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Abstract: Monitoring workers’ safety compliance is critical to construction accident prevention.
However, most of the previous research focuses on checking the entry of workers wearing safety belts
and the monitoring of the fastening action of safety rope screw buckles has not yet been considered.
In this paper, a reconstruction method for the safety rope fastening behaviour of workers is proposed
based on inertial measurement units (IMU) and a time series approach to monitor safety belt use.
The proposed method was applied and evaluated through on-site construction experiments. The
experimental results show that the acceleration, angular velocity, and magnetic induction intensity
data obtained by the inertial measurement unit exhibit clear behavioural characteristics during safety
rope fastening. The trajectory of the safety rope can be reconstructed and monitored through inertial
measurement units and a time series approach. The results of this study will contribute to the
reconstruction and monitoring of safety rope attachment trajectories for scaffolding workers working
at heights in order to prevent falls at construction sites.

Keywords: unsafe behaviour; falls from height; inertial measurement unit; quaternions; motion
trajectory reconstruction

1. Introduction

The construction industry is particularly hazardous due to its dynamic work environ-
ment [1,2]. According to the Bureau of Labour Statistics (BLS) in the United States, falls,
slips, and trips accounted for a substantial portion of the fatalities in construction. There
were 370 fatalities in 2021 in construction and extraction occupations due to falls, slips,
and trips, accounting for a 7.2% increase from 2020 [3]. From 2017 to 2021, there were
1919 incidents of falling from heights in China, accounting for 53% of the total housing
and municipal engineering safety accidents [4]. These casualties not only cause irreparable
economic losses but also restrict the sustainable development of the construction industry
to a certain extent. The safety belt is a personal protective device for workers to be used
at various heights; it can prevent casualties and is praised as lifesaving by construction
workers. The safety belt is composed of a lanyard (composed of a strap and metal acces-
sories, which are worn by workers), a safety rope, a buffer bag, and metal accessories, and
is generally known as a fall suspension belt. The safety belt must be hung high and used
low, and the opposite should be avoided [5,6]. The safety rope should be fastened to a
strong body part. However, sometimes, the workers’ safety awareness is poor or workers
are negligent and fail to attach the belt’s safety cord to a fixed structure, which can increase
the risk of falling.

In order to reduce risk when scaffolding workers are working at heights and ensure
their safety, it is crucial to accurately predict the trajectory of scaffolding workers wearing
safety belts. Motion trajectory monitoring plays a key role in achieving this, as it allows col-
laborative robots to proactively respond and anticipate human movements, reducing safety
risks for workers [7,8]. Motion trajectory monitoring refers to the process of forecasting
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the positions of a human body determined by a previous series of its movements with the
highest possible accuracy [9]. Early work on human motion prediction employed methods
such as clustering, Kalman filters, linear regression, autoregression, and nonlinear Gaussian
processes. However, these methods were typically only effective in laboratory settings
and simple scenarios [10]. In contrast, the time series approach is traditionally performed
using data-based models that simulate potential human motion using a manually created
trajectory. These models construct motion trajectories from data [11], in contrast to the first
approach. The primary reason for using data-driven learning methodologies in motion
prediction is that it is more practical to forecast an object’s movement based on observable
data than to use a standard algorithm [11,12]. This is because the movement of an object is
varied and unpredictable.

With the advancement of deep learning algorithms and graphic processing units,
vision-based behaviour recognition has been applied to recognise unsafe behaviour in
construction [13]. Han et al. [14] detected unsafe actions of construction workers using
vision-based depth sensors. Detecting personal protection equipment (PPE), such as safety
harnesses, using a vision-based approach was also studied by Fang et al. [15]. In addition,
motion sensors such as inertial measurement units (IMU) have a high suitability due to their
high durability, availability in low-visibility conditions, and low power usage [16–18]. With
these advantages, IMU is one of the most widely used sensors in the construction indus-
try [19–21]. Joshua and Varghese [22] showed that IMU data can classify the characteristics
of activities. Yoon et al. [23,24] attempted to examine the gait stability of ironworkers based
on IMU data. These studies validated the feasibility of using IMU sensors to extract the
subtle characteristics of workers’ activities. Although these studies focused on classifying
each activity using IMU data and extracting unsafe behaviours from their task sequence, it
is also essential to identify whether a worker’s behaviour follows the safety regulations.

The above literature shows that the unsafe behaviours of scaffold workers working
at altitude can be guided and managed. With the help of IMU, we can monitor the safety
harness fastening behaviour of scaffold workers, which can effectively reduce the number
of safety accidents caused by unsafe human behaviour and greatly promote the automation
and intelligence of construction management. Therefore, to ensure the safety of scaffolding
workers working at altitude, a method based on IMUs and quaternions [25] is proposed to
reconstruct the motion trajectories and buckling behaviours of scaffolding workers working
at altitude. In this paper, based on IMUs used to collect safety rope fastening action data for
scaffold workers working at altitude and quaternions used to establish a trajectory model
of safety rope fastening movement, the safety belt fastening actions of scaffold workers
working at altitude are reconstructed to ultimately realize the intelligent monitoring and
management of construction safety information.

The remainder of this paper is organized as follows. The specific reconstruction
method of the safety harness screw fastening movement of scaffold workers working at
altitude based on IMU and quaternions is explained in Section 2. In Section 3, the feasibility
of the proposed method is verified. In Section 4, the innovations and limitations of this
paper and suggestions for future work are discussed. Section 5 presents the conclusions of
this research.

2. Methods

To ensure the safety of scaffolding workers working at height and prevent falling,
scaffolding workers must wear safety belts (and straps; Figure 1), attaching one end of
the safety rope to the horizontal scaffold pole. According to the operating procedures and
on-site observations, the steps of safety rope use can be divided into several stages. First,
the safety rope is placed around the waist. Second, the safety harness screw is tightened
around the horizontal bar of the scaffold, and the connecting ring is then attached to create
a hanging support, which is very important. The safety belt is not functional unless this
step is completed. To facilitate workers performing tasks at height and not affect these
operations, in this paper, an IMU is fixed at the position where the turnbuckle and the safety
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rope are connected. The IMU is used to collect action data, and the data are transmitted to
a receiver. Quaternions are used to express the attitude changes of the turnbuckle, and a
spatial motion trajectory model of tie behaviour is established to monitor tie movement
behaviour in combination with the safety belt (Figure 1c).

Figure 1. Schematic diagram of IMU-based scaffolding worker safety tethering action data acquisition.

2.1. Quaternions Represent the Action Position of the Safety Harness Screw

The safety harness screw is wrapped around the horizontal bar and attached to the
connecting ring. The completion of this action confirms the belt fastening behaviour of
the scaffolding workers working at altitude. To monitor this behaviour, the first step is to
determine how to describe the gesture of the behaviour [26]. Mathematically, attitude refers
to the parameters of the angular position of the coordinate system of a rigid body and a
reference coordinate system. The action attitude angle represents the change in the spatial
angle of rotation in the carrier coordinate system relative to the reference coordinate system.
The yaw angle, pitch angle, and roll angle are commonly used to describe the rotation
angle of a carrier. A quaternion is an expression of the attitude angle, which can describe
the change in the motion angle of a rigid body and can effectively avoid the generation of
Euler angle singularity. A quaternion consists of a solid unit and three imaginary numbers
~i,~j, and~k, as shown in Equation (1).

q = q0 + q1~i + q2~j + q3~k (1)
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In this paper, a quaternion expression is used to describe the position of the safety
harness screw. The rotation angle is adjusted by changing the quaternion correlation matrix,
and attitude variations are based on changes in the rotation angle. In this work, the safety
harness screw is regarded as a rigid body, and an IMU is fixed at the turnbuckle position
for data acquisition. The IMU and the safety harness screw share a spatial rotation system:
the yaw angle ψ is around the z axis, pitch θ is in the y direction, and roll φ is in the x
direction. The coordinate system is defined as follows. The IMU is fixed in the carrier
coordinate system, and the carrier coordinate system is a front–left–up (xyz) right-handed
coordinate system. The geographic coordinate system is a west–north–sky coordinate
system. If the rotation axis is defined by the directional cosine of the reference coordinate
system and the quaternion norm is unitized, the rotation motion of the safety rope hook can
be conveniently represented. The cosine angle in each direction is based on the yaw angle
ψ, pitch angle θ, and roll angle φ, and the rotation angle is δ. n is the unit vector along the
rotation axis. Mathematically, any vector u changes the angle around the rotation axis n of
the unit vector, and the vector v after rotating an angle δ is determined from Equation (2).

v = q · u · q−1 (2)

where q−1 is the inverse matrix of the quaternion q.
Based on the IMU of the wearable device, we can acquire the three-axis acceleration

sensing data, three-axis gyroscope sensing data and three-axis magnetic sensing data for
the same time interval. The above data are used as the inputs of the algorithm, and the
attitude angle of the safety harness can be calculated with the attitude angle algorithm and
expressed in quadratic form. The attitude angle algorithm is shown below.

In the geographical coordinate system, gravitational acceleration and the geomagnetic
field are g and m, respectively, as expressed in Equations (3) and (4).

g =
[
0 0 g0

]T (3)

m =
[
mx my mz

]T (4)

where g0 is gravitational acceleration and mx and my are the components of the geomagnetic
field corresponding to different coordinate axes. In the carrier coordinate system composed
of the safety harness screw and an IMU, gravitational acceleration and the geomagnetic
field can be expressed as shown in Equations (5) and (6), respectively.

gf = M f g · g (5)

m f = M f g ·m (6)

where gf and m f are the vectors of gravitational acceleration and the geomagnetic field in
the carrier coordinate system, respectively. M f g is the coordinate transformation matrix
from the geographic coordinate system to the carrier coordinate system, as shown in
Equation (7).

M f g =

 cos θ cos ψ cos θ sin ψ − sin θ
sin φ sin θ cos ψ− cos φ sin ψ sin φ sin θ sin ψ + cos φ cos ψ sin φ cos θ
cos φ sin θ cos ψ + sin φ sin ψ cos φ sin θ sin ψ− sin φ cos ψ cos φ cos θ

 (7)

After obtaining the initial geomagnetic field m and gravitational acceleration g data
at a construction site, Equations (3), (5) and (7) are applied. By combining the results
with g f and m f obtained by the IMU in the carrier coordinate system, Equation (8) can be
established, as shown below. gx f

gy f
gz f

 =

 − sin θ
sin φ cos θ
cos φ cos θ

g0 (8)
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where gx f , gy f , and gz f are the acceleration readings in different axis directions in the
carrier coordinate system of the IMU fixed on the safety harness screw. Equation (8) can be
used to determine the pitching angle θ and roll angle φ, as shown in Equations (9) and (10),
respectively.

θ = arcsin(−
gx f

g0
) (9)

φ = arctan 2(gy f , gz f ) (10)

By applying Equations (4), (6) and (7) with mx f , which is the reading from the magnetic
induction sensor (on the IMU fixed on the safety harness screw) along the x-axis of the
carrier coordinate system, as the input, Equation (11) is obtained. Additionally, the yaw
angle is determined as shown in Equation (12).

mx f = mx cos θ cos ψ + my cos θ sin ψ−mz sin θ (11)

ψ = arcsin(
mx f + mz sin θ

cos θ ·
√

mx2 + my2
)− arctan 2(mx, my) (12)

Through the above derivation, Equations (9), (10) and (12) are used to determine the
attitude angles (pitch, roll, and heading) of the safety harness screw, and the attitude angles
are expressed in the form of a quaternion, as shown in Equation (13). The quaternion norm
above is unitized and expressed with a trigonometric function, as shown in Equation (14).
The quaternion represents the rotation change in the direction of each axis of the carrier
coordinate system based on the IMU; that is, it represents the active attitude of the safety
rope buckle when it is attached.

q =


q0
q1
q2
q3

 =


cos ψ

2 cos θ
2 cos φ

2 − sin ψ
2 sin θ

2 sin φ
2

sin ψ
2 sin θ

2 cos φ
2 + cos ψ

2 cos θ
2 sin φ

2
cos ψ

2 sin θ
2 cos φ

2 − sin ψ
2 cos θ

2 sin φ
2

sin ψ
2 cos θ

2 cos φ
2 + cos ψ

2 sin θ
2 sin φ

2

 (13)

q = cos
δ

2
+ x sin

δ

2
~i + y sin

δ

2
~j + z sin

δ

2
~k (14)

where n =
{

x~i, y~j, z~k
}

represents the rotation axis of the unit vector and δ represents the
rotation angle of an action.

2.2. Spatial Motion Trajectory Model of Safety Rope Buckle Fastening Behaviour

In the above subsection, the action attitude of the safety rope buckle when it is attached
is described based on a quaternion approach. With the aim of increasing the representa-
tiveness of quaternion action data, the next step is to establish a spatial motion trajectory
model of the safety rope fastening behaviour of workers working at height.

The specific steps used for safety rope tethering behaviour monitoring are as follows.
(1) A virtual space coordinate system is created, and one part of the human body is set

as the coordinate origin. Considering the action characteristics of the safety rope hanging
behaviour and that the relative position of the waist of a worker performing actions barely
changes, we set the waist as the origin of the spatial coordinate system.

(2) The initial coordinates of the IMU fixed to the safety harness screw are (a, b, c), and
the corresponding coordinate system is established (in a right-hand Cartesian coordinate
system, the front of the person is the x direction, and from the foot to the head is the z
direction).

(3) Then, through the quaternion rotation algorithm in three-dimensional spatial
coordinates, the relative coordinates of the IMU during the safety rope fastening movement
are obtained, and the motion trajectory with the worker’s waist position as the origin is
recorded.
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Starting from the initial state, we monitor and track the fastening of the safety harness
screw and represent the process in a time series [27,28]. By collecting data at each discrete
time point, a series of safety rope fastening actions for scaffold workers working at heights
is established.

The algorithmic flow of the time series approach is as follows.
(1) The natural state point A0 when the IMU is first fixed on the safety harness screw is

regarded as the initial state of action, and the waist position of the scaffold worker working
at altitude is selected as the origin of the reference coordinate system, i.e., (0, 0, 0). Then,
the initial position of the wearable IMU is A0 (0, 1, 1) (assuming that the distance from the
waist to the shoulder is 1 and that the length of a worker’s arm is 1).

(2) A0 is converted to a quaternion, expressed as A0 = 0 + 0~i + 1~j + 1~k.
(3) The quaternion at each discrete time point of the time series {1, 2, 3, . . . , t} is

expressed as {B1, B2, B3, . . . , Bt}. Bt represents the rotation angle of the IMU in this state at
time t, that is, the change in the attitude angle (the change is represented by a quaternion).

(4) At time t, the coordinate of the IMU relative to the initial point A0 is the imaginary
part of the quaternion At = Bt · A0 · Bt

−1.
Based on the complex method of quaternions for matrix operations, the spatial coordi-

nates of the IMU of the safety rope screw fastener fixed at a given moment in the time series
are obtained. Based on the constructed spatial coordinate system and the quaternion data,
the spatial motion trajectory of the fastening action of the safety rope buckle is determined.

2.3. Evaluation of Model Performance

For the evaluation of motion trajectory reconstruction, the final displacement error
(FDE) is often used as an evaluation metric [9,29]. The FDE takes into account the difference
between the predicted point and the true final point. The FDE metric is computed as
Equation (15).

FDE =
∑k

i=1

√(
Ŷt

i −Yt
i

)2

k
(15)

where k is the number of target points, Yt
i and Ŷt

i are the true and predicted locations of
target point i.

Yi =
√

x2
i + y2

i + z2
i (16)

Since in this study the prediction is in 3D space, the location is calculated by distance
formula as Equation (16) using corresponding x, y, and z .

3. Experiment
3.1. Experimental Design

To verify the feasibility of the reconstruction method of safety rope attachment for
scaffold workers based on an IMU and quaternions, the research team conducted field tests
involving field workers and fastening operations. The IMU was fixed at the lower end of
the safety harness screws, and turnbuckle movement data were transmitted to a computer
application that used a practical timestamp to store the data. The test was conducted at
the Harbin Daowai Hospital construction site operated by the China Construction Eighth
Engineering Bureau. There are many scaffolds used in this construction project. Scaffold
workers usually need to climb high to work, so they are exposed to more danger than
others working at ground level. In order to ensure that the individual behaviours of the
different workers were taken into account, 20 workers participated in this field trial, each
of them following the safety rope procedure to attach the safety rope. In this experiment,
the scaffold workers fastened their safety belts according to the actual standard operation
process. When the workers wearing the safety belt were working at height on the scaffold,
they uncoiled the safety rope at their waist, lifted the end of the safety rope with the
buckle slightly higher than the horizontal bar of the scaffold, wound the rope around the
horizontal bar, and then returned the rope down to hook the connecting ring on the safety
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harness. Then, the buckle was pushed up near the lower part of the horizontal scaffold bar
of the scaffold. Finally, the safety rope fastening action was completed (Figure 2). It was
observed in the field test that the workers tied the safety rope to the scaffolding, and one of
the most important actions is to wrap the safety rope with a screw buckle on the horizontal
pole, and this action indicates that the safety rope is in a safe state. An IMU was used to
collect and transmit acceleration, angular velocity, and magnetic induction strength data,
and the action data for the safety rope fastening action were stored in an application on a
computer with a USB receiver.

Figure 2. Field test of safety rope fastening.

3.2. Data Generation

The collection of original data is the most important step in this research, and all data
in this study were collected with the IMU. The frequency of data collection was 50 Hz.
Workers maintained a normal attitude and acted naturally during the process of data
collection. Additionally, they did not deliberately change their behaviour due to the test,
which would affect the authenticity of the measured data. Based on the IMU data, scaffold
workers’ safety belt use when working at heights was monitored, and some collected test
data are shown in Table 1.

Table 1. Some of the raw data collected using the IMU. (Time (ms), Acc(0) [G], Gyr(0) [deg/s],
Mag(0) [uT]).

Time AccX(0) AccY(0) AccZ(0) GyrX(0) GyrY(0) GyrZ(0) MagX(0) MagY(0) MagZ(0)

0 −0.14 −0.412 0.37 −79.6 20.5 −74.1 24.5 72.3 −10.2
0.02 −0.198 −0.213 0.423 −76.9 −5.1 −56.2 23.2 73 −8.6

0.038 −0.262 −0.172 0.363 −98.8 −21.2 −39.4 22.6 73.6 −7.2
0.058 −0.263 −0.304 0.316 −107.1 −19.8 −27.7 21.7 74 −6.2
0.079 −0.199 −0.471 0.361 −98.2 −9.7 −14.8 20.9 74 −4.4
0.099 −0.259 −0.562 0.414 −78.2 −1.6 −26 19.6 73.9 −2.9
0.12 −0.319 −0.573 0.437 −98.2 16.6 −35.4 18.5 73.7 −1.5

0.138 −0.314 −0.523 0.478 −138.1 28.6 −40.2 16.9 73.5 0.3
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Table 1. Cont.

Time AccX(0) AccY(0) AccZ(0) GyrX(0) GyrY(0) GyrZ(0) MagX(0) MagY(0) MagZ(0)

0.159 −0.238 −0.655 0.516 −85.7 51.9 −6.5 15.8 73.2 2.3
0.179 −0.318 −0.981 0.598 −3.4 66.2 32.7 15.5 72.8 3.1
0.2 −0.393 −1.127 0.53 −22.3 54.2 73.2 15.1 72.2 3.4
0.22 −0.363 −1.085 0.408 10.8 55.9 67.6 15.7 71.7 3.7
0.24 −0.583 −0.958 0.516 4.4 0.2 31 16.8 71.4 3.6
0.26 −0.479 −0.639 0.595 −59.2 −37.5 −29.1 17 71.6 3.8
0.28 −0.065 −0.277 0.61 −131.7 −2 −6.9 16.4 71.3 5.4
0.29 −0.09 −0.114 0.614 −111.6 17.3 71.8 17.2 69.7 7.6

3.3. Data Analysis

The safety rope fastening behaviours of scaffold workers working at heights varied.
Data collected by the IMU were visualized. Figure 3 shows the three-axis acceleration
change curve for the safety rope buckle fastening action, and Figure 4 shows the change in
the angular velocity monitored by the three-axis gyroscope during the hooking action of
the safety rope. Figure 5 shows the three-axis magnetic induction intensity curve of the
safety rope hook during the fastening action.

The abscissas in Figures 3–5 are time, and the ordinates are physical components
corresponding to the three axes of the carrier coordinate system, where blue represents the
x-axis component, red represents the y-axis component, and black represents the z-axis
component. Figure 3 shows that the change in the three-axis acceleration data collected
by the IMU is relatively stable in the initial stage, and a variation occurs at approximately
1.5 s. The curve fluctuates significantly between 1.5 s and 3 s, producing two prominent
peaks, and then enters a relatively stable state at approximately 3.5 s. The curve of the
three-axis angular velocity change measured by the gyroscope (Figure 4) and the curve
of the three-axis magnetic induction change (Figure 5) display similar characteristics as
the three-axis acceleration curve. First, the curves are relatively stable; then, they fluctuate
sharply between 1.5 s and 3.5 s before returning to a stable state.
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Figure 3. Three−axis acceleration curve.

In order to reduce the influence of external factors, e.g., the deployment location of the
IMU and the data transmission process on the raw collected data, the Euclidean distance of
3D data, which enables the provision of the most intuitive characterisation of the safety rope
tightening action data, is utlized. Figure 6 shows the three-axis curve of the acceleration
change during the safety rope buckle fastening action, Figure 7 shows the three-axis curve
of the angular acceleration change during the safety rope fastening action, and Figure 8
shows the curve of the three-axis composite magnetic induction intensity during the safety
rope hook fastening action. Figures 6–8 illustrate curves with similar trends; the curves
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are initially stable, fluctuate sharply from between 1.5 s to and 3.5 s, and finally return to a
stable state.

��� ��� ��� ��� ��� ��� 	�� 	�� 
��
�������

����

�

���

����

����

�
��

��
��
��
��
��
�� 

���
��
���

��������������� ��
��������������� ��
��������������� ��

Figure 4. Angular velocity curve based on three−axis gyroscope data.
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Figure 5. Three−axis magnetic induction curve.
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Figure 6. Three−axis resultant acceleration.



Buildings 2024, 14, 219 10 of 15

��� ��� ��� ��� ��� ��� 	�� 	�� 
��
�������

����

�

���

����

����

��
��

��
��

��
���

��������������������������

Figure 7. Three−axis resultant angular velocity.

��� ��	 ��� ��	 ��� ��	 ��� ��	 ���
��������

��

�	

	�

		


�


	

��

�	

��

��
��
��
��
��

��������������������������������

Figure 8. Three−axis composite magnetic induction.

4. Results and Discussions

This section provides an overview of the trajectory results of scaffolding worker safety
rope screw buckle fastening based on a time series approach and experimental data, and
explores the advantages and limitations of this study.

In Section 2.1, the use of quadratic expressions was proposed to describe the tethering
action and position of the safety rope screw buckle. This approach can express the change
in the rotation angle based on the change in the quaternion correlation matrix and express
attitude based on rotation angle change. The acceleration data and magnetic induction
intensity data can be used to obtain the attitude angle for the safety harness screw by
using the attitude angle calculation formulas (Equations (9), (10) and (12)); the result can
be expressed in the form of quadratic numbers (Equation (13)). Figure 9 shows the curve of
the attitude angle corresponding to the safety rope fastening action data from construction
workers; specifically, the attitude angle changes over time, as demonstrated based on the
data collected by the IMU on the buckle of the safety belt. Figure 10 shows the curve of
the safety harness screw rotation vector, that is, the curve of the rotation vector based on
quaternions. Figure 10 shows the change in the rotation angle in the established coordinate
system during the movement of the safety harness screw. Figure 11 shows the projection
changes along the three axes during unit vector rotation in the quaternion approach. As
shown in Figures 9 and 11, the data fluctuations in the range of approximately 1.5 to 3.5 s
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are prominent, with obvious characteristics of fastening action. Figure 10 shows the curve
changes associated with the screw buckle fastening process.
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Figure 9. Attitude angle of the safety rope buckle fastening action.

Figure 10. Changes in the safety harness screw rotation vector.

��� ��
 ��� ��
 ��� ��
 ��� ��
 	��
��������

���


����

���


���

��


���

��


��
��
�

������������������������
�������������������������
�������������������������

Figure 11. Projection changes of the unit vector along three axes during the rotation process.
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Through the collection of the above data, although it is found that the safety rope
screw buckle fastening action and position display obvious fluctuations and characteristics,
the quaternion-based characterization of the initial screw buckle angle changes is clear,
but other detailed actions are difficult to differentiate. To monitor specific actions and
not just assess fluctuations in the data, it is necessary to correlate the data features with
detailed actions. The acquired IMU data were processed and transformed based on a
quadratic correlation approach from raw data containing a single fluctuation feature to
three-dimensional spatial coordinate data with multiple feature attributes. Then, they
were plotted with the spatial motion trajectories in the safety rope screw buckle attachment
process, as shown in Figure 12. Figure 12 shows the trajectory of the entire safety rope screw
buckle fastening action. The safety rope screw buckle moves upwards, and a loop-like
trajectory appears at the uppermost end of the upwards trajectory, which characterizes
the action of the safety rope screw buckle being wound around the horizontal bar of the
scaffold. Such an action trajectory indicates that the scaffold worker has attached the
safety rope and that the worker is in a safe state. The safety rope attachment trajectory
provides real-time monitoring information for construction site safety management. The
final displacement error (FDE) was used to evaluate the model for performing kinematic
trajectory reconstruction, and the FDE value was 3.8%, and the accuracy of kinematic
trajectory reconstruction reached 96.2%, which proved the reliability of the model. Figure 13
shows the schematic diagram of the safety rope attachment motion trajectory in each
dimension. Similar data fluctuation characteristics as described previously were again
observed in the range of 1.5 to 3.5 s.

Figure 12. Movement diagram for safety rope attachment.

Existing research mostly focuses on identifying the behaviour of workers wearing
safety belts on construction sites, with little attention paid to monitoring this behaviour
during high-altitude operations. Through the analysis of experimental data, it can be
determined that the acceleration, angular velocity, and magnetic induction intensity data
obtained by the inertial measurement unit exhibit identifiable characteristics during the
safety rope hanging action. In order to reduce the influence of external conditions, such as
the fixed position of the inertial measurement unit and data transmission, on the collected
raw data, three-dimensional acceleration, angular velocity, and magnetic induction intensity
data can be summed by square root processing and then synthesized into one-dimensional
data. These data can intuitively describe the characteristics of the safety rope hanging
action. On the other hand, the attitude angle changes corresponding to the data of the
safety rope tying action can also be used to indicate the completion of the tying action.
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A spatial motion trajectory model of the safety rope screw buckle fastening behaviour
was established based on a time series approach, and the reconstruction of the safety rope
attachment actions of scaffold workers was achieved.
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Figure 13. Diagram of safety rope attachment trajectories in each dimension.

The above results show that it is possible to monitor the safety harness fastening
action of scaffold workers with the help of IMU and a time series approach. The current
research, which involves a state-of-the-art approach for monitoring the movements of
workers at height, has some limitations, mainly regarding the insufficient amount of data in
the studied sample. Additionally, the physical conditions of construction workers are not
the same, and workers’ operation behaviours, although based on set standards, can vary in
practice [30]. In future studies, additional physical and operational data associated with
the actions of high-altitude scaffold workers will be obtained to reveal the characteristics
of safety rope fastening and support construction management and worker safety and
security. In the future, the combination of artificial intelligence and machine learning will
be explored, and unsafe action recognition and real-time behaviour assessments will be
performed, thus facilitating improved construction safety management through data safety
management measures involving wearable devices.

5. Conclusions

To improve the efficiency of the safety inspection process and effectively avoid
working-at-height accidents, a method based on a combination of IMU and a time se-
ries approach was proposed to establish a spatial movement trajectory model of safety rope
screw buckle fastening. The research results show that (1) the IMU approach is simple to
apply, and an IMU can be fixed directly to the safety rope hook. Additionally, the safety
rope screw buckle fastening action displayed obvious data fluctuation characteristics in the
construction site test. (2) A quaternion approach can be used to describe the attitude of the
safety harness screw fastening action and to develop an algorithm for modelling and recon-
structing the spatial movements of safety harness screw fastening. (3) The reconstruction
method for scaffold worker fastening actions based on IMU and a time series approach
is feasible. By analysing the relationship between the data collected by the IMU and the
worker fastening actions, a spatial movement trajectory of the fastening behaviour is estab-
lished. Ultimately, scaffold workers’ fastening behaviour is reconstructed and a coupled
movement technique is provided for monitoring safety belt fastening, thus contributing to
construction safety management in practice and theory.
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