Specifically, focusing on notable countries, the number of skyscrap-
ers is 1148 in China, 243 in the USA, 156 in the UAE, and 79 in South Korea. Aside from
China, the number of skyscrapers increased exponentially by about 50 to 60 units annually
since 2015. It is worth noting that typical skyscraper projects are vulnerable to many risks
and challenges faced by insufficiently experienced managers and a lack of comprehensive
data [12].

Recent studies regarding skyscrapers and high-rise buildings are scarce due to a sheer
lack of relative projects within South Korea. Despite this, international journals contain
studies mainly focusing on the technical and physical aspect, such as vibration predic-
tion [13], wind flows and load simulations [14], and equipment layout decision frame-
works [15]. From the perspective of construction management within the planning stage,
studies on framework development for material selection to comply with codes or specific
construction procedures were conducted [16,17]. Moreover, recent trends have shown a
more modern method of predicting construction costs [18-20], where the researchers have
analyzed the data collected from the general overall construction scenario. However, it
is well known that duration is directly related to costs. Although previous studies have
rightfully focused their studies on cost, it is also necessary to investigate specific stages of
the overall construction that have an impact on the overall construction project outcome.

Curtain walls are an essential architectural feature typically used in skyscraper con-
struction. They cover the exterior of a building, offering a beautiful facade made from
materials such as glass. Similar to a concrete wall, they provide a weather-resistant bar-
rier but allow natural light to penetrate deeper into the building. Moreover, curtain wall
systems offer thermal efficiency, providing cost-effective heating and cooling for indoor
environments [21]. The construction of a curtain wall system assumes a critical path role
directly influencing the duration of project in whole. It also serves as a precedent process
that sets the benchmark for subsequent finishing tasks [22]. This part is significant for
construction requiring a substantial portion (approximately 10-15%) of the total project
cost [23-25]. The challenge arises for curtain wall construction, as such walls are con-
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sidered a non-structural member of a building, despite their self-supporting capability.
Therefore, construction requires meticulous planning, as many aspects and tools need to
be installed, such as mounting angles, mullions, and transoms, presenting a particularly
hazardous task for construction participants [25].

The global scarcity of skyscraper buildings presents a challenge for artificial intel-
ligence (Al)-based forecasting analysis due to limited available datasets. Furthermore,
environmental factors, unique to the geographical location of skyscraper construction
projects, such as weather, worker skill, and site layout, crucially affect construction
productivity [5,26,27], contributing to the issue of data scarcity. Therefore, despite the
introduction of Al, major construction management domains can only be predicted us-
ing data from specific regions, resulting in a steep challenge for collecting sufficient and
reliable data based on other regions. As a potential solution to this issue, this study in-
vestigates a collection of existing oversampling methods to provide a sufficient number
of data and overcome issues occurring from insufficient data necessary for executing Al
learning methods of regression. This is made possible by taking advantage of data aug-
mentation and oversampling techniques used in the field of data science, engineering,
and optimization.

Data augmentation was adopted to generate new samples from existing datasets.
This enhances the limitations of scant data, which are usually implemented for time-
series analysis [28], image data [29,30], or text data [31,32]. Image augmentation tech-
niques are frequently used when a dataset is visually accessible, such as a time series,
images, or text [28,33]. Typical construction management domains, including construc-
tion duration and cost, consist of numerical data types necessitating alternative data aug-
mentation methods. Statistical simulations and oversampling techniques that are widely
employed for numerical datasets are a potential solution to overcome the mentioned
issues [7,34-37]. Bootstrap and Monte Carlo (MC) methods are particularly prevalent in
simulating the construction duration [38—41] due to their probabilistic characteristics. The
strength of statistical simulation is that it does not require any assumptions regarding the
probability distribution of the model error [42]. More recently developed oversampling
methods, such as the synthetic minority oversampling technique (SMOTE), were imple-
mented to solve problems from imbalanced datasets. Specifically, when the number of
measurements of one variable in a dataset is smaller than that of another, oversampling
increases the number of samples by generating the number of lower variables to match the
number of higher variables. Therefore, oversampling is widely used for high-dimensional
datasets to avoid losing sample properties [43].

This exploratory research predicts construction duration for curtain walls in skyscrap-
ers by applying various oversampling techniques to overcome the limited availability of
data from previous case studies. In this study, data on curtain wall construction were col-
lected from 15 skyscrapers in South Korea. Owing to insufficient data to achieve reliable
results, data augmentation techniques were adopted to oversample real data. A suitable
oversampling technique was identified from initial data distribution analysis of the aug-
mented dataset by comparing analysis between the original and augmented datasets. The
result from the most appropriate oversampling technique was used to estimate the con-
struction duration, using ML-based regression to identify the most appropriate combina-
tion to predict HRB curtain wall construction. This confirms the possibility of introduc-
ing data augmentation methods for managing HRB curtain wall construction during the
planning stage.

The rest of the paper is organized as follows. Section 2 provides an overview of pre-
vious studies on general methods for construction period prediction. Section 3 presents
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the data collection and methodology used in this study, and Section 4 presents the results.
Section 5 discusses the results of the study and presents a conclusion.

2. Materials and Methods
2.1. Curtain Wall Construction Duration

Curtain wall construction is a phase within a critical path that influences the outcome
of a project, highlighting the importance of reducing the manufacturing space, construc-
tion time, and cost [44,45]. Curtain wall construction is generally divided into four stages:
mock-up, production, construction, and post-construction [45-48]. The mock-up phase is
a crucial process that verifies several vital elements, including the structural performance,
insulation, and watertightness of the assembly members. According to international stan-
dards, tests are performed during the mock-up phase to evaluate airtightness, watertight-
ness, structural performance, residual displacement, interlayer displacement, vertical dis-
placement, and strength. Following the mock-up test is the production of curtain wall
members, where a glass-processing company fabricates the double- or triple-glazed win-
dows and subsequently assembles each member within the fabricating factory. The fin-
ished units are then transported to the construction site; inspected on-site; and placed on
the corresponding floors, using lifts, before construction. The final stage involves finishing
the roof and proceeding to the final lift section. These processes are performed simultane-
ously as construction work continues. Therefore, overlapping construction processes are
considered when estimating the construction duration during planning. The general work-
flow of the HRB curtain wall construction process is shown in Figure 1.

Post-

Production Construction production

Figure 1. Tasks in predicting curtain wall construction for skyscrapers.

Curtain wall construction plays a critical role in the overall skyscraper construction
requiring a complicated and intricate decision-making process that stems from potential
clashes between structural framing and finishing works. Delays in this construction phase
substantially affect subsequent finishing tasks, which can amplify the fundamental risks
associated with process delays. For larger and more complex projects, these delay fac-
tors increase uncertainty, leading to extensions and increased construction costs. There-
fore, mitigating potential adverse consequences is necessary by implementing comprehen-
sive, systematic, and organized risk-management strategies prior to construction. Deriving
from identified processes shown in Figure 1, the formula for estimating the construction
duration of an HRB curtain wall is as follows:

Diota :M+P+(FXCP>+Ppost 1)
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where all of the units within the formula correlate to the raw data used in this study that
were given in days; Dy, denotes the total construction duration; F denotes the number of
skyscraper floors; Cr denotes the construction duration per floor; M denotes the duration
of the mock-up phase; and P denotes the curtain wall unit production phase. Note that
this formula has a caveat, as unworkable days, such as severe weather conditions, are not
considered because they do not correspond to specific dates. However, this formula is
suitable for the initial planning stage of a construction project and the data collected, as
it already considers the duration overlap for the simultaneous mock-up, production, and
construction phases.

It should be noted that this study focuses on the overall construction duration as the
data input for the methodologies, despite the factors mentioned and the existence of other
underlying factors, such as labor force, construction machinery, and others. Alhammadi
et al. [49] distinguished between health and well-being in the context of construction work-
ers engaged in infrastructure projects. Their study identified key determinants influencing
workers” well-being and conducted an analysis of physiological effects, concluding that
well-being does indeed impact productivity. However, their findings indicated that this
effect is temporary and does not significantly affect the overall productivity of the con-
struction project. Conversely, Tao et al. [50] mention that construction firms typically an-
ticipate variables that cause construction delays, such as material-supply disruptions and
regulatory delays. This, in turn, prevents the delays that would affect the construction
duration. Prior studies that have focused on methodological approaches to specific solu-
tions have further examined the fundamental factors influencing construction durations
across different building typologies. Therefore, only total construction duration deriving
from different stages of curtain wall construction was considered for machine learning-
based estimation.

2.2. Construction Duration Estimation and Techniques

Estimating construction duration has utilized various evolving techniques. Predicting
and estimating construction duration is an essential aspect of any construction project. Itis
commonly understood that time is equal to money, a concept frequently discussed in the
relative literature. Estimating the construction duration or cost is of particular interest to
practitioners and researchers because it establishes a benchmark for the success or failure
of a particular building project.

Czarnigowska and Sobotka [51] used various regression methods to predict the con-
struction duration of public roads during the preplanning stage and highlighted the im-
portance of accurately predicting the construction duration. In Ghana, the duration of
a bridge construction project was estimated using 30 historical data points, and qualita-
tive data analysis was conducted using regression methods and artificial neural network
(ANN) techniques [3]. A case study based on MC simulation was conducted to renovate a
multistory apartment building and estimate the construction duration [52].

Multiple linear regression (MLR) is used to consider various factors in construction
projects. The MLR model utilizes various independent variables to estimate the construc-
tion duration, thereby enabling predictions using a range of variables. These include the
cost, gross floor area, construction type, building units, number of floors, and size of park-
ing lots. However, the MLR method has some limitations. It can only produce linear
regression, which cannot simulate all diverse and complex construction properties, and is
sensitive to outliers [1,2].

The development of ML has overcome the limitations of linear regression models,
facilitating the examination of relationships between various variables. In particular, al-
gorithms from the ANN family and SVM-based support vector regression (SVR) have
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been widely utilized in estimation research. SVR utilizes kernel functions to perform high-
dimensional mapping of input data, allowing for the inference of non-linear relationships
without transforming the data into higher dimensions. SVR offers a robust framework for
predicting construction duration by finding the optimal hyperplane in high-dimensional
space to minimize errors [4,5]. This feature enables SVR to perform high-dimensional pat-
tern analysis and prediction quickly, helping to estimate more accurately, even with com-
plex elements of construction properties.

From the literature review, it was found that predicting the construction duration is
essential to the project managerial process. However, most studies have mentioned that a
large number of data are required to obtain reliable results. This poses the issue of cases
where reliable data are difficult to obtain owing to limited data availability. Moreover,
most related studies were case study-based and improved prediction models using the
Bromilow time—cost (BTC) method, regression models, and ML and deep learning tech-
niques. Additionally, most studies rely on available historical data, which are sufficient
to produce reliable results. However, in special construction projects, such as curtain wall
construction for skyscrapers, available data are scarce for conducting such studies.

2.3. Data Augmentation Techniques

When the quantity of data is too small or [53] imbalanced, data augmentation tech-
niques serve as solutions to overcome these challenges [54]. Data augmentation is pri-
marily employed when time series or image data are inadequate, using rotation, clipping,
flipping, or adjustments in brightness or color to generate augmented data based on raw
data [32,37]. For numerical data, random sampling and synthetic data generation were
used to enhance the size and variability of the dataset [37]. For example, complaints about
environmental disruptions from a construction project were predicted using various over-
sampling techniques to solve imbalance problems and fill missing data [55]. Similar to this
study, construction equipment allocation was optimized using oversampling methods to
create virtual simulated cases for construction noise emissions prior to construction [56].
In terms of appropriate sample size, a study was conducted to calculate an efficient method
for determining sample size for imbalanced datasets specifically and warned against cre-
ating too many virtual sample sizes that could cause overfitting of a model [57]. It is com-
monly known that image-based Al learning methods require substantial numbers of train-
ing data in order to appropriately perform classification in the order of thousands [ref].
However, some studies suggest that the appropriate amount of sample size should be rel-
ative to the data size provided [58-61]. While there is no general rule of thumb for the ap-
propriate sample sizes to be generated, this study generated 500 virtual samples, and this
number was deemed appropriate, deriving from compensation between the small dataset
used and the amount of training data used for typical image classifiers.

Data generation techniques, such as random oversampling and MC simulations, pro-
duce data with varying outcomes. MC, one of the most widely used techniques, combines
probabilistic theory and fuzzy logic for uncertainty calculations. Its capabilities have been
leveraged primarily for the uncertainty simulation of construction duration and time-cost
simulation [7,38-41]. However, these methods may exhibit variations in augmentation ac-
curacy and effectiveness depending on the number of repetitions. SMOTE was designed
to synthesize new data samples from small datasets through interpolation, expansion of
the decision space of minority classes, enhancement of model generalization, and preven-
tion of data generalization through random oversampling [62]. SMOTE generates addi-
tional data by randomly sampling line segments between existing data points [63]. This
technique is powerful for generating data while maintaining the properties of the dataset;
however, caution is required against overfitting [38]. SMOTE-Tomek is a variation of
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the SMOTE oversampling technique combined with an under-sampling technique called
Tomek. This method has the advantage of avoiding the over-clustering of the data points
generated by SMOTE.

The Latin Hypercube (LH) sampling method was adopted to explore the multidimen-
sional distribution of data augmentation by uniformly sampling multivariate data across
all dimensions. This method divides the entire range of each input variable into equal
probability intervals and randomly selects values from each interval, allowing for uniform
sampling across the range of variables. However, LH does not guarantee optimal sam-
ple placement and may result in data concentration when using non-uniform datasets. It
employs a space-filling method to distribute the points evenly [64,65].

The optimal Latin Hypercube (OLH) enhances uniformity and representation by max-
imizing the minimum distance between generated data points. This feature renders it valu-
able for high-dimensional analysis or complex simulations. However, the OLH consumes
substantial time and computational resources to generate data because it involves complex
calculations that consider high-dimensional spaces and distances between data points. An
illustration of the oversampling strategies is shown in Figure 2 to assist with visualization
conveying the pattern of the generated data. It shows the MC methods in the first row,
SMOTE method with 2 versions random sampling in the second and LH and OLH meth-
ods in the third.
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Figure 2. Illustration of various oversampling strategies.

This study focuses on widely used data augmentation techniques owing to their ac-
cessibility and potential applications. MC simulations are available in Oracle Crystal Ball
version 11.1.2.4.600 software, LH, and OLH as part of the design experiment function in
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Dassault Systems’ iSight R2019X software, whereas SMOTE and SMOTE-Tomek can be
applied through the Python package scikit-learn (sklearn).

2.3.1. Drawbacks of Virtual Data Point Generation

As suggested by the previous studies, prediction capability of known regression meth-
ods improves with an increase in data provided. However, this suggestion comes with a
caveat when using oversampling methods for generating sufficient virtual data for anal-
ysis. He and Garcia [66] comprehensively reviewed the state of development of solving
imbalanced problems at the time. Discussions on various sampling methods have men-
tioned powerful potential in solving the issue of an imbalanced dataset while recognizing
a definite risk in generating unrealistic data when thorough analysis of raw data is insuf-
ficient based on domain knowledge and experience. This is highlighted again in a study
by Ye et al. [67] where the issue of the data oversampling technique, SMOTE, is mentioned
explicitly where unnecessary generation of noise can occur when the initial data are not
processed appropriately prior to oversampling. Ye et al. [68] predicted wind power gen-
eration within an extreme environment where sample data are scarce due to difficulty in
collecting such data in dangerous situations. This issue was addressed with the use of
generative network algorithm to create virtual data points to establish accurate prediction
models. However, the study mentions the potential creation of an unrealistic dataset, caus-
ing the model to overfit to unrealistic data. The vast number of generated data may reflect
the original raw data but also would increase computation time due to the sheer number
of data to be computed.

Out of the several studies that applied oversampling methods across various disci-
plines, many have noted some of the drawbacks of using such an approach. Some of
these drawbacks include generation of unrealistic data, requirement of specialized domain
knowledge, generation of unnecessary noise, overfitting, increased computation time and
resource requirement, and complexity in validation. Despite this, all of the studies applied
this type of technique specifically for scenarios where data availability was restricted due to
various reasons respective to their field. The potential benefits far outweigh the drawbacks
when the oversampling methods are applied appropriately. Moreover, an investigation
on the appropriate oversampling methods is necessary to suit particular scenarios, such
as facade construction for a skyscraper. While past studies have investigated one specific
method of oversampling, such as time-series-based generative network [68], SMOTE [67],
and LH variants [64,65], there is a lack of studies where several methods are compared to
analyze the prediction performance. It is also necessary to acknowledge previously known
and validated methods, such as probability-based MC methods, while also investigating
more modern methods derived from different disciplines prone to data deficiency.

2.3.2. Probabilistic-Based Over-Sampling Techniques

To perform the MC simulation, the uncertainty in the variables was identified and
defined as the probability distribution. Random values were extracted by generating
random numbers from the defined probability distributions, and the resultant values
were calculated based on the generated scenarios. MC simple (MCS) is the simplest
method, randomly generating numbers between 0 and 1 and creating corresponding
random variables.

R N
=S L) @

where f denotes the function being integrated, x; are the random samples drawn from the
distribution, and N is the total number of samples.
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The MC descriptive (MCD) is similar to the LH technique in that the probability distri-
bution of each random variable is segmented into subsets of equal probability. However,
the analysis uniquely incorporates each subset that corresponds to a random variable ex-
actly once [69]. The MCD method follows the following formulas:

1 N
p= L X ©

= Ly )
TN & TH

where y is the population mean, o2 represents the population variance, and X; represents
the population values.

The Sobol sequence generates quasi-random, low-discrepancy sequences that are
used in MC simulations [70]. This method produced more evenly distributed sequences
than pure random sampling. The Monte Carlo Sobol (MCsobol) method follows
Formula (5):

1 N
I= [O/de(x)dx ~ Ni;f(xi) ®)
where N denotes the number of points in the Sobol sequence, and x; represents the points
generated by the Sobol sequence. Function, f, is the average of the functions evaluated at
a set of points, and d represents the level of the unit cube dimensions.

2.3.3. SMOTE and Variant

SMOTE was originally designed to mitigate class imbalance issues by leveraging the
concept of nearest neighbors [63]. Specifically, when dealing with a data point from a
minority class, SMOTE identifies n nearest neighbors belonging to the same class, which
are considered to have equal weights and are instrumental in constructing a straight
line. Subsequently, random synthetic data are generated along this line until a bal-
anced class distribution is achieved. The choice of employing SMOTE over alternative
methods in unstructured big data scenarios stems from its ability to generate synthetic
data derived from existing instances, thereby minimizing the potential introduction of
erroneous information.

This study applies SMOTE oversampling to a single dataset for expansion, as shown
in Formula (6).

Ci Gyl

., G (6)

(Vi V) =Y
i=1

where Vj and V), represent the respective feature values, and C; denotes their sum. Ad-
ditionally, Cy; signifies the characteristic value, V;, specific to class i. Cp; and C; follow
similar rules: The constant, k, is typically assigned the value of 1.

The SMOTE-Tomek (SMOTEt) technique is an under-sampling approach designed
to clarify the ambiguous boundaries in a dataset by partially removing most data [71]. For
each minority data point, x;, located near the boundary between the majority and minority
data, if there is no x, such that the distance d (xj, xg) is smaller than the distance d(x;, xj)
to a majority data point x;, then the relationship between x; and x; is defined as a Tomek
link. A majority of data x; were subsequently removed from the Tomek link data. This
method enhances the distinction between the dataset boundaries by selectively reducing
the number of nearby majority samples. SMOTE-Tomek improves a classifier’s ability to
recognize minority data.
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2.3.4. LH Over-Sampling Technique

LHS ensures uniform consideration of the dataset range over the probability distri-
bution. This approach involved dividing each axis parameter equally, thereby creating
hypercubes of identical sizes within the range of each axis [72]. Sampling was then con-
ducted randomly within each cube, as shown in Formula (7):

i —1+R;
xhi:Fl{(l”],i:L...,n @)
n
where R; denotes an independent random uniform in [0,1]; i = 1,...,n; and F’l(R),

R € (0,1) is the inverse transform for the modelled particular input distribution.

The random nature of LHS sampling may only partially reflect the dataset character-
istics. This could induce correlations within the samples generated within each hypercube
that were not present in the raw dataset. The OLHS was proposed to overcome these
limitations by optimizing the spacing between the sampled data [73]. The optimization
technique primarily focuses on maximizing the distance between data points, as given by
Formula (8):

Min U = Min Z 2 Li ®)
p=1g=p+1
where U is the potential energy, p and g represent the points from the data, and L, repre-
sents the distance between points p and q.

Maximizing the entropy between raw and generated data is a crucial concept of the
OLH. There are several methods to achieve this goal, such as the integrated mean squared
error (MSE) or maximization of the closest distance between the raw and generated sam-
ples [74]. In the context of experiments (DOE) within a d-dimensional parameter dataset,
a set of n samples can be formalized as S = {x;; }, where x; is a vector representing the i-th
sample. Each component, x;;, of vector x; pertains to the j-th dimension and is constrained
toset {1,2,3,...,n}. The x;; represents the permutation of the integers. The pairwise cor-
relation coefficient, rij, is expressed as follows:

¥ (xi — )(]k j)

\/Z(Xik - 7i>22<xjk - 7]‘)2

The OLH calculates the optimal ;; by switching the pairs. It enhances data quality by

©)

1’,']‘

selecting the best samples from the data generated by the LH method [75].

2.3.5. Statistical Performance Criteria

R?, also known as the coefficient of determination, is the squared of the Pearson cor-
relation, denoted by Formula (10). This signifies the average proportion of variation in the
dependent variable that can be anticipated from the independent variable.

R 21 lK(xzﬂ )(yl_y)
T T

where x; represents a specific value of the independent variable, and X denotes the average

(10)

of the independent variable.
The mean squared error (MSE) is a prevalent statistical and ML metric that quantifies
the average squared disparity between predicted and actual values. A smaller MSE indi-
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cates proximity to the actual values, whereas a larger MSE indicates a greater deviation in
the model’s predictions. The MSE form is expressed as follows:

1 n
MSE = 3 (yi — 4)° (11)
i=1

where 1 is the total number of data points, y; is the actual value, and ; is the predicted value.
Mean absolute error (MAE), a widely used metric in statistics and ML, aims to quan-
tify the average absolute difference between predicted and actual values. It assesses errors

in paired observations representing the same phenomenon and finds typical applications
in time-series analyses [76].

1¢ R
MAE = -} [yi — §il (12)
i=1

The mean absolute percentage error (MAPE) is a metric used to assess the accuracy of
forecasting or predictive models. It calculates the average absolute percentage difference
between the predicted and actual values and is expressed as a percentage of the actual
values. Additionally, it can be used for data assessment [77]. The MAPE is expressed
as follows:

Ye —VYi

Yi

n
MAPE = @Z

i=1

(13)

This study aims to investigate the efficacy of various data augmentation techniques for
improving the accuracy of predicting skyscraper curtain wall construction duration. The
augmented dataset is validated in two phases: validating the augmented dataset through
data distribution using the raw dataset and investigating which data augmentation method
is suitable for the regression model performed. Based on the properties of each data aug-
mentation technique, the specific research questions were as follows: (1) Which augmented
dataset performs best in estimating the skyscraper curtain wall construction duration?
(2) Which SVR kernel yields the best prediction performance with an augmented dataset?

3. Methodology
3.1. Research Framework

Data from 15 skyscraper-building curtain wall construction projects were collected to
predict or estimate the duration of the curtain wall construction. This study comprised
two phases. The first phase analyzes various oversampling techniques employed in other
engineering fields. For example, oversampling techniques are commonly employed in the
design of experiments and sensitivity analyses, typically for the parametric studies of me-
chanical scenarios. Moreover, probabilistic methods are frequently employed to estimate
managerial factors such as cost contingency and building-construction duration. Recently,
oversampling techniques have been developed for the ML and deep learning sectors to ad-
dress imbalanced datasets. Consequently, it is imperative to investigate multidisciplinary
oversampling methods further, particularly when data availability is limited.

The dataset used in this study was split into an 8:2 ratio, producing 3 and 12 data
points for testing and training, respectively. This step is particularly significant because
the test data were strictly isolated from the regression processes to eliminate the risk of
influence. Owing to a lack of data, the training data were oversampled using various tech-
niques frequently employed in other fields of study. The oversampling techniques adopted
in this study included LH, OLH, MCs, MCd, MCsobol, SMOTE, and SMOTEt.

A box plot was generated using the OriginPro 2016 statistical function to analyze the
virtual data. The box plot visually represents the median, interquartile range, minimum
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and maximum values, and outliers. This provides a visual summary of the data represen-
tation, quickly showing the mean value and dispersion of the generated data.

The virtual data were then used in novel regression techniques. This study applies
SVR linear, polynomial, and radial basis functions (RBFs) to the oversampled data. The
regression models were evaluated using four model performance metrics: R? score, MSE,
MAE, and MAPE. The overall research flow is shown in Figure 3.

Data collection
(n=15)

Split data

Train data
(n=12)

Phase 2:
Machine learning
regression
Phase 1: Oversampling (n = 500) Suppon vector
Latin hypercube Optimal latin MC simple regression: linear
(n = 500) hypercube (n = 500)
(n =500)
J—V Support vector
MC descriptive MC sobol oveﬁ-?a?r;rplfing ':cﬂ;iisrﬁg;
(n =500) (n =500) (n = 500)
SMOTEtomek Support vector
(n =500) regression: radial
basis function
Model performance evaluation
Test data o R? score MSE
7 (n=3) 7
MAE MAPE

<>

3.2. Data Collection for Curtain Wall Construction in High-Rise Buildings

Figure 3. Research flowchart.

In this study, raw data were collected from 15 completed skyscrapers in South Korea
to estimate the construction period of skyscraper curtain walls. These projects pertain to
skyscraper curtain wall construction spanning more than 50 floors. The collected data
included floors, mock-ups, production, construction per floor, and post-construction data,
as listed in Table 1.

Table 1. Collected raw data for skyscraper curtain wall construction.

Case Floors Mock-Up Production Construction Post-Construction
per Floor
1 51 124 118 608/51 60
2 53 51 111 314/53 60
3 51 75 46 361/51 60
4 53 125 140 446/53 113
5 63 122 232 529/63 137
6 68 87 127 365/68 56
7 59 87 161 394/59 70
8 69 184 92 604/69 70
9 69 184 51 613/69 70
10 53 70 53 605/53 70
11 69 128 242 521/69 20
12 72 145 32 535/72 76
13 85 137 75 365/85 31
14 85 93 80 381/85 136

15 101 161 51 507/101 72
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Of the 15 collected datasets, 12 were used as training data, and 3 were designated for
testing. The training data were subjected to various oversampling and data augmentation
techniques, expanding the dataset to 500 instances, representing the 12 original datasets,
as shown in Figure 4. The black squares shown in Figure 4 represent the training data, and
the red circles denote the test data.

1100

|l | = Traindata
™ e Testdata | g
£ 1000 -
©
2 °
-§ 900 | = "
©
=}
e °
é 800 ] - -
°
=
0 | |
2 700 - .
Is]
o
= | |
© 600 - [ ]
'—
He
500 1 1 1 1 1 1
40 50 60 70 80 90 100

Number of floors

Figure 4. Scatterplot of collected raw data.

3.3. Data Oversampling and Augmentation

In this study, seven oversampling strategies were executed on the limited curtain wall
construction data for a skyscraper to generate 500 virtual data points. For Latin Hyper-
cube strategies, the required inputs are the minimum and maximum values for each task,
such as mock-up, production, construction per floor, and post-construction, which provide
the appropriate boundaries for the oversampling process. For probabilistic oversampling
methods, such as MC, a standard normal distribution is applied using the mean, standard
deviation, and coefficient of variance as input values for the respective tasks. Conversely,
for the SMOTE-based strategies, the total construction duration was calculated based on
the previously mentioned formula before oversampling. This is necessary because of the
nature of the SMOTE strategies. It requires dependent and independent variables to estab-
lish connections between datasets. In this study, LH and SMOTE variants of oversampling
techniques were implemented using Python 3.10, with Scipy 1.12.0 used for LH and OLH
and Scikit-learn 0.12.0 employed for SMOTE-based strategies. As mentioned previously,
three variants of MC sampling were performed using Oracle, a popular project manage-
ment software. Note that all oversampling methods employed in this study are proven
methods that are openly and commercially available.

4. Results

This section presents the results of this two-phase study. The first phase displays
the outcomes of the data augmentation techniques, where a scatterplot provides a concise
visual observation. In addition, a box plotis included to provide an overview of the dataset.
The graphs in this section were generated using OriginPro 2016.

4.1. Phase 1: Data Oversampling and Augmentation

The data generated from the various oversampling strategies are shown in Figure 5,
which shows a scatterplot of the 500 virtual data points, along with the 13 original training
data points. Overall, all the virtual datasets were closely aligned with the training dataset,
with no discernible boundaries between the virtual and original datasets. Close examina-
tion revealed that the LH, OLH, and SMOTE variants consistently produced virtual data
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points within the boundary of the original dataset. Conversely, probabilistic methods tend

to exhibit a wider spread owing to the nature of probabilistic sampling methods.
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Figure 5. Scatterplot of virtually generated data against original data.

Figure 6 shows a box plot illustrating the data distribution by comparing the original

training dataset with the generated virtual dataset. Overall, all the oversampling tech-

niques effectively represent the original data. Note that the MC strategies exhibit the best

representation of the original data, accompanied by an increase in the interquartile range,
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which is consistent with the scatterplot shown in Figure 5. The LH and OLH oversampling
methods demonstrated a general increase in the data distribution, with a higher maximum
than minimum range. In contrast, SMOTE-based oversampling methods exhibit smaller
interquartile ranges and median values.
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Figure 6. Box plot of the original data and the oversampling techniques.

4.2. Phase 2: ML-Based Regression

In this phase, an ML-based regression called SVR was conducted. Three types of
SVR kernels were used, which are commercially available in SciKit-Learn 1.4.1. The SVR
kernels used in this study were linear, polynomial (n = 3), and RBF. The graphs include
kernels with different lines of different styles representing the regression models produced
by SVR. Prior to regression, the data were normalized using a standard scalar function to
facilitate computing power and produce more accurate results.

Figure 7 shows the three SVR kernels, linear, polynomial, and radial basis function,
plotted using OriginPro 2016. The x-axis represents the normalized number of floors,
whereas the y-axis depicts the normalized total construction duration. This figure illus-
trates that the MC oversampling techniques generally result in a broad range of regres-
sion models. In addition, the figure includes the testing data randomly extracted from the
15 collected raw datasets. Despite not influencing virtual data generation, the test data
align closely with the generated regression models. All regression models exhibited a sim-
ilar skew, indicating the proximity of the generated virtual data.
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Figure 7. SVR regression models respective to linear (left), polynomial (center), and RBF
(right) kernels.
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In general, all three graphs show that the probabilistic method of Monte Carlo pro-
vides the widest band of predictions. Based on the visual analysis, RBF kernels best repre-
sented the diminutive real data compared to the other kernels where the model fitted had
the least amount of variation. The linear kernel showcased the most appropriate trend
model, as both the polynomial and radial basis function showed a decrease in construc-
tion duration past the midpoint of the model, which is clearly not realistic. Moreover, all
of the oversampling methods showed overlap, representing the similarity of the virtual
datapoints despite the different methods used.

5. Conclusions
5.1. Research Findings

The findings indicate that MC probabilistic sampling methods have emerged as the
optimal choice among the various oversampling techniques, primarily due to their ability
to generate data points that extend beyond the boundaries of the original training dataset.
Among the three sampling methods, simple, descriptive, and Sobol sampling, each was
paired with its respective SVR techniques of linear, polynomial, and RBF kernels, and
notable performance improvements were observed. The Pearson correlation coefficients
exhibited consistently high values across the different sampling methodologies, confirm-
ing the viability of oversampling methodologies for enhancing the predictive capacity of
small datasets. These results have substantial implications for the project management
sector, particularly in facilitating accurate estimations of unique construction projects.

For the linear SVR kernel, the descriptive sampling method of the MC technique ex-
hibited Pearson correlation, MSE, MAPE, and MAE values of 0.99997, 0.0001, 0.0094, and
0.0234, respectively. These results, evaluated against static-based performance criteria,
demonstrated superior performance compared with other oversampling methods. Con-
versely, the least effective oversampling method was the SMOTE technique, with Pearson
correlation, MSE, MAPE, and MAE values of 0.9896, 0.0104, 0.0563, and 0.0690, respec-
tively. It displayed the highest MSE and MAE values and the lowest Pearson correlation
values, indicating a comparatively lower reliability. However, considering the minimal
difference of approximately 0.01 between the best-performing and worst-performing over-
sampling techniques, it remains a viable strategy for dealing with limited amounts of data.

For the polynomial SVR kernel with an order of three, the Sobol sampling method
of the MC technique demonstrated the most favorable outcomes, achieving statistical per-
formance criteria of 0.9999, 0.0001, 0.0094, and 0.0234 for the Pearson correlation, MSE,
MAPE, and MAE, respectively. Conversely, the poorest-performing oversampling method
mirrored that of the linear SVR kernel, with the corresponding Pearson correlation, MSE,
MAPE, and MAE values of 0.9962, 0.0038, 0.0551, and 0.0690, respectively. The SVR RBF
kernel analysis revealed that the simple MC sampling method yielded the most favor-
able results, whereas the LH sampling method performed the least effectively. The re-
spective performance criteria values for the Pearson correlation, MSE, MAPE, and MAE
were 0.9993, 0.0007, 0.0293, and 0.0260, whereas the worst-performing values were 0.9844,
0.0156, 0.1515, and 0.1234, respectively.

The original testing dataset was incorporated into the regression methods to establish
a benchmark. Overall, the performance criteria of all oversampling methods closely par-
alleled those of raw data regression, thus confirming the feasibility of using oversampling
techniques to generate virtual data based on real original data. Further analysis confirmed
that the SMOTE and LH techniques were less suitable for predicting the skyscraper cur-
tain wall construction duration. In particular, SMOTE in the SVR linear and RBF kernels
and the LH and OLH methods in the SVR polynomial kernel worsened the estimation per-
formance. Although SMOTE aims to address classification challenges by correcting data
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imbalances, regression problems persist [78]. However, this method cannot be ignored be-
cause it produces moderately reliable results. Aslisted in Table 2, the SMOTE and SMOTEt
methods yield more efficient results when combined with the SVR polynomial kernel. Con-
sequently, a data augmentation method that considers the probability distribution is the
most suitable for estimating skyscraper curtain wall construction duration.

Table 2. Statistical performance criteria for SVR by each kernel.

Kernel Case R2 MSE MAPE MAE
Raw 0.9939 0.0061 0.0470 0.0554
LH 0.9962 0.0038 0.0538 0.0540
OLH 0.9980 0.0020 0.0199 0.0269
. MC's 0.9998 0.0002 0.0149 0.0136
Linear MCd 0.99997 0.00003 0.00523 0.00521
MC Sobol 0.9994 0.0006 0.0281 0.0234
SMOTE 0.9896 0.0104 0.0563 0.0690
SMOTE-Tomek  0.9954 0.0046 0.0402 0.0477
Raw 0.9593 0.0407 0.1876 0.0554
LH 0.9812 0.0188 0.1345 0.0540
OLH 0.9853 0.0147 0.1208 0.0269
Polynomial MC's 0.9965 0.0035 0.0592 0.0136
(n=3) MCd 0.99709 0.00291 0.04866 0.00521
MC Sobol 0.9999 0.0001 0.0094 0.0234
SMOTE 0.9962 0.0038 0.0551 0.0690
SMOTE-Tomek  0.9990 0.0010 0.0299 0.0477
Raw 0.9934 0.0066 0.0660 0.0685
LH 0.9844 0.0156 0.1515 0.1234
OLH 0.9864 0.0136 0.1380 0.1167
MC s 0.9993 0.0007 0.0293 0.0260
Rbf MC d 099529  0.00471  0.06244 0.06156
MC Sobol 0.9996 0.0004 0.0224 0.0194
SMOTE 0.9926 0.0074 0.1047 0.0797
SMOTE-Tomek  0.9985 0.0015 0.0439 0.0382

Most appropriate oversampling method according to statistical performance criteria marked as bold.

5.2. Discussion

This study explored research questions regarding the application of data augmenta-
tion techniques in predicting the skyscraper curtain wall construction duration. This re-
search is necessary to overcome limitations for building projects where data availability
is scarce. The approach used in this research is to implement well-known oversampling
or data augmentation techniques to create virtual data frequently used in performing sim-
ulation, optimization, or Al within the field of engineering and machine learning-based
computer vision.

The results indicate that the MC method is the most appropriate estimation technique.
Out of the numerous methods of oversampling, MC-based sampling is the only probabilis-
tic method explored. The reason for the most appropriate fitting compared to the other
methods derives from this, where the boundaries also seen to have increased. One of the
biggest advantages of the probabilistic method is that it reaches beyond the boundaries
restricted by the raw dataset. Furthermore, it is also able to cover realistic and unrealistic
scenarios that expand toward likely scenarios, unlike the Latin Hypercube and SMOTE
methods, which only oversample systematically, despite being popular methods for opti-
mization in engineering and solving data imbalance issues in Al learning fields. Focusing
on the best performing oversampling method for each kernel, there was an increase in per-
formance criteria respective to the kernels. The results show that the most appropriate
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oversampling method differed for each kernel. MC descriptive, MC Sobol, and MC sim-
ple produced the best Pearson correlation value for linear, polynomial, and RBF kernels,
respectively. They increased the performance criteria by 0.611%, 4.232%, and 0.594% when
compared to the raw data, showing that oversampling methods generally improved the
modelling capability.

In addition, the SVR linear model was the best regression model for predicting the
skyscraper curtain wall construction duration as found from comparing the average of the
statistical performance criteria across the sampling methods. Linear, polynomial, and RBF
kernels each had 0.997, 0.989, and 0.994 Pearson correlation values, respectively. Other
performance criteria followed the Pearson correlation.

These insights highlight the suitability of each data augmentation method based on
the analysis results and properties. It offers the feasibility of applying data augmentation
to overcome scant samples in construction duration estimations, such as skyscrapers or
other specialized construction projects.

5.3. Limitations and Future Works

This study collected data from the curtain wall constructions of 15 skyscrapers in
South Korea to conduct experimental research and identified the most suitable oversam-
pling techniques by comparing methods from engineering disciplines. It was conducted
in two phases. The first phase involved the application of oversampling techniques and
data distribution analysis. The second phase applied ML-based regression techniques to
analyze the feasibility of oversampled virtual datasets.

The relationship between data augmentation techniques and regression models re-
quires further exploration. Each regression model has unique properties addressing spe-
cific challenges. Understanding the properties of each regression model is crucial for iden-
tifying the most suitable data augmentation method for estimating construction duration.
Further studies are required to investigate this type of research more extensively using
larger datasets. Issues from the previous studies exist in this study where potential unnec-
essary data generation could cause an issue of overfitting the regression models. There
is a need for future study that could potentially filter useful data from unnecessary ones
that would, consequently, potentially save computation related resources. In addition, to
produce more accurate estimates, unworkable days, labor force, construction machinery,
material supply chain, and other resource factors that can cause short- and long-term con-
struction delays should be included in the original data that can be further researched to
find a potential solution.
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