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11 Abstract

12 With the rise of high-rise building projects, tower crane layout planning (TCLP) is increasingly
13 crucial to avoid costs, safety issues, and productivity deficiencies. Current optimization approaches
14 require manual data extraction and become more complex as projects grow. To further alleviate the
15  planning burden, an automatic TCLP system is proposed, using a generative adversarial network
16  (GAN) called CraneGAN. It generates tower crane layouts from drawing inputs, eliminating the
17  need for manual information extraction. CraneGAN is trained on a high-quality dataset and
18  evaluated based on computational and transportation times. By adjusting hyperparameters and
19  applying data augmentation, CraneGAN achieves robust and efficient results compared to genetic
20  algorithms (GA) and the exact analytics method. After validating through a numerical analysis for
21  construction projects, this proposed approach overcomes complexity limitations and streamlines the
22  manual data extraction process to a better facilitate layout planning decision-making.
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Highlights:

e An image-based automatic tower crane layout planning approach is proposed;

¢  Ahighly scalable crane layout prediction network, CraneGAN, is developed,

e The results of CraneGAN in transportation time outperformed GA in 66.67% of cases;
o Taking images as input also saves manual data extraction time for planning preparation;

e CraneGAN prediction remains in polynomial time while maintaining the layout quality.
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1. Introduction

Rapid urbanization has increased the number of high-rise residential buildings in city areas [1].
As crucial transportation machines in high-rise building construction projects, tower cranes deliver
construction components, temporary machinery, or materials vertically and horizontally, governing
the installation and construction schedule [2][3]. According to the statistics from Rider Levett
Bucknall (RLB), the number of operation tower cranes in 14 major cities across the U.S. and Canada
increased 7.04% in Quarter 1 (Q1) 2023, -0.62% in Q3 2022 and 4.50% in Q1 2022, compared with
itin Q3 2022, Q1 2022 and Q3 2021 separately [4]. Despite the temporary impact of the Covid-19
pandemic on the construction market, the available data indicates a recovery in the construction
sector and an upward trajectory in the utilization of tower cranes. Proper tower crane layout planning
(TCLP) can accelerate the construction process by reducing transportation time to improve
transportation efficiency and avoiding secondary handling to save construction costs [5][6]. In the
construction process, contractors mainly rely on their experience to decide on a tower crane's
location, which sometimes leads to significant deviations in the decision quality when facing various
building layouts or newly involved lifting approaches, such as modular construction [7]. Therefore,
efficiently solving TCLP problems in high-rise building construction projects is a crucial and
practical scientific problem. Currently, scholars are applying mathematical approaches to obtain the
optimal locations of tower cranes. Those approaches systematically consider diverse site situations
and constraints to address the TCLP challenge, further aiding in the decision-making that was
previously done empirically.

With the development of many mathematical theories and computer-aided algorithms, TCLP
problems are being solved with improved outcomes, primarily through optimization approaches [8].
The optimization approaches used in TCLP problems can be categorized into analytical and
numerical approaches. The former includes the branch-and-bound method and dynamic
programming, taking considerable computing time to traverse possible solutions and come up with
optimal outcomes based on the given constraints [9]. The solutions are precise in achieving planned
objectives, while the main drawbacks are their time-consuming processes and inflexibility to change.
To overcome such drawbacks, numerical approaches, such as metaheuristics (e.g., genetic algorithm
(GA) [10], and firefly algorithm (FA) [11]) and hybrid-metaheuristics algorithms (e.g., an artificial
neural network (ANN)-GA method [12] and the particle bee algorithm (PBA) [13]), are used to find
near-optimal solutions within tolerable computational time. These algorithms were fast when
performing optimization calculations but had unstable accuracies and success rates. The
computational time increased exponentially when facing large-scale and high-complexity cases.
These issues make them unable to realize real-time and flexible solutions. In addition, with all those
solutions, explicit manual data input of construction projects is required, which usually takes hours
for a skilled operator to complete.

To overcome the aforementioned challenges, the latest deep learning approaches can be a future
improvement for solely or cooperatively solving crane layout problems. A generative adversarial
network (GAN) consists of generator and discriminator models to generate realistic synthetic
information with the desired style on images and videos [14]. GANs have been successfully adopted
for various design tasks, such as automated architectural home design [15], interior layout design
[16], and shear wall design [17]. They all showed promising problem-solving results in planning
efficiency and effectiveness. This reveals that GANSs are able to learn the design or planning patterns
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based on the graphical input instead of those with exact analytical information, simplifying and
accelerating the utilization process. In construction, two-dimensional (2D) drawings are still the
mainstream visualization and communication aids for engineers in construction design [18]. Hence,
this study proposes a GAN-based automatic TCLP system to improve planning efficiency and
performance by learning from existing layout planning drawings for minimal transportation time. A
developed GAN network, CraneGAN, was trained among the system and evaluated with the existing
heuristic optimization approach to determine its performance. A numerical analysis was applied for
the system validation. Hyper-parameter adjustment and data augmentation were applied in
CraneGAN, further improving the TCLP design. This study explored the application of advanced
computer vision technology (GAN) in construction engineering problems (TCLP), improving
reliability in engineering decision-making.

The remaining sections of the paper are organized as follows: Section 2 reviews the existing
TCLP methods and automated design technologies. Section 3 illustrates the proposed framework
and architecture of the CraneGAN-based automatic TCLP system. Section 4 elaborates on the
implementation and evaluation of CraneGAN. Section 5 presents a real case application based on
the uses of the proposed system. Section 6 discusses the improvements of the CraneGAN
performance by hyper-parameter adjustment and data augmentation and whether the case
complexity can affect the CraneGAN performance. Finally, Section 7 presents the key findings and
future research directions.

2. Literature Review

2.1 Technologies for Tower Crane Layout Planning (TCLP)

TCLP is one of the construction site layout planning problems required to determine the tower
crane layout considering complicated construction situations under specific optimization objectives
and constraints, such as a limited material supply area, crane capacity, and operation range [19]. To
quantify this problem, TCLP problems are usually formed as mathematical models with objective
functions to seek time, cost, or safety optimality under various constraints. In 1984, a dynamic
programming model was proposed to find tower cranes' optimal selection and location based on
their rental costs [9]. Later, mixed integer programming (MIP) [5], mixed integer linear
programming (MILP), [25] and binary mixed integer linear programming (BMILP) [26] models
were introduced to formulate TCLP problems with constraints and objectives to minimize the travel
time or costs. Realizing the minimal transportation time and crane operating costs are the current
mainstream optimization objectives. The minimal transportation time is determined based on the
crane hook movement, and the minimum total operating costs are calculated by multiplying the
transportation time by the cost per unit time [25]. Given that transportation time is a positive
influencing factor of the operation cost, it is usually selected as the sole optimization objective for
TCLP studies. For constructing a mathematical model of the TCLP problem, the composition of the
constraints, influencing factors, and optimization objectives gradually become comprehensive with
research development.

Many optimization approaches have been used to find the exact and approximate optimal
layout for tower cranes. The branch-and-bound method was introduced to obtain the exact optimal
planning results considering the priority for urgent materials and the minimal time for traversing all

possible locations [26]. To further reduce the computational time, metaheuristics and hybrid-
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metaheuristics algorithms have been used to find the near-optimal layout within a tolerable time
consumption. The GA is a commonly used algorithm for obtaining the near-optimal tower crane
layout [10]. Based on the objective of a minimal cost, Tam et al. [28] and Tam and Tong [12] applied
the GA to determine the layout both for the tower crane and the material supply area. Marzouk and
Abubakr [10] utilized the GA to address TCLP problems by minimizing the transportation time and
the crane operational and rental costs separately.

In addition to the GA, Wang et al. [11] proposed an automated TCLP system by applying the
firefly algorithm (FA). In 2018, Ali et al. [29] proposed four newly developed metaheuristic
algorithms for TCLP: colliding bodies optimization (CBO), enhanced colliding bodies optimization
(ECBO), vibrating particles system (VPS), and enhanced vibrating particles system (EVPS). ECBO
performed better than the other three methods. In 2020, an upgraded sine cosine algorithm (USCA)
was used to obtain the optimal locations of cranes by adding agent memory and a harmony-search-
based side constraint approach. A comparison with the results of the PSO, VPS, CBO, whale
optimization algorithm (WOA), slap swarm algorithm (SSA), and sine cosine algorithm (SCA)
showed that the USCA had a faster convergence speed and superior stability [30].

Hybrid-metaheuristics algorithms have also been applied. In 2002, an ANN-GA approach was
utilized. The ANN was introduced as a method to predict the non-linear crane operation time based
on specific factors, such as the loading point, angular movement, weight, and hoisting height. The
GA was still used to find the optimal layout of tower cranes [11]. In 2014, particle bee algorithm
(PBA), which combined honeybees (bee algorithm, BA) and birds (particle swarm optimization,
PSO), was introduced to minimize crane operating costs by determining the locations of tower
cranes [13].

In addition, several scholars integrated mathematical and simulation approaches to visualize
and evaluate their proposed TCLPs. After obtaining calculated TCLP, Building Information
Modeling (BIM)-based simulation was used to visualize and assess the results for avoiding collision
during lifting [11]. Agent-based simulation (ABS) model was also used to evaluate the interaction
of tower cranes, material supply locations, lifting tasks, and other agents for optimal combinations
of tower crane layouts [23]. Further, a Java-based ABS tool was developed for crane operation planning
in overlapping areas [31]. To involve users in the planning process, a virtual reality (VR) tool was
introduced in TCLP for human-in-the-loop simulation, integrating multi-criteria and dynamic situations
during crane layout planning for high-rise modular construction [32]. Moreover, reinforcement learning
(RL)-based simulation approach was applied in tower crane-related tasks in 3D virtual environment with
six modeling strategies to train the RL agent, enhancing the guidance of crane lifting [33]. Those
simulation-based approaches required existing BIM models for construction projects and exact
manual input involved. In addition, the human-in-the-loop simulation needs experts to guarantee
the decision quality of TCLP.

Overall, the uses of the aforementioned optimization algorithms were based on input accurately
extracted data from building targets and related site environments, which is a labor-intensive
collection task and challenging to automate. In addition, when dealing with large-scale and high-
complexity constructions, the computational time grows exponentially. Therefore, applying an
image-based decision-making approach instead of exact model forming and solving is a reasonable
and workable approach to avoid massive data collection efforts, potentially improving the decision
efficiency.
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2.2 Generative Adversarial Network (GAN) and Image-to-Image Translation

A GAN is a deep learning framework that has contributed to numerous computer vision
problems [34], such as image generation [35], video generation [36], image translation [37], and
auto-design [38]. Generally, a GAN model includes a generator and a discriminator with their
corresponding neural networks learning from a labeled dataset [39]. For example, with image
generation, the generator aims to produce a synthetic image that is similar to real images in the
labeled dataset, while the discriminator attempts to distinguish whether the synthetic image is really
a fake image [40]. Such adversarial activities during the iterative network training processes
improve the realism level of the image synthesis and finally result in an image generated with
relatively rich realistic features [41]. Specifically, the generator is trained to learn a probability-
distributed pattern so that it can generate different synthetic images to trick the discriminator. After
introducing probabilistic noise, a synthetic image is generated with a certain probability. At the same
time, based on the labeled dataset with real images, the discriminator also learns a probability-
distributed pattern that can calculate a loss that reflects the similarity between the input image (either
synthetic or real image) and the real image. The loss will cause the generator to update its own
probability distribution. Once the discriminator and generator reach the set number of epochs or the
set loss, the training will stop [42].

Image-to-image translation is a task of computer vision that converts an input image to another
desired image style, such as transferring a real image to a cotton style or changing a person's facial
expression from joy to frustration [14]. Therefore, the generation process needs to be more
controllable to realize style transfer. However, the main aim of a plain GAN is to make the synthetic
images more realistic, and it is hardly restricted to images with a certain style or content. Conditional
GAN (CGAN) was thus proposed and became the main generation paradigm that could realize
category-specific image generation. Compared with plain GANs, the CGAN generator model input
consists of a random noise vector and a conditional vector (e.g., an image of a face waiting for its
expression to be changed) [39][44]. Pix2pix is a special CGAN framework that reduces the noise
input and uses paired datasets, showing remarkable results for image-to-image translation tasks [14].
Later, pix2pixHD was proposed to generate more refined and precise images with multi-scaled
discriminators and a coarse-to-fine generator [54]. Paired data (e.g., a real image plus its desired
style-transferred one) enables the CGAN to accurately learn the matching relationships between the
data with less data consumption. However, there is poor data accessibility in many tasks. To address
this problem, several frameworks, including CycleGAN [45], discover cross-domain relations with
GAN (DiscoGAN) [46] and dual GAN [47], were proposed to adapt to unpaired image-to-image
translation. For a TCLP, paired datasets can be scientifically and easily obtained by planning
documents to improve training accuracy. Therefore, the pix2pix and pix2pixHD frameworks were
selected in this study, and the generator and discriminator were trained based on paired databases.

Based on existing studies, many scholars have focused on obtaining a near-optimal location
for the tower crane in a shorter computational time. Several emerging optimization algorithms with
the objective of saving time were also applied to address this problem and performed well. However,
these applied optimization technologies were based on the input of exact characteristic data of
buildings and their components' properties, which requires information to be extracted from
documents manually. The extraction procedure is time-consuming, and due to different design
intentions and drawing styles, it is sometimes difficult to directly obtain precise information based
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on computer-aided design (CAD) documents. Therefore, in this research, an image-based automatic
TCLP system is proposed, which uses a GAN-based framework to realize the automated design of
a tower crane installation location to save data retrieval efforts from the existing construction
documentation.
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3. CraneGAN-Based Automatic Tower Crane Layout Planning

System

3.1 Planning Process

The construction site layout is a complex design problem for generating reasonable layout
arrangements for the production and temporary facilities at the construction site with a specific
execution sequence [50] [51]. After obtaining the original information required for the design of the
construction site layout (such as the building plan and construction conditions), the location of
vertical transportation machinery needs to be prioritized and determined. It is because they
significantly affect the location of the on-site sidewalk, mixing plant, and other temporary facilities.
A tower crane is one of the vertical transportation machinery. This prudent technical decision-
making issue strives to determine the tower crane's type, number, and optimal location based on
construction objectives considering various constraints [51]. The essential decision process of TCLP
problem solving is shown in Fig. 1. The building plan, construction conditions, schedule, and
resources are known information ahead of the decision-making process. Firstly, the content of TCLP
is identified, which mainly determines potential types, numbers, and optimal layouts of tower cranes.
Then, the objectives of TCLP are identified from the construction cost, efficiency, and safety
perspectives based on the project's requirements. Thirdly, main detailed constraints are explored to
achieve those objectives, including economic, technical, and safety constraints. To quantify these
constraints, the crucial influencing factors, such as construction height limitations, are considered
to facilitate setting up the boundary conditions of the TCLP. In actual construction site layout
planning, the location of the tower crane is determined advanced to maximize the coverage of the
project operations, not only the building construction area but also the material processing,
unloading, and material storage areas. Other temporary equipment, such as construction hoists and
steel processing yards, will be arranged afterward. Considering the potential influencing factors, a
series of alternative solutions for TCLP can be generated. Finally, the optimal TCLP is selected
based on the above construction objectives. This study considers the required objectives, constraints,
and essential influencing factors in the dataset generation phase, leading CraneGAN to learn the

layout planning patterns to generate proper plans in practical cases further.
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Fig. 1 Flowchart of the tower crane layout planning (TCLP) process

3.2 Framework

In this study, a CraneGAN-based automatic TCLP system is proposed, which can ease the data
collection efforts through direct utilization of construction drawings and tackle the exponentially
increasing processing complexity. As shown in Fig. 2, the automatic TCLP system consists of three
parts: I. Extraction - The lifting task information is extracted from CAD drawings of construction
site conditions, building plans, and the potential tower crane installation options identified to form
pending design images for layout planning; II. Generation - The trained CraneGAN is applied to
predict a workable tower crane layout based on the massive dataset training and improvement
approaches with the pending design images as input. III. Identification - The generated tower crane
layout from Part II. is identified, evaluated, and finally visualized in a clear image. Once the
generated tower crane layout cannot be identified or evaluated as a failed drawing, it will force
CraneGAN to generate another plan until it is qualified.

The proposed system combines image-based data collection with the well-trained CraneGAN
to obtain an appropriate tower crane layout. The primary aspect of this approach is that it transfers
the TCLP problem into an image-to-image translation problem instead of mathematical model

calculation, which avoids manual construction data collection and potential complexity scaling
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problems. In addition, the objectives and constraints of the generated tower crane layout depend on
the training dataset of CraneGAN, which can be extended and replaced. Therefore, this proposed
system is an extensible framework that can provide reliable and acceptable results based on different
objectives and constraints for construction managers and contractors, supporting further layout
planning decision-making.
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Fig. 2 Framework of the automatic tower crane layout planning (TCLP) system

3.3 Part I: Extraction

For high-rise buildings, tower cranes are usually located at the elevator shafts for better internal
climbing or attached outside of the buildings on the land with good bearing capacity to complete
transportation tasks [62]. Also, construction sites sometimes have temporary facilities with pre-
determined locations, resulting in cranes that can only be positioned in a defined area. Moreover, a
crane lift task mainly consists of four essential elements, including cranes, construction components
for transportation, and the load and unload places when calculating the hook transportation time
[50]. Therefore, those affecting information on construction site conditions and the potential
location of the tower crane needs to be considered when deciding on the tower crane layout, which
is required to be displayed in the pending design drawings for the automatic TCLP system. In Part
I, a pre-processing approach is applied to emphasize the relationship of the tower crane layout with
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those affected factors mentioned before. Hence, the extracted image includes the location of
construction and building boundaries, the recognized obstacles (such as existing buildings and pre-
determined temporary facilities), potential tower crane locations, the building plans, and the material
yard location. A pending design drawing is extracted from the raw construction materials, as shown
in Fig. 3.

The legend and color of the pending design images are unified in this study, which is the same
as in the dataset to enable the CraneGAN in Part II to recognize and apply the learned planning
patterns to predict a workable location for the tower crane. In addition, different colors in RGB are
used to distinguish the information on the potential location of the tower crane (Blue), materials
supply area (Green), and other construction information (Black) in the pending design images.

During the extraction process, the generation of the pending design images is image-based
which can be realized in software like AutoCAD without requiring any explicit pre-processed data.
AutoCAD has become the most commonly used CAD software, reaching about 40% of the global
CAD/CAE/CAM software market [53]. Due to its simplicity and popularity, this approach targets
using AutoCAD or similar design software in TCLP for the decision maker. So far, the pending

design images as input of CraneGAN have been generated.
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Fig. 3 The extraction processes of the images for TCLP

3.4 Part II: Generation
3.4.1 CraneGAN Basics and Training Process

In the context of TCLP problems, the primary focus lies in generating a proper tower crane
layout using graphical information obtained from construction projects, which is the objective of
Part II. A strong correspondence exists between the input construction project information and the
resultant tower crane layout. Hence, the proposed generator is supposed to read and understand the
construction information to predict the tower crane layout. Compared with basic GANs, CGANs
are more suitable for TCLP problems, as the input image is a conditional information for generating
image instead of a simple noise vector. And they can efficiently learn the mapping between the input
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images and target images in paired datasets, enabling it to generate realistic and coherent synthetic
images based on given input conditions. In addition, in the architectural construction engineering
(AEC) industry, CGANs have successfully been applied for architectural layout design [55] and
hospital operating department layouts [56]. Pix2pix and pix2pixHD are typical frameworks that
produce high-quality synthetic images, detailed diversity, and more robust applicability [14] [54].
Therefore, CraneGAN adapts the characteristics of these frameworks with the paired datasets,
including the loss function, generator model, and discriminator model, as shown in Table 1. To be
suitable for different sizes of the input images, CraneGAN is available in two versions, a low-
resolution version for small-size images (256 % 256) and a high-resolution version for large-size
images (1024 x 1024). Further details regarding the network architectures are elaborated in the
following sub-sections.

Table 1 Characteristics of CraneGAN

. Input image . L
Version . Loss function Generator Discriminator
size
U-net with Single
Low-resolution 256 x 256 Loay + A1°Lg skip discriminator with
connection Patch GAN
U-net with Multi-discriminat
ulti-discriminator
High-resolution 1024 x 1024 L + A,-L ski
g GAN 2 p_ with Patch GAN
connection

The CraneGAN generator aims to generate a synthetic image with an appropriate tower crane
layout. The training process of CraneGAN based on paired datasets is shown in Fig. 4. Each data
pair includes a conditional image and its labeled one. The conditional image is the same with the
extracted image in Part I. The labeled image adds the optimal tower crane layout while keeping the
conditional image information. The input of the CraneGAN generator model is the conditional
image (pending design drawings). The generator then generates a synthetic image with a predicted
optimal tower crane layout as the output. Based on the paired dataset, the discriminator will score
the degree of truthfulness of the synthetic image based on the corresponding labeled image and send
a loss to the generator. Subsequently, based on the score, the generator updates its parameters in the
neural networks to generate more realistic images to trick the discriminator further. After multiple
training epochs, the generator achieves high-quality tower crane layout generation with a further
reduced loss.
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3.4.2 CraneGAN Network

The CraneGAN network consists of a loss function and neural network architectures for a
generator and a discriminator in low- and high-resolution version. Based on the objectives of the
generator and discriminator mentioned above, the loss function of CraneGAN is:

min max Lgay (G, D) = Exy)[log D(x, )] + E(x 5 [log(1 — D (x, G (x, 2)))] (M

where G refers to the generator model, D refers to the discriminator model, x refers to the real dataset,
y refers to the corresponding labels, and z refers to the synthetic image by the generator. It is set to
maximize the discrimination and minimize the likelihood of truthfulness (probability distribution)
between the real dataset and the synthetic image.

In previous related work, it was found that adding a traditional loss to the objective of the GAN
can increase the accuracy and quality of the synthetic images [14]. Thus, losses L and L, are usually
used as the model evaluation criterion:

n

L,(G) = M A3)

L is the mean absolute error (MAE), which is the mean value of the distance between the
predicted and actual values, and L> is the mean square error (MSE), which is the mean value of the
square of the distance between the predicted and actual values. After selection, L; was chosen, as it
yielded a clearer picture than L,. Therefore, for the low-resolution-version CraneGAN, the loss
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function for the generator is as follows:

Lcranecan-1(G) = arg mGin max Lean(G,D) + A - L1(G) 4)

For the high-resolution version, the loss function is improved by adding a feature matching
loss Lgp, which can stabilize the training [54], expressed as follows:

Lo (6, D) = Egey S [[|06Ge ) = DO (e 6@)| ) 5)

Therefore, the generator loss in the high-resolution-version CraneGAN is:

Leranecan—n(G) = mi;n( (lgrllal.))i Yk=12Lcan(G,Dg)) + A2 Xg=12Lru(G,Dg)) (6)

where D,Ei) refers to the features in the i layer of the discriminator Dy, T refers to the number of
total layers, N; refers to the total number of elements in the layer, A, is a crucial parameter that
controls the importance of L;,y and Lgy. Its value will be discussed later when adopting data
augmentation approaches to achieve better performance.

In solving image translation problems, an encoder-decoder network is usually applied in the
generator neural network architecture [54]. First, the network's input is processed through a series
of layers with downsampling until a bottleneck layer, which is reversed with those upsampling
afterward. To better transport the low-level information, U-Net was proposed, which has the same
number of convolutional layers in the downsampling and upsampling processes with skip
connections. The shallow downsampling layers can capture simple information about the image,
such as the boundary and color. The receptive field of the deep layer is large, there are more
convolution operations, and several abstract features are also captured. The skip connection between
each layer and its corresponding mirror layer can directly deliver the feature of the downsampling
layers to the upsampling layers. Therefore, in CraneGAN, the generator applies the U-Net network
with a skip connection as the prominent architecture, which is feasible for feature reservation. The
architecture is shown in Error! Reference source not found..
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Fig. 5 Network architectures of CraneGAN generators

The network architecture of the CraneGAN discriminator is shown in Fig. 6. It applies a patch-
based fully convolutional network named PatchGAN. Its task is to distinguish whether the image
in an N X N patch is real or synthetic and score the corresponding patch of the image. Then, it
averages all responses from the convolutional patches across the image to obtain the final output.
Based on experiments in pix2pix [14], NV is encouraged to be smaller than the total size of the image
(256 x 256) to come out with high-quality results, as it needs fewer parameters, runs faster, and is
suitable for most large images. When it comes to high-resolution images with sizes of 1024 x 1024,
a large receptive field is needed. The large receptive field needs a deeper network or larger
convolutional kernels, which leads to a higher network capacity requirement and a larger memory
footprint for training. Therefore, multi-scale discriminators were proposed in the high-resolution-
version CraneGAN, where the difference only appears on the operated image scales. The larger-
scale discriminator has the largest receptive field with a global view of the image, supervising the
generator for generating a globally consistent image. The smaller one has the smallest receptive
field with a detail preference for the generator.

CraneGAN applies a single discriminator for low-resolution images and a multi-scale
discriminator for high-resolution images with PatchGAN. For the low-resolution version
CraneGAN discriminator, there are four downsampling layers with a Con-ReLU structure and five
layers with a convolution structure for the one-dimensional output. For the high-resolution version,
there are five layers in the larger discriminator, with the first four layers as Con-ReLU, and the last
layer is only a convolutional layer. For the smaller discriminator, there are six layers. Compared
with the larger discriminator, the difference in the layer structure is in the last layer. It adds an
average pool for downsampling after the convolutional layer.
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Fig. 6 Network architectures of CraneGAN discriminators

3.4.3 Dataset Generation

Training based on accurate and high-quality datasets is necessary for a data-driven approach
to generate the required results [58]. Moreover, the dataset's quality is commonly evaluated from
five aspects: availability, usability, reliability, relevance, and presentation quality [59]. As tower
crane layout pairs are essential, this study needs to collect a high-quality dataset for tower crane
layouts. Considering the limited availability and accessibility of datasets for TCLP in real-world
construction projects, several steps to data collection with several standardized considerations are
conducted. Firstly, construction projects that meet the requirements for building height and type are
carefully selected. According to the Code for fire protection design of buildings (2018 edition), high-rise
building refers to residential buildings over 27m and non-single-story factory buildings, warehouses, and
other civil buildings over 24m [66]. Subsequently, rigorous data preprocessing is executed on the selected
projects, including standardizing the annotation of drawings to facilitate subsequent automated data
extraction. The preprocessed drawings encompass vital architectural components related to tower crane
positioning, such as roads, entrances, existing structures, construction boundaries, the installation
locations of construction components, and so on. Lastly, during the process of obtaining label images,
the same mathematical model is utilized to obtain the optimal tower crane layout based on actual
construction projects, with minimizing transportation time as the optimization objective while
simultaneously considering safety (e.g., safety distance between crane foundation and building boundary)
and accessibility constraints (e.g., the land bearing capacity). This process reflects the availability and
reliability of the dataset generation for tolerable generation time, reliable data source, and
guaranteed accuracy.

There are four steps for generating the paired dataset with the optimal tower crane layouts
based on the raw design data, as shown in Fig. . The first step is done in Part L, to obtain the pending
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design drawings. Secondly, the relevant digital information in the pending design drawings is
extracted as inputs for the mathematical model. Thirdly, the tower crane layout with the minimum
transportation time is calculated and identified based on the known construction information and
displayed as a full-filled red rectangle. Finally, the sizes of the images are cropped to meet the
requirements of the different CraneGAN versions. The size of each input image for different training
networks is specified to avoid tensor mismatch problems.

Fositlon and welght of cansiruction componcns for Bailding |

[ I | Coordinate of center |

Number|  Type point Weight(t)
X [ ¥ [z

o,
&%
&

&35
2

n
r L
gl e — —)
T
Iy :
i
(@) (b) (©)
Step 1. Extract building plan, Step 2. Extract the coordinate and weight
riginal construction fon si iti Step & = ; ¢
0 Igrlo'ch(()irzsi\t/vlijrfno construction site condition and information of construction components,
proj 9 potential tower crane locations the coordinate of construction, building
from CAD drawings boundaries and obstacles boundaries.

Step 3. Obtain optimal tower crane
layout based on minimal transportation
of hook movement

Step 4. Crop and pair the images as one pair dataset

Fig. 7 Process of CraneGAN dataset generation

Crane transportation time denotes the temporal duration encompassing the transportation of
construction components by the tower crane, commencing from the material storage area and culminating
with the completion of unloading operations. There are two main reasons for selecting it as the optimal
objective. Firstly, crane transportation time refers to the overall time required to complete all the
transportation tasks for construction components, indicating the efficiency and productivity of crane
transportation. Secondly, the choice of the objective function was influenced by the available data and
the practical feasibility of implementation. Minimizing the cumulative time of transportation tasks is a
widely used criterion in TCLP problem-solving and has demonstrated practical applicability in [8] and
[65]. For each transportation task, the crane transportation time consists of loading, lifting, unloading,
and idle time. The mathematical model is inspired by crane hook movement [61]. The hook
movement of lifting tasks can be divided into horizontal and vertical movements, as shown in Fig.
8. The crane is located at K to deliver construction components from the supply area S (xs, ys, zs) to

the demand area D (x4, yd, zd).
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Fig. 8 Hook movement of a tower crane

The crane lifting time of hook’s horizontal boom and trolley movements are calculated as

follows:
6
Ty = ~ (7
Y
Ty =+ ®)

Th=a(B, T, +Bo-To) + max{(1—a)(B, - T, +Bo-To),(Bo - T, + By -To)} (9

where 0 < 0 < m, Ty is the time spent on the boom movement, € refers to the angle of boom
rotation in the horizontal direction, vg is the slewing speed of the jib (rad/min), T, is the time
spent on the trolley movement in the horizontal direction, y is the trolley moving distance between
the supply and demand areas in the horizontal direction, v, is the radial speed of the trolley
(m/min), and T}, is the time spent on horizontal movement. In Eq. (9), the parameter «, which is
between 0 and 1, is the degree of simultaneous trolley movement and boom rotation horizontally.
The parameters f, and By represent whether the trolley movement or boom rotation occurred
first. When B, equals 0 and By equals 1, the boom rotation occurs earlier than the trolley
movement. When the S, equals 1 and Sy equals 0, the sequence of the movements is reversed.

The transportation time of the vertical hook movement is as follows:

Ty _ |zg—2zg|+2h, (10)

Vh

where T, refers to the time spent on vertical movement; h, refers to a safe height; and v, refers
to the vertical lifting speed with loaded construction components (m/min).

To calculate the total transportation time of the tower crane, the vertical movement is assumed
to be able to coincide with the horizontal movement, and the degree of synchronization is reflected
by the parameter y, as follows:
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Tt =YV Tv + max{(l - ]/) ' Tv: Th} (11)

where T; is the total time of the hook movement for lifting one construction component, T, is the
time spent on vertical movement, and T}, refers to the time spent on horizontal movement.

With the consideration of the crane loading, unloading, and idle time, the total time of a
building hoisting scheme can be defined as follows:

Ty, = §=IZ§=1ZIL:1Tti.j.l +1-J-L-T*+1-]-L-T" (12)

where T, is the total transportation time of the whole construction process, I is the total number
of components, J is the total number of building stories, L represents the total number of component
types, T% is the loading and unloading time, and T" is the idling time. Based on the hook
movement models, the optimal layout of the tower crane can be calculated based on minimizing the
total transportation time. A further detailed explanation of the model can be found elsewhere in [61].

Instead of selecting the total schedule for transportation tasks, this study applied to minimize
crane transportation times for the sum of individual transportation times as an objective function.
The reason is the total schedule for transportation tasks required to coordinate the construction
materials, labor, and machinery to complete the construction activity. Lack of any one of labor,
materials, and machinery will delay the construction schedule. The total schedule cannot directly
reflect the efficiency and productivity of the crane transportation. Moreover, in the actual
transportation process, the crane loading, unloading, and idle time vary in different tasks, relying on
various unpredictable factors (such as workers’ experience and relevant construction schedule).
Therefore, the transportation time is an appreciated number that refers to the exact time-consuming
in actual construction, but it is reasonable to reflect the transportation productivity.

In conclusion, the main difference between CraneGAN and the traditional GAN lies in their specific
applications and corresponding neural networks. CraneGAN is a variant of traditional GAN specifically
designed to predict tower crane layout in construction projects, extract features from vast TCLP data,
and make predictions in new construction project cases. For the neural networks, the distinction between
CraneGAN and traditional GAN lies in the input mechanism, loss function, and architecture of their
generator and discriminator neural networks. The input image of CraneGAN is the graphical information
of construction projects as condition information instead of a simple noise vector. Also, CraneGAN is
trained based on the paired dataset, suiting the characteristics of the TCLP problem for generating tower
crane layouts using the corresponding graphical information of construction projects. Then, the loss
function in different versions is improved by adding L loss or feature matching loss Lgy. Also, the
hyper-parameter for the loss function is fine-tuned to improve the prediction accuracy and quality. Finally,
compared with traditional GAN, the generator of CraneGAN applied U-net with a skip connection to
avoid the feature disappearing. Moreover, Patch GAN was used to accelerate the training process with

fewer parameters in the discriminator [14] [54].
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3.5 Part I1I: Identification

Given the uncertainties of generative processes, the results from CraneGAN sometimes need
further post-processing to identify the tower crane layout and enhance image clarity. In addition,
noise may influence the regions of the potential layout areas, and color intensities may be rendered
insufficient. Therefore, as a post-processing process shown in Fig. 9, Part III identifies the deviation
of pixel color intensity between generated drawings /mg, and pending design drawings Imgy to
generate comprehensive and high-quality layout results /mgyen. The red color is used to represent
the suggested optimal crane layout location. Its intensity, ranging from 125 to 255, was selected. If
there are no or fewer red pixels detected in the generated results, the failure generation flag is raised
to the generator in Part II. Then, the generator re-generates a new image and sends it back again.
Also, the pixels of the potential crane location options are recognized by their blue colors in the
generated results. The blue intensity, which ranges from 150 to 255, was selected. The location of
the predicted tower crane layout (in red color) can be further consolidated by calculating and
identifying the minimum distance between the group of red pixels and those in blue. The center
point of one of the blue pixel groups, which got the closest distance to that of the red pixels, can be
selected as the accurate prediction result location. Finally, such identified tower crane layout is re-

drawn as a red square in the post-processed image to present the results.
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Fig. 9 The process of Part III: Identification
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4 Implementation and Performance Evaluation

4.1 Environment Setting

The training, testing, and validation process of the proposed automatic TCLP system were all
conducted on a server running the Windows 10.0 x64 operation system. The specifications and
configuration were as follows:

« CPU: 11" Gen Inter® Core™ i9-11900@2.5GHz;

RAM: 64 GB of memory;

GPU: NVIDIA GeForce RTX 3090 Ti and NVIDIA Tesla P100;
Hard Disk: 512-GB SSD and 10-TB HDD;

Run-on CPU: None;

¢ Run-on GPU: CraneGAN, pre- and post-processing, rendering.

For the CraneGAN implementation, the algorithms were developed using Python 3.6 and
PyTorch 1.10.0 as a base deep learning development framework.

4.2 Implementation
4.2.1. Dataset Generation

The dataset in this study consisted of 1884 pairs of building drawings and corresponding
layouts from open-sourced architectural design and research institutes in China. It included 1648
images of building plans in the training set and 236 in the testing set. The CraneGAN in low- and
high-resolution versions were trained and evaluated individually. The input image size with a low
resolution was 256 x 256, and that for a high resolution was 1024 x 1024.

Each pair of images in the corresponding dataset were composed of conditional images and
labeled images, as shown in

X KX X

MR KR KX 7\
Conditional image Labeled image
—/ - Entrance of the construction project [X] Potential tower crane layout Material supply area
[ ]  cConstruction boundary I Tower crane layout generated by exact method

Fig. . In the images, the filled green rectangle refers to the location of the material supply area. And
the blue rectangles with center crosses represent the potential layouts of the tower crane for the high-
rise building. The solid red rectangle refers to the optimal location of the tower crane, considering
the minimum transportation time for the given material supply and building plan. The black objects
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represent the construction boundary. The CraneGAN was trained to generate an image with

maximum similarity to the corresponding labeled image.

N XX KX

X KX X

Conditional image Labeled image
—/ -~ Entrance of the construction project [X] Potential tower crane layout I Material supply area
[ ] construction boundary I Tower crane layout generated by exact method

Fig. 10 Paired dataset for CraneGAN training

4.2.2. CraneGAN Training Results

In CraneGAN training, the batch size, learning rate, and epochs were set as 1, 0.0002, and

200, respectively.
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Fig. shows the resulting examples of the CraneGAN output. The conditional images as
input images are listed in the first column. Their generated synthetic images are in the middle
column, followed by labeled images identified with the optimal layouts of the tower crane in the
third column. CraneGAN could generate reasonable layouts for the attached tower crane, matching
the optimized images in both low- and high-resolution versions. The size of the synthetic image was
the same as that of the input image. Also, the synthetic images generated by the high-resolution-

version CraneGAN were clearer than those by the low-resolution-version CraneGAN.
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Fig. 11 Examples of CraneGAN training results

A computer-vision-based evaluation was selected to assess the quality of the synthetic images
from CraneGAN on the test dataset. The similarity between the synthetic image and the lable image
were evaluated. For the CraneGAN configurations, the generators with A; equal to 30 and A,
equal to 5 after data augmentation were selected for the low-resolution and high-resolution versions,
respectively.

To evaluate the accuracy of the synthetic images, pixel accuracy (PA), a notable image
accuracy assessment metric commonly used in CNN applications, was selected [63]. PA is the
number of pixels with the correct prediction category as a proportion of the total number of pixels
derived from the confusion matrix shown in Table 2 [64]. In the confusion matrix, each column
represents the predicted value (synthetic image), and each row represents the conditional image.

Thus, the calculation of PA is as follows:

TP+TN

PA=———.
TP+TN+FP+FN

(13)

Table 2 Confusion matrix for pixel accuracy (PA)

Synthetic image

Confusion matrix

Positive Negative
Conditional True P FN
image False FP N

Note: TP represents true positive; FN represents false negative; FP represents false positive; and 7N represents true

negative.

Thirty images from the test dataset were selected to evaluate the quality of the synthetic image
from CraneGAN, as shown in Error! Reference source not found.. The average and standard
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deviation in the high-resolution version were slightly better than those in the low-resolution version.
However, the average PAs of CraneGAN in the two versions were all above 98%, and the standard
deviations were all below 0.25%, revealing the high accuracy and quality of the synthetic images.

Table 3 PA results from CraneGAN training

Number of images Average Standard deviation
Low-resolution 30 99.23% 0.22%
High-resolution 30 99.15% 0.14%

4.3 Performance Evaluation
4.3.1. Computational Time

When solving TCLP optimization problems, exact analytical methods, which search
exhaustively for an optimal solution, can be considered for a precise result. Alternatively, heuristic
algorithms can be adopted to save time finding near-optimal solutions. The exact analytical method
was used to build the baseline for TCLP problem solving, and GA was selected as a comparative
method for its widespread use and effectiveness in solving TCLP as an operation research solver, as
demonstrated in those research [10][67]. Therefore, the exact analytical, GA, and CraneGAN
methods were separately applied in different construction projects for obtaining TCLP, and the
computational time was recorded. The computational time for the exact method was selected as
the baseline to reflect the improvement of using GA and CraneGAN. For the GA method, the initial
population size was set to 100, and the length of the chromosomes was 2, which refers to
the x and y coordinates of the tower crane layout. The evolution algebra was set to 100, referring to
the termination condition. The crossover probability was set to 0.7, and the mutation probability
was set to 0.3. The objective function was the same as Eq. (12) for calculating crane transportation
time. Moreover, the algorithm iterates through the selection, crossover, mutation, and replacement
steps until a termination condition is met. The proposed CraneGAN used in the comparison (as
shown in Table 4 and Table 5) was the high-resolution version with data augmentation, and the
hyper-parameter value was set to 5. Related data augmentation details are discussed in Section 5.

Table 4. Computational time in using the exact analytical method, genetic algorithm (GA),
and CraneGAN to solve TCLP problems
Computational time (s)

Image No. Exact method GA CraneGAN
1 30.58 10.52 2.18
2 26.62 9.09 2.04
3 26.71 9.18 1.85
4 41.36 9.50 2.06
5 48.01 9.38 2.34
6 37.67 9.26 241
7 46.07 9.66 2.23
8 52.25 9.72 1.96
9 51.29 9.38 1.94
10 37.70 9.98 2.45
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11 41.00 9.56 2.08

12 45,74 9.98 2.13

13 32.32 9.61 2.33

14 34.72 9.26 2.42

15 23.94 9.03 1.95
Average 38.39 9.57 2.16
Standard

L 8.85 0.42 0.19
deviation

To reduce the error caused by the sampling randomness, 15 typical building plans with
different layout complexities were selected for evaluation. As shown in Table 4, the average
computational times were 38.29, 9.57, and 2.16 s when using the exact analytical method, GA, and
CraneGAN, respectively. Using CraneGAN could significantly reduce the computational time by
5.64% and 22.57% compared to using the exact analytical method and GA. The potential tower
crane location is related to the building boundary, which affects the computational time of the exact
analytical method when the number of potential crane locations is increased. Moreover, the exact
method and the GA were all based on known building component locations, weights, and related
properties, which required further time-consuming data collection processes. These were even
excluded from the current computational time comparison.

Regarding the time consumption standard deviation, the highest to lowest was in the order of
the exact analytical method, GA, and CraneGAN. The reason was that the standard deviation was
affected by the variation in the intensity and boundaries of constructions. The construction's
intensity and the boundary's size were proportional to the number of delivery tasks and potential
tower crane locations, which required different computational times. The comprehensive search
algorithm was most severely affected. Therefore, the CraneGAN and GA performances were more
stable than that of the exhaust traversal algorithm in the exact method. These results proved that
CraneGAN could efficiently and stably generate a nearly optimized tower crane layout, which was
even superior in time consumption to that of the GA.

4.3.2. Crane Transportation Time

The crane transportation time is an essential metric for evaluating the performance of a TCLP.
As shown in Table 5, using the exact analytical method could identify the maximum and minimum
transportation times. Then, the maximum transportation time was selected as the baseline for
evaluating the results of GA. The difference ratio was the ratio of the difference between the
transportation time obtained using the corresponding method and the minimum transportation time.

Table 5. Transportation time and difference ratio using the exact analytical method, GA, and
CraneGAN to solve TCLP problems

Image No. Exact analytical method GA CraneGAN
Maximum Minimum . . Difference
. . Transportation | Transportation L
transportation  transportation ) ) Ratio with
. . time time
time time GA (%)
1 3531.70 2185.50 2155.50 2253.60 4.55
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2 3253.60 2324.40 2407.40 2752.50 14.33
3 4653.70 1253.70 2698.40 1373.22 -49.11
4 2255.60 1231.30 2762.70 1234.54 -55.31
5 2311.50 1524.10 1737.50 1924.69 10.77
6 3048.90 1465.00 1908.30 1416.22 -25.79
7 3676.10 1683.70 1752.30 2313.22 32.01
8 2965.40 1430.70 2165.70 1566.92 -27.65
9 3311.50 1098.80 2050.20 2000.76 -2.41
10 2747.50 1349.30 1390.60 1547.63 11.29
11 3605.50 1063.30 2360.00 1646.11 -30.25
12 1317.10 930.52 2587.10 1949.47 -24.65
13 2549.30 1140.00 2628.80 1282.87 -51.20
14 1547.70 783.62 2039.70 852.77 -58.19
15 2503.60 842.56 2358.20 1613.50 -31.58

In Error! Reference source not found., 93.33% of the results obtained by CraneGAN were
within positive 15% of the difference ratios of the results obtained using the GA algorithm, which
was also not far from the minimum transportation times. In 73.33% of the cases, the difference ratio
between the results did not exceed 5% of the total transportation time. In addition, in 66.67% of the
cases, the results using CraneGAN outperformed the results using the GA. Hence, the quality of the
CraneGAN performance was tolerable, and a more stable and robust outcome can be anticipated
when facing highly complex layout planning cases.

5 Numerical analysis

A real construction project was utilized to validate the proposed automatic TCLP system. The
tower crane layout based on the minimum transportation time was generated using the exact
analytical method, the GA optimization, and the proposed system with appropriate hyper-parameter
adjustments. The generated results were demonstrated by comparing them with the actual tower
crane location in practice.

The selected project is a public housing construction project in Hong Kong, as shown in Fig.
12. It consists of five blocks of high-rise buildings with heights of around 120 m. Block 7, the
highest building, is selected as the case to obtain the optimal tower crane layout. It covers an area
of 72 x 57 m and 123.8 m in height, and one single tower crane is required for essential lifting tasks.
The tower crane is supposed to be located at the elevator shaft or the surrounding area of the building,
which is 3 m outside the building boundary, based on practical experience.

The application procedure of the proposed TCLP system is illustrated in Fig. 12. The
construction conditions are shown in Fig. 12(a). After drawing extraction, the conditional image for
the TCLP was generated, as shown in Fig. 12(b). The extraction processes required approximately
5 mins to obtain the design images as input for CraneGAN. Compared with the necessary numerical
data collection from related construction documents, applying the proposed TCLP system with
CraneGAN on images directly reduced the conventional data fetching and processing time, which
took 2 to 3 hours to complete for this building. As for the layout generation, it took about 3 seconds
to load a pre-trained generator and generate the results, as shown in Fig. 12(c). For the result post-



729  processing and identification, it took 6 seconds to identify the generated tower crane layout. The
730  final layout was thus confirmed, as shown in Fig. 12(d).
731
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733 Fig. 12 Application procedure of the proposed TCLP system

734

735 The TCLP results obtained using the proposed CraneGAN, GA, exact analytical method, and

736  actual layout determined in this construction project were collected and displayed in
Center position of Supply areas

Potential tower crane layout

Construction boundary

IRy |

Tower crane layout generated
by CraneGAN

Tower crane location in actual projects

Tower crane layout generated by exact

[ method
Tower crane layout generated by GA
737
738 Fig. . The CraneGAN's result was located within the potential tower crane locations, which

739  meets the requirements for this project. The performance of the computational and transportation
740

times is shown in Table 6. The computational times for applying the exact analytical method, GA,
741

and CraneGAN were 33.24, 10.75, and 2.33s, respectively. In comparison, the proposed system
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showed better and more stable performances, with the lowest computational time. The
transportation times, which reflect the design quality, when using the exact analytical method, GA,
and CraneGAN were 3386.92, 5472.31, and 5039.24 per standard floor, respectively. As for the actual
tower crane layout, the calculated transportation time was 8265.25. Compared with the actual
location in the project, CraneGAN improved the transportation time by 39.03%. This was a further
7.91% improvement in transportation time compared to that of the GA.

Center position of Supply areas

Potential tower crane layout

Construction boundary

Tower crane layout generated
by CraneGAN

Tower crane location in actual projects

Tower crane layout generated by exact
method

Tower crane layout generated by GA

Fig. 13 Layout results from different TCPL approaches and the actual layout in the project

Table 6 Transportation and computational time comparison of different TCLP approaches and

the actual layout in the project

Exact method GA CraneGAN Actual
Transportation
. 3386.92 547231 5039.24 8265.25
time
Computational
. 33.24 10.75 2.33 /
time (s)

To accelerate and easy the process of application, several distinctive aspects set the automatic
CraneGAN-based TCLP system apart from previous research in terms of computational burden. Firstly,
the proposed system reduces this burden by utilizing drawing input as the foundation for tower crane
layout generation, eliminating the need for manual information extraction. This eliminates extensive
manual data collection and preprocessing, resulting in a streamlined computational process. Moreover,
although the proposed system necessitates a certain level of computational effort for training neural
networks, exceeding that of other mathematical TCLP methods, CraneGAN effectively redistributes this
burden and maintains a relatively minor and consistent level of calculations in practical applications.
This efficient allocation mitigates the problem of calculation explosion. The performance evaluation of
transportation time and computational time validates this approach. Moreover, this data-driven method
can be readily applied to extensive data from digital twins or generate training scenarios for TCLP,

offering valuable support to inexperienced decision-makers.

6 Discussion

To obtain a higher performance of CraneGAN, improvements were conducted targeting the
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dataset and CraneGAN hyper-parameters to further identify their abilities in solving TCLP problems.
The analyses of hyper-parameters and applying data augmentation in the dataset were presented in
this section. In addition, the influences of construction layouts with different complexities were also
discussed.

6.1 Hyper-Parameter Adjustment
In the loss function, 4; and A, are two important hyper-parameters that need to be adjusted
to realize better performances of CraneGAN, details shown in Section 3.4.1. Therefore, obtaining

suitable values of these two hyper-parameters is necessary for TCLP problems. The results of
applying different values are shown in Table 7 and Table 8.

Table 7 Comparison of results using different A, for low-resolution dataset

SRR R bt Rt R )
Transportation time 2963.72 2772.77 2963.86
Computational time
1.98 2.15 1.86
(s)
anaIlg; ‘ 7 A T, L0H [T A1 [l
MO ] ulileocehilachl Elibiuuehilig
=) i 2 : 1
A1 =50 A, =100 A =120 A, =150
3243.12 4481.14 4571.83 /
2.04 2.03 2.15 217

Table 7 shows the results of specifying different values of A, for the loss function of the low-
resolution-version CraneGAN dataset. When A; equaled 0, 10, 30, 50, 100 and 120, proper tower
crane layouts were generated, and the outcomes were stable, with tolerable image quality. As A,
increased to over 120, the generator showed that it failed to predict the tower crane layout, while
the other information, like the construction boundaries, was learned. Therefore, as illustrated in Eq.
(4), using too high of the L; weight in the loss function is not appropriate for improving the image
quality in the low-resolution-version CraneGAN.

Table 8 Comparison of results using different A, for high-resolution dataset

Input image A, =0
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794
795
796
797
798
799
800
801
802
803
804
805

806
807
808
809
810
811

Transportation time / / /

Computational time
2.53 2.45 2.87

2.225 /12210 /12215 /12220

2772.82 2735.71 3243.17 /
2.86 2.75 2.43 2.68

As shown in Error! Reference source not found., when A, equaled 0, the synthetic image
showed that the generator could not learn the global view of the input image, and the image quality
was compromised, resulting in massive noise. As A, equaled to 5 and 10, the quality of the
synthetic image gradually improved until it reached a plateau, with considerable improvements in
the image clarity and tower crane layout design logic. When A, reached 15, the prediction failed
again. Therefore, as illustrated in Eq. (6), adding feature matching in the loss function was necessary
to improve the learning degree of the tower crane layout design logic at particular scales of A,.
Nevertheless, the image clarity in the high-resolution version was better than that in the low-

resolution version.

Table 9 Results of success prediction rate, computational time, and average transportation

time improvement for CraneGAN hyper-parameter adjustments

Success prediction  Average computational  Average transportation

rate (%) time (s) time improvement (%)
0 100.00 2.15 9.81
10 100.00 1.45 18.91
30 83.33 1.84 13.780
M 50 82.76 1.83 8.92
100 96.55 1.76 8.67
120 80.00 2.24 19.53
150 100.00 2.00 11.130
0 / /
0 / /
33.33 2.66 30.46
2, 96.67 2.85 14.27
10 86.67 2.68 22.54
15 100 2.74 16.27
20 83.33 2.84 22.61

Note: The success prediction rate refers to the tower crane being located in potential locations. The average

transportation time improvement treated the transportation time calculated in the GA as a baseline.

To further determine the performances with different 4; and A,, 30 typical images in the
dataset were selected for prediction and statistical analysis. The results are expressed in Table 9,

including the success prediction rate, average computational time, and average transportation time
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improvement for different 1; and A, in the CraneGAN loss function. In terms of the success
prediction rate, when A; was 0, 10, 100, or 150 and A, was 1, 5 or 15, the success prediction rate
was higher than 90%, reflecting a stable prediction performance through generators of CraneGAN.
For all combinations of A; and A,, the computational times were all within 3 s, indicating that the
results could be generated in a tolerable amount of time. When A; was 120 and A, was 10, the
transportation times were improved by the highest percentages in both the low-resolution-version
and high-resolution-version CraneGAN compared with those of the GA. However, the success
prediction rate when A; was 100 was 96.55%, indicating that in a few cases, it was challenging to
produce prediction results. Therefore, the generator with A; equal to 10 should be applied for the
low-resolution-version CraneGAN to guarantee prediction stability and superiority. The generator
with 4, equal to 10 and 15 were selected in the high-resolution version. A, equal to 120 will be
firstly used to predict tower crane layout planning to pursue higher construction efficiency. Once
the corresponding generator cannot predict suitable results, the generator with 1, equal to 10 can
be applied alternatively for stable prediction.

6.2 Data Augmentation

Data augmentation is a common method for increasing the performance of GAN generators.
Manipulating existing datasets by adding disturbances (such as image panning or rotating) can
facilitate the neural networks identifying and extracting key features in data [60]. This study
expanded the training dataset from 312 to 1648 images by vertically and horizontally flipping and
rotating images 180 degrees to generate more image instances in the dataset. Such data augmenting
technique was implemented on the CraneGAN to achieve further enhancements. As shown in Fig.
14, the success prediction rate after the data augmentation increased when 4; equaled 50, 100 and
150, stayed flat when it was 10, and declined when had other values in the low-resolution version
CraneGAN. In terms of the high-resolution version, when A, equaled 3, 5, 10 and 15, the success
rate after data augmentation showed a consistent increase, while it was worse only when A, was
15.
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Fig. 14 Prediction results before and after the data augmentation for CraneGAN

Fig. 14 also shows the results of the average ratio of transportation time improvement before
and after augmentation. The ratio of the difference between the generated results before and after
data augmentation to that before data augmentation is referred to as the transportation time
improvement. When A; equaled 10, 30, 120 and 150, the average ratios of transportation time
improvement were positive, reflecting better performance in the low-resolution version CraneGAN.
As for the high-resolution version, except A, equaled 0 and 1, the performance of transportation
time improvement positively increased after data augmentation. Hence, these results indicated that
data augmentation could enhance CraneGAN as long as the hyper-parameters are appropriately
selected, especially for the high-resolution version.

6.3 Complexity

When facing large-scale construction projects, the proliferation of viable tower crane locations
and the associated information pertaining to the construction project (such as the augmentation of
construction components) undergo an exponential surge. Consequently, this surge gives rise to challenges
associated with time complexity, causing the computational time to rise when using traditional
mathematical methods. Hence, this section discusses the influence of CraneGAN under different
case complexities, comparing with those applying the exact analytical method and GA. As shown
in Fig. 15, constructions under five site scales and four resolutions in layout planning search space
were selected for comparison. The TCLP computational time using the exact analytical method
showed a significant increasing trend as the building scale increased, ranging from 10.90 to 8052.77
s. The computational time of using GA reflected a gentle rise from 10.254 to 49.954 s, while the
proposed CraneGAN exhibited a stable performance of generating results in around 2.5 s. These
results indicated that the proposed system could ease the exponentially increasing time consumption
for large-scale construction and improve decision-making efficiency. Distinguished from
conventional operations research methods, the proposed CraneGAN leverages image-based approaches
for TCLP, offering complementary advantages to operations research methodologies. CraneGAN
provides a viable solution to mitigate the computational challenges arising from large volumes of data to

offline processing, thereby addressing the issue of online calculation explosion.
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Fig. 15 Results of computational time under different scale complexities and search resolutions

7 Conclusion

In summary, this study introduced an image-based automatic tower crane layout planning
(TCLP) system for high-rise buildings. CraneGAN was developed to generate reasonable and
efficient tower crane layouts based on image input instead of manually interpreted data. The
transportation and computational times were selected as metrics for the performance evaluation, and
a numerical analysis was conducted to validate the proposed system. Compared with applying the
exact analytical method and the genetic algorithm (GA), the proposed system prevents the manual
data extraction process, consuming around 2 hours in the study case. In addition, the proposed
system improved the transportation time by 39.03% compared to the actual layout plan in the project,
which is a 7.91% improvement of GA's results. The computational time was also remarkedly
reduced, requiring only 6.02% and 21.68% of the consumptions by the exact analytical method and
GA.

Additionally, after training generators based on various influencing factors A; and A,, the
generator of A; equal to 10 and a combination of A, equal to 10 and 15 after data augmentation
were selected in CraneGAN, as they achieved a 100% success prediction rate and improved the
average transportation time by more than 10%. Data augmentation was used to improve the
performance of CraneGAN based on adequately configuring the hyper-parameters. The impact of
the ever-increasing complexity on the layout planning tasks was discussed through a performance
comparison between the exact analytic method, GA, and CraneGAN. The outcomes of the proposed
CraneGAN showed a comparatively stable performance and acceptable quality when facing large-
scale construction cases.

This study makes contributions in four key aspects. Firstly, the proposed automatic TCLP system
introduces a novel approach as the first GAN-based solver for TCLP, making decision based on image
input. Secondly, the CraneGAN model offers a scalable layout prediction network that accommodates
various constraints and optimal objectives, allowing customization based on specific construction
requirements. Thirdly, the data-driven automatic TCLP system addresses the time complexity challenges
prevalent in large-scale construction projects, reducing into polynomial processing time while
maintaining acceptable optimality levels. Lastly, this research expands the theoretical foundation for
intelligent layout planning and contributes to the advancement of intelligent construction management
in digital twin environments and related training systems. It provides managers with efficient and
effective decision support, enabling enhanced decision-making capabilities.

For future studies, improvements on CraneGAN are possible. Several influencing factors were
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not discussed in this study, such as environmental conditions, which can be expanded by adding
constraints or changing objective functions while generating the paired dataset. In addition, despite
the limited availability and accessibility of real-world large construction project data in this dataset,
there exists the potential for gradual expansion of the application scope of the proposed system.
Furthermore, the uncertainty and sensitivity of the GAN-based methods are significant, and an
efficient approach to identify proper hyper-parameter configurations is encouraged. Moreover, there
is potential to expand upon the current study by developing a comprehensive simulation framework
encompassing the entire construction process, leveraging the provided tower crane positioning
information. Finally, the proposed automatic TCLP system could also be applied to other
construction facilities' layout planning once their crucial constraints and preferred planning style
have been determined.
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