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Abstract.

This study proposes an automated assembly performance evaluation method for prefabricated steel structures

(PSSs) using machine learning methods. Assembly component images were segmented using a modified version of the
receptive field pyramid. By factorizing channel modulation and the receptive field exploration layers of the convolution
pyramid, highly accurate segmentation results were obtained. After completing segmentation, the positions of the bolt holes
were calculated using various image processing techniques, such as fuzzy-based edge detection, Hough’s line detection, and
image perspective transformation. By calculating the distance ratio between bolt holes, the assembly performance of the PSS
was estimated using the k-nearest neighbors (kNN) algorithm. The effectiveness of the proposed framework was validated using
a 3D PSS printing model and a field test. The results indicated that this approach could recognize assembly components with an
intersection over union (IoU) of 95% and evaluate assembly performance with an error of less than 5%.
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1. Introduction

In the Republic of Korea, the construction industry is
facing a severe shortage of workforce due to the aging of
construction workers, with over 60% of construction sites
comprising workers aged 50 and above (Construction
workers mutual aid association 2021). Furthermore, social
efforts to reduce working hours, along with related laws and
regulations, are accelerating the decrease in available
manpower for the construction industry. In particular, the
shortage of skilled manpower is emerging as a significant
problem for the entire construction sector (Rahman et al.
2013). To solve this problem, a need for increased
automation and efficiency in construction is emerging, and
smart construction is attracting attention as a way to realize
this goal. Smart construction is defined as the application of
advanced digital technologies such as robotics, artificial
intelligence (Al), building information modeling (BIM),
and the Internet of Things (IoT) to traditional construction
technologies for the purpose of shortening the construction
period, reducing the required manpower, and enhancing
onsite safety (Ministry of Land, Infrastructure, and
Transport 2021). Due to its high efficiency and low cost,
smart construction has attracted considerable attention in
recent years (Stefani¢ and Stankovski 2018). Prefabricated
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structures, where modular components are fabricated offsite
and then assembled onsite, are an important aspect of smart
construction (Boafo et al. 2016). The use of prefabricated
steel structures (PSSs) is popular because doing so
maximally reduces the construction period, saves resources,
reduces energy consumption, and protects the environment
(Deng et al. 2020).

For automatic construction and maintenance of modular
structures, studies have been conducted in recent decades to
satisfy various social demands (Zonta et al. 2007, Koem et
al. 2016, Wasim et al. 2020, Nguyen et al. 2022). However,
human-based visual inspection is typically performed after
the production of modular structures about the PSSs.
Inspectors check the dimensions and shapes of the PSSs
according to the standard specifications (Ministry of Land,
Infrastructure, and Transport 2013). Most of the research to
automate this process use laser scanning to reconstruct
three-dimensional (3D) structural models and monitor
deformations (Park et al. 2007, Kim et al. 2014, 2016, Xu et
al. 2020). For example, Park et al. (2007) proposed a
structural health monitoring system that uses terrestrial laser
scanning technology to measure structure deflection with
high accuracy (Park et al. 2007). Kim et al. (2014, 2016)
proposed a coordinate transformation algorithm for
noncontact dimensional quality inspections (Kim et al.
2014, 2016). Moreover, Xu et al. (2020) proposed a 3D
reconstruction and measurement system for monitoring
surface defects in prefabricated components (Xu et al.
2020). They used the k-nearest neighbors (kNN) algorithm
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Fig. 1 Schematic diagrams of PSS assembly performance evaluation methods using machine learning techniques

to reduce data density and the alpha shape algorithm to
effectively extract boundaries.

This study proposes a method for PSS assembly
evaluation using a low-cost vision sensor and machine
learning (Jeon et al. 2014, Choi et al. 2017). Machine
learning is a process by which a machine uses information
from a training dataset for a specific purpose and uses data
to form or improve the system (Mitchell et al. 2007).
Machine learning techniques can be divided into supervised
and unsupervised approaches according to the
characteristics of the input dataset (Géron 2019).
Supervised learning is performed based on the trends and
distribution of data by mapping an input to an output. It can
be further divided into classification and regression
methods according to the type of the target value.
Classification methods involve learning and prediction
using classified target values, whereas regression methods
use continuous numerical values and trends. In contrast,
unsupervised learning approaches learn patterns from
unlabeled data (Hinton and Sejnowski 1999). The results
are derived by creating clusters or analyzing relationships
according to the distribution or characteristics of the data.

The proposed method uses supervised machine learning
techniques, such as semantic segmentation and the kNN
classifier. Semantic segmentation, a pixel-level object
classification technique, is used to detect assembly
components. After completing segmentation, the bolt holes
are extracted, and their positions are calculated using image
processing techniques such as fuzzy-based edge detection,
Hough’s line detection, and image perspective
transformation. To ensure the accuracy of the assembly
performance evaluation model with minimal differences
between normal and defective images, we adopted a two-
step approach: 1) using deep learning to detect assembly
parts, and 2) deriving the input variables from the detected
assembly parts for classification. The calculated positions of
the bolt holes are converted to distance ratios, which are
used as input data for the kNN classifier. Utilizing the kNN

algorithm, the assembly performance is classified into two
classes, normal and defective. The kNN results are
compared with those of other classification learning
techniques, such as decision trees, discriminant analysis and
support vector machines (SVMs) classifiers, to evaluate the
performance of assembly. The proposed framework for
assembly quality evaluation is verified using 1:10 scaled 3D
printing models and real-scale PSSs with an unmanned
aerial vehicle (UAV). The remainder of this paper is
organized as follows. Section 2 describes PSS assembly
performance evaluation methods that use machine learning
techniques. An introduction to deep learning methods for
semantic segmentation is described in Section 2.1. The
developed semantic segmentation model for assembly part
classification and the assembly performance evaluation
method based on the positions of bolt holes are introduced
in Sections 2.2 and 2.3, respectively. The performance of
the proposed method is validated with a 3D printing model
in Section 3. Experimental tests with PSSs are conducted,
and the results are discussed in Section 4. Finally, the
conclusions and future research directions are discussed in
Section 5.

2. Dimensional quality evaluation of PSS using
machine learning

To evaluate the assembly performance of PSSs, two-
stage processes combining different machine learning
techniques have been adopted, as shown in Fig. 1. In an
offline study, a newly proposed semantic segmentation
network was trained to classify the assembly parts in
captured images. The bolt holes in the segmented area were
detected using various image processing techniques,
including fuzzy-based edge detection, Hough’s line
detection, and homography transformation. In the filtered
image, the locations of the bolt holes were calculated. By
calculating the distance ratios between bolt holes, the
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Fig. 2 Encoder-decoder network with ERFP convolution modules for assembly segmentation

assembly performance was binarized using the kNN
classifier. Once the semantic segmentation and
classification learning networks were trained, they were
used to evaluate the assembly performance of PSSs from
newly captured images in real-time.

2.1 Deep learning methods for semantic
segmentation

Deep learning techniques have been widely used in the
field of data analysis due to the development of computer
hardware and deep learning networks with various forms
and uses. In the field of computer vision, convolutional
neural networks (CNNs) have emerged for classification,
object detection, and segmentation. A CNN consists of a
convolution layer and a pooling layer, and it extracts
features using filters with constant heights, widths and
strides. The convolution layer outputs a feature map by
performing a convolution operation, and the pooling layer
reduces the number of required computations by
compressing the result output by the convolution layer.

In addition to recognizing and classifying the existence
of objects in an image, many studies have been conducted
on object segmentation and semantic segmentation to detect
the area where an object exists at the pixel level. A fully
convolutional network (FCN), which converts all fully
connected layers (the final classifier layers of an image
classification network) to convolutions, has achieved
remarkable performance in the field of semantic
segmentation (Krizhevsky et al. 2012, Simonyan and
Zisserman 2014, Szegedy et al. 2015, Long et al. 2015).
However, most FCNs that replace fully connected layers
with convolutions, such as AlexNet, VGG16, and

GoogLeNet, have the following drawbacks: 1) object details
disappear due to the use of a simple upsampling procedure,
and 2) location information is lost due to the continuous use
of max pooling.

Network structures were proposed to solve this problem,
featuring an encoder that extracts features without using a
fully connected layer, and a decoder that progressively
increases in size (Ronneberger et al. 2015, Noh et al. 2015,
Badrinarayanan et al. 2017, Jégou et al. 2017). Ronneberger
et al. (2015) proposed a U-net that combines high-
resolution features from the encoding pathway into the
upsampled output to achieve more precise results
(Ronneberger et al. 2015). Noh et al. (2015) proposed a
deconvolution approach with a stride of two to associate
multiple outputs in a single activation step (Noh et al.
2015). Badrinarayanan et al. (2017) applied max pooling as
an upsampling technique. Since the pooling method of
copying the same value loses spatial information, Jégou et
al. (2017) used an upsampling method that stores the
indices at the time of pooling (Badrinarayanan et al. 2017,
Jégou et al. 2017).

In addition to research on network structures, the use of
kernels to improve the performance of CNNs is also being
studied. The wider and more diverse features were extracted
with a small number of parameters through dilated
convolution (Yu and Koltun 2015, Chen ef al. 2017, Yu et
al. 2017, Mehta et al. 2018). Furthermore, a method was
proposed to extract features from various domains based on
flexible receptive domains using a non-fixed data-driven
kernel (Dai et al. 2017, Liu et al. 2017). In this paper, a
receptive field pyramid is proposed in an encoder- decoder
framework with two dilation rates at each convolution
module to detect assembly parts with high accuracy.
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2.2 Efficient receptive field pyramid for the
segmentation of assembly parts in PSSs

To segment PSS assembly parts which are the
rectangular regions including the bolt holes, a modified
version of the convolution module from the receptive field
block (RFB) network, namely the efficient receptive field
block pyramid (ERFP) and inspired by the eccentric
functionality of the human visual system, was adopted (Liu
et al. 2018, Yu et al. 2022). The encoder-decoder structure
of the deep learning network for assembly part
segmentation is shown in Fig. 2. The highlighted
convolution modules in the figure are shown in Fig. 3. The
convolution module begins with a channel modulation
layer, which enhances performance by adjusting feature
characteristics along the channel dimension. To compensate
for the reduction in detection accuracy caused by channel
modulation, two dilation convolutions with different
dilation rates were applied to each standard convolution to
diversify the pathway and extract features of various sizes.
As the captured image consisted of a limited number of
channels, a front layer (Ol.img) that warmed up the
network has been added in the front. After extending the
number of channels to more than eight, the ERFP consisted
of eight convolutions that could be applied (Yu et al. 2022).
The proposed network provides higher accuracy than other
approaches due to the use of 1) a light convolution module
with channel modulation, incorporating various kernel sizes
and two different dilation rates, and 2) hierarchical feature
fusion, which eliminates grid artifacts. The modified parts
in the proposed ERFP are indicated with colored boxes in
Fig.3

The proposed ERFP module searches a wide area using
the input feature map, which is composed of a standard
receptive field convolution with various kernel sizes and a
dilated convolution with a dilation rate that is proportional

Table 1 Efficiency of the network with the channel
modulation layers

Channel Computational Number
Modulation complexity (GMac) of parameters
Including 26.33 24M
Excluding 34.71 336 M

to the kernel size. The proposed ERFP can be expressed by
the following equations

ERFP = fi p(fzp-1)1(f1,1(x))) (1
K

fin(i) = ) 2li+D <kl - wik] @
k=1

D =|2(p +b) - 5| A3)

where x and p are the input feature map and branch in
the ERFP, respectively; fip(x) is a convolution with a kernel
size of (KxK) and a dilation rate of D; and x[i] and w[{] are
the i elements of the input feature map and kernel weight,
respectively. Here, p = [1,2,3,4] and b = [1,2] are the orders
of the standard and dilated convolutions, respectively. In
Eq. (1), we set K =1 when both p and b are 1, and K = 3 for
all other cases. In addition, a convolution module was
constructed to appropriately sum the features extracted from
kernels with various sizes and to add hierarchical feature
fusion to the last output layer for degridding (Wang et al.
2019). Table 1 demonstrates the efficiency of ERFP by
comparing computational complexities and parameter
numbers of networks with and without channel modulation
layers. These layers are located in front of the pyramid and
reduce the channels of the input feature map to minimize
complexities. With the channel modulation layers, the
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computational complexity and the number of parameters
were reduced by 24% and 29%, respectively.

2.3 Assembly performance evaluation with kNN

To evaluate the assembly performance of a PSS, various
image processing techniques were applied to calculate the
positions of the bolt holes on the segmented image. From
the locations of the bolt holes, the distance ratios between
the bolt holes in the longitudinal and latitudinal directions
were calculated. The distance ratios between the detected
bolt holes were used as input variables for the kNN
classifier. The kNN classifier algorithm has been widely
used because of 1) its conceptual simplicity, 2) its ability to
perform a nonparametric analysis with a significant
reduction in the computational load, and 3) the fact that its
error is bounded by twice the Bayesian error when the size
of the training data approaches infinity (Cover and Hart
1967). This method calculates the distance of a new point
from a set of previously classified points and assigns the
unclassified data to the nearest point. Various distance
metrics, such as Euclidean distance, cosine similarity, and
Mabhalanobis distance, can be applied. In this paper, the
cosine similarity method was applied to calculate the
distances of all data during the learning process. Rather than
estimating a numerical model through learning, it iteratively
classifies sample points so that the & closest training data
can be contained in a single feature space (Bhatia et al.
2010).

The results obtained from the kNN algorithm were
compared with those of other widely known classification
learning methods, such as decision trees, discriminant
analysis and SVMs classifiers. A decision tree is a
nonparametric supervised learning method that is used for
regression and classification. Regression and classification
are performed by dividing the input data to create branches
based on specific numeric values or conditions in the data in
the same way that a tree creates multiple branches from a
single stem (Myles ef al. 2004). The discriminant analysis
finds a linear combination of features to classify objects or
events (McLachlan 2005). The SVM model calculates
support vectors among divided clusters of the training
dataset and performs optimization to find the linear decision
boundary that most effectively differentiates the input data
based on the calculated support vectors (Suthaharan 2016,

Noble 2006). The performance contribution of each model
was evaluated by using the root mean square error. In
addition, k-fold cross-validation was used to improve the
model’s performance and prevent over fitting. The
verification procedure was performed five times with the &
value set to 5 for all the tests.

3. Performance validation with a 3D printing model
3.1 Assembly part segmentation with the ERFP

The production of actual PSS components with binary
cases (a part can or cannot be assembled) is challenging due
to its high cost. Instead of manufacturing real-scale PSS
components, 3D printed models with normal and defective
cases were produced for segmentation and assembly
performance evaluation (see Fig. 4). As shown in the figure,
3D models that could and could not be assembled, referred
to as normal and defective cases, respectively, were
produced on a 1:10 scale of the actual model. In this study,
defective cases were created by changing the positions of
the bolt holes. The defective parts were manufactured to
have errors at intervals of 0.2 to 0.3 mm, which is one-tenth
of the bolt-hole tolerance stipulated in the standard
specification for road bridges provided by the Ministry of
Land, Infrastructure and Transport in the Republic of Korea
(Ministry of Land, Infrastructure, and Transport 2013).
Defective and normal bolt-hole cases were manufactured, as
shown in Fig. 4(b). We created two sets of box-shaped PSS
models, with each set containing a total of four assembly
parts. As shown in the figure, we designed 3D models to
include a normal assembly part and three defective
assembly parts, each with different positions of the bolt
holes that constitute the assembly.

To verify the performance of the ERFP segmentation
network, a total of 300 images of the defective and normal
PSS components were collected and labeled. Among the
images, 240 were defective, and 60 were images of normal
components. Of the original and labeled images, 60 (20% of
the total) were reserved for use as test data. Augmented
images were generated by applying elastic distortion,
horizontal flipping, color correction, and affine
transformation to the remaining 240 images. This provided
1,200 training images. PyTorch was used as a deep learning
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framework for model building, and training and testing
were conducted using a workstation equipped with an Intel
Core 17-9700K CPU at 3.60 GHz, 32 GB of RAM, and an
Nvidia GeForce GTX 1080 GPU. The batch size for
training the model was set to 3, and the number of epochs
for learning the entire dataset was set to 300. We set the
batch size considering the image resolution (3840x2748)
and the limited hardware specifications. With the test
dataset containing 60 images, the learning performance of
the assembly part detection approach produced an
intersection over union (IoU), F1 score, precision, recall,
and run time of 96.64%, 98.28%, 98.43%, 98.16%, and
39.27 frames per second (FPS), respectively.

3.2 Assembly performance evaluation based on the
positions of bolt holes

The image processing techniques used to calculate the

positions of the bolt holes are shown in Fig. 5. As seen in
the figure, the misalignment of the image was corrected,

the corners were detected at the sub-pixel level using the
segmented results provided by the proposed deep learning
algorithm. Due to the vagueness of the captured images, a
fuzzy-based edge detection operator that does not specify a
threshold technique was applied (Versaci and Morabito
2021). In the fuzzy logic operator, membership functions
for edge detection were empirically designed through trial
and error, as shown in Fig. 6. The fuzzy rule for
determining whether an edge exists is as follows:

o IF Ig, is zero and Iy, is zero THEN Z.g. is false

o IF I, is not zero or Iy, is not zero THEN /ege. is true

The images applying edge detection algorithms such as
the Canny, Sobel, and fuzzy edge detectors with gradients
in the X and Y axes are shown in Fig. 7. As shown in the
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figure, the edge detection algorithm with the fuzzy rules
achieved the best performance regardless of the background
noise.

After performing fuzzy-based edge detection,
dimensional information, such as the ratios of the distances
between the bolt holes in the longitudinal and latitudinal
directions, was calculated (see Fig. 8) using Hough’s circle
detection and morphological operations such as erosion and
dilation. Utilizing the dimensional parameters of the bolt
holes, the images were classified as normal or defective by
calculating the ratios between the segmented bolt holes.

Once the assembly components were segmented, the
differences between the calculated and predefined relative
positions of the bolt holes were used to evaluate the
assembly performance of the PSSs. In other words, the

ratios of the distances between the bolt holes were used as
the input parameters for the dimensional quality evaluation,
as shown in Fig. 8. For example, the number 1 was derived
from the ratio of the horizontal distances on the far left and
far right. By utilizing ratios rather than absolute distances
for normalization, we ensure comparable values regardless
of variations in image dimensions.

The location of the input parameters can vary depending
on the position of the assembly’s bolt holes, and this paper
is written specifically for a single case where the
information from the drawing is provided. By considering
allowable errors of +2 mm between the outermost bolt holes
in the group and +0.5 mm for each bolt hole, 500 bolt hole
combinations for normal and defective PSSs were randomly
generated, and the machine learning network was trained
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Fig. 10 Training dataset for assembly part segmentation in UAV captured images. The UAV-captured images with applied
augmentation of (a) elastic distortion, (b) horizontal flipping, (c) color jitter, and (d) affine transformation; and (e)

the captured image of 3D modeling structures

Table 2 Dimensional quality evaluation accuracy achieved
with a 3D printing model for normal and defective

assembly parts
Method Decision D1scr1mlpant SVM KNN
tree analysis
Accuracy 95.8 93.7 95.8 97.9

*The best score is highlighted in bold.

based on these combinations. The kNN classifier produced
the best results, as shown in Table 2. The kNN classifier,
which did not make any assumptions concerning the
fundamental data distribution, performed slightly better
than other classifiers in terms of pattern recognition for
binary categories.

4. Field test with a UAV

An experimental test with a full-scale PSS and a UAV
was conducted to verify the performance of the proposed
assembly evaluation algorithm using supervised machine
learning methods. The UAV employed in this study was a
DJI Mavic 2 Enterprise Advanced, as shown in Fig. 9. The
UAV was equipped with an RGB camera with a maximum
resolution of 48 megapixels and a 32x digital zoom. A total
of 100 images were captured through the UAV, and 20 of
these images were used to augment the previously collected
3D printing model images for training the segmentation
network. The augmented dataset was utilized to construct a
deep learning detection model to enhance the accuracy of
assembly part segmentation. However, for the assembly

(d) (e

Table 3 Accuracy of the assembly performance evaluation
with a real-scale PSS.

Method Decision tree Discriminant analysis SVM kNN
Accuracy 93.7 91.2 95.0 96.2

*The best score is highlighted in bold.

performance evaluation using the machine learning models,
the pre-trained model, originally trained on 3D printing
model assembly performance data, was relied upon without
the need for additional data from the UAV. The performance
of the proposed ERFP was verified through the remaining
80 images (20% of the 400 total images). As in the
performance verification approach using 3D models, the
training images were augmented by applying elastic
distortion, horizontal flipping, color correction, and affine
transformation, as shown in Figs. 10(a)-(d). The augmented
images were combined with existing 3D model images as
shown in Fig. 10(e) to construct the training dataset.

The original, labeled, and segmented images obtained
using the conventional RFB and the proposed ERFP are
shown in Fig. 11. The segmentation performance was
evaluated by calculating the IoU, F1 score, precision, recall,
and runtime, which were 95.74%, 97.82%, 97.73%,
97.93%, and 38.31 FPS, respectively. The conventional
RFB method achieved IoU, F1 score, precision, recall, and
runtime values of 92.93%, 96.33%, 95.32%, 97.38%, and
59.56 FPS, respectively. As shown in the figure, the
proposed ERFP yielded better segmentation results for most
PSS images.

By using the trained kNN algorithm and the image
processing techniques described in Section 3, the assembly
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performance achieved with the real-scale structure was
evaluated. A kNN classifier, which attained the best
performance for 3D models, was applied, and it produced a
discrimination performance of 96% in the assembly quality
evaluation. In cases of misclassified assembly results, errors

may arise due to the assembly part segmentation errors or
inaccuracies in detecting bolt holes such as duplicate
detections (see Fig. 12). These inaccuracies can affect the
calculation of input variables used for assembly
performance evaluation. The field applicability of the
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proposed algorithm for automating assembly performance
evaluation in construction was demonstrated by the fact that
the assembly segmentation (IoU) and dimensional quality
evaluation results both had errors of less than 5% (see Table
3).

5. Conclusions

This study proposed a framework for assessing the
assembly performance of PSSs using a vision sensor and
machine learning with the aim of simplifying the
preliminary assembly steps. The proposed method consisted
of two steps: 1) assembly component segmentation using a
modified version of the RFB method and 2) assembly
performance evaluation using the positions of bolt holes
calculated via various image processing methods and kNN.
A convolution pyramid, which was factorized through
channel modulation and an exploration layer with a large
receptive field, was introduced to segment assembly
components with high accuracy and to maintain real-time
computing speed. An assembly quality evaluation for
determining the performance of assembly was achieved by
calculating the distance ratios between the bolt holes in the
segmented components. By applying the kNN learning
method, the assembly performance, which involved the
classification of normal and defective PSS components, was
evaluated. The results obtained with the kNN classifier
were compared with those of other supervised learning
classification methods, such as decision trees, discriminant
analysis and SVMs classifiers.

To evaluate the performance of the proposed method,
experimental tests were conducted with a 3D model and
real-scale PSSs. These tests showed that the assembly
components were detected with an IoU greater than 95%,
and normal/defective structures were classified with an
error of less than 5%. For the images obtained from the 3D
model and onsite PSSs, the kNN classifier, which did not
make any assumptions concerning the fundamental data
distributions, achieved the best assembly performance
classification results, with an accuracy exceeding 95%.
Thus, the proposed framework with two different machine
learning methods for semantic segmentation and quality
classification can provide accurate dimensional quality
evaluation results, enabling automated assembly
performance evaluations for PSSs.

In the future, the proposed method will be improved by
1) improving its segmentation accuracy via the fusion of 3D
point cloud and image data, 2) developing a bolt-hole
position detection algorithm that is applicable to various
types of PSS components, such as nonrectangular or curved
surfaces, and 3) facilitating practical evaluations with full-
scale PSSs for automation in construction scenarios.
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