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Abstract. The objective of this study was to develop a five inertial measure-
ment unit (IMU) sensor system attached to the human body for automatically
identifying the duration of the lifting task (LD) performed symmetrically with
two hands at various hand locations relative to the body, and three other lifting
risk variables including the trunk flexion angle (T), the vertical distance (V) and
horizontal distance (H) of the lifting task defined by the revised National
Institute for Occupational Safety and Health lifting equation (RNLE). The
algorithm that processed the IMU data consisted of two modules: the syn-
chronization module that extracted the synchronization feature of wrists’ motion
data to identify the lifting event; and the lifting variable calculations module that
employed a body segment length ratio model for calculating the risk variables.
The variable calculation module was further modified to include subjects’ body
segment length information for improved accuracy. The wearable system was
validated by motion data collected by a laboratory grade motion capture system
on 10 human subjects performing 360 lifting trials. Results showed that the
model performed well for determining the LD (*1 s error) and T (*2° error).
However, the mean errors for V and H were large (33 and 6.5 cm, respectively).
Inclusion of subjects’ five body segment length measurements improved the
mean errors of V and H to 14 and 2.2 cm, respectively.
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1 Introduction

1.1 Background

Musculoskeletal disorders (MSDs) are a major workplace health problem and eco-
nomic burden. Recent data showed that workplace overexertion injuries were estimated
to cost $15.1 billion a year, accounting for about 25% of the total workers’ compen-
sation cost [1]. Low back disorders (LBDs) are the largest contributor to the total
workers’ compensation cost. The total health care expenditures incurred by individuals
with low back pain alone in the United States reached $90.7 billion a year [2].
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To control and prevent MSDs in the workplace, accurate quantifications of risk
factors are imperative. Substantial evidence has shown that work-related physical risk
factors are the main source of LBDs [3–5]. These physical risk factors include
heavy/repetitive manual lifting, awkward posture, and long work hours. Combinations
of these physical risk factors may lead to an increasing risk of developing LBDs [6].
Reductions of work-related physical risk factors have been the main goal of ergonomic
interventions. To assess the physical risk factors for LBDs, ergonomic checklists or
video task analyses are commonly used by practitioners. However, these observational
risk assessment methods with the primary goal of quantifying postural risks are sub-
jective, resource intensive; and cannot effectively quantify a variety of postures used by
the worker during an 8-h workday [7, 8].

1.2 Trend in the Use of IMU for Ergonomic Assessments

Direct-reading measurements of postural risk exposures were developed by several
researchers in the 90’s [9–12]. However, the complex and bulky set ups did not seem to
be an attractive option for field applications. With the advent of the small, wearable and
light weight features of inertial measurement unit (IMU) sensors, the IMU-based
ergonomic assessments are becoming a new method for tracking postural risks [13].
Many recent studies utilizing IMU sensors for ergonomic research have developed
useful algorithms for measuring body postural angles, primarily the trunk flexion angle
[13–15].

An IMU combines information obtained from multiple electromechanical sensors
(e.g., accelerometers, gyroscopes and magnetometers) to estimate the dynamic human
body motions [16]. The application of IMUs for tracking human motion as a part of the
ergonomic assessment is becoming popular because the collection of the human body
motion does not greatly interrupt with workers’ job performance [13, 17].

Using IMU sensors for ergonomic assessments is a growing research area. Research
over the past 10 years has mainly focused on the accuracy and validation of these
sensor technologies. A literature search was performed using the Web of Science and
Scopus databases. Records identified through the databases with the search term “er-
gonomic assessment” showed more than 7000 articles. The number of the articles was
reduced to 450 using additional keyword search terms “inertial measurement unit” or
“wearable sensor”. Of 450 articles, 42 were identified manually by the authors of this
study to have a research topic related to estimating joint kinematics. These selected 42
studies include various research topics of estimating joint kinematics of: the upper
arm/shoulder [18–29], the cervical spine [30–32], the lower extremity [33–40], the
trunk [13–15, 41–49], the whole body [13, 17, 50–53] and hand movement [54]. The
majority (60%) of the literature had a focus on estimating the whole body posture and
trunk movements.

1.3 Physical Risk Factors for LBDs

Manual repetitive lifting has been identified by many studies as one of the main risk
factors for MSDs [3, 4]. NIOSH has identified several task variables for manual lifting
that are associated with increased risks of LBDs [55]. These task variables are
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summarized in the NIOSH Applications Manual for the RNLE [56]. The manual
provides detailed information on the definitions of the task variables as well as the
measuring methods for them.

Some of the previous studies have developed useful algorithms for measuring body
postural angles, such as the trunk flexion angle [57–59]. However, these algorithms for
processing data from IMU sensors have not been developed for identifying other lifting
risk factors defined by the RNLE [56]. Therefore, the task variables of interest in this
study were the duration of a lifting task (LD), the vertical distance between the load and
the floor (V) and the horizontal distance (H) between the load and the center of the two
ankles. The identification of these lifting task variables and lifting physical risk factors
using IMU sensors provides valuable risk information for interventions.

1.4 Purpose of the Study

Generally, the accuracy of the wearable ensemble of sensors in measuring the body
posture is a function of the number of sensors used. Detailed whole-body biome-
chanical models for tracking accurate body motion typically require 13 to 17 IMU
sensors mounted on various body segments. For example, a commercially popular
IMU-based body tracking system Xsens MVN requires wearing a body suit with 17
IMUs [60]. In our opinion, the high cost, the lengthy setup time and required expertise
for using the software programs for analyzing the IMU data present a challenge for
adoption in the field. One previous study [61] has shown that a five IMU sensor
configuration may adequately reconstruct the whole-body posture to discriminate gross
movement activities. The previous study inspired the researchers to examine the fea-
sibility of using such a simpler system to increase the adoption of the wearable tech-
nology. In short, the purpose of this study was to assess the feasibility of using a five
IMU-based wearable sensor system for automatically measuring multiple physical risk
factors associated with two-handed manual lifting.

2 Methods

2.1 Design of the Five-Sensor Wearable System

Five IMU sensors (Kinetic Inc.) were attached to the subject’s specific body landmarks,
as shown in Fig. 1. These IMU sensors were attached to the wrists, right upper arm,
upper back, and right thigh. To process data from the sensors, we used a hybrid model
that incorporated machine learning and trigonometric functions for detecting lofting
motion and the location of the hands in relation to the body. The input of the model was
6-axial IMU data (accelerometer and gyroscope in 3 axes respectively) sampling at
25 Hz from each of the sensors. The data were fed into two major modules including
the lifting detection module and the sensor fusion module that ran in parallel. The
lifting detection module detected the occurrence of a lifting event with the timestamps
of the beginning (BOL) and the ending (EOL) of the event. The sensor fusion module
kept track of the device orientations in real time at 25 Hz and provided the angles of the
sensors in three dimensions relative to the ground. The sensor fusion model was
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primarily used for correcting the gyroscope data for estimating the orientations of the
body segments during a dynamic workplace environment.

2.2 Lifting Risk Variables

To determine physical risk factors associated with two-handed manual lifting, the BOL
and EOL were required to be identified first. Once the two time instants were deter-
mined, lifting risk factors during the lifting duration could be estimated with the lifting
detection module. Three main lifting task variables used in this study were trunk
flexion angle, V and H. The V and H variables were defined by the RNLE and used by
the American Conference of Governmental Industrial Hygienists Threshold Limit
Values (TLVs) for lifting.

2.3 Lifting Detection Module

The detection of the BOL and EOL was executed by a two-layer algorithm. The lower
layer used data from two wrist sensors as input to check the motion synchronization
feature of the two wrists during lifting; and outputted a binary result of the onset of
synchronization and no synchronization. The higher layer or representative motion
detection was a digital signal processing (DSP) layer that monitored certain events that
had high correlations with the features of lifting, such as bending over and reaching out
with arms. This layer ran only when the lower layer detected synchronization.

Fig. 1. Locations for five IMU sensors (one sensor located on the T12 region on the upper back
is not visible) [Photo credit: CDC/NIOSH].
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Synchronization Feature of Wrist Sensor Data. The lifting detection module con-
stantly monitored motions (i.e., acceleration and rotation) of the two wrist sensors and
determined the level of synchronization of their motions. We assumed that the two
wrist sensors had high levels of synchronized motion when an object was held and
moved by both hands. This assumption was based on the property of a non-elastic
lifting objective that coupled the accelerations and rotations of the wrist sensors.

Machine Learning Algorithm. We used a machine learning approach to build the
lifting detection module. Motion data were collected on 6 subjects performing two
categories of activities: 1) performing common activities while holding a rigid box and
2) performing common activities without holding a rigid box. More specifically, for the
holding-box activities, subjects performed activities of walking, turning around, raising
and lowering arms while holding a rigid box for 30 s each. For the arm free activities,
subjects repeated the above activities without holding the rigid box. The total data
collection times for activities (1) and (2) were about 5 and 15 min, respectively.
A typical sliding window approach [62–65] with a window of 2.5 s and a 0.5 s overlap
was employed. For each window, IMU data from both wrist sensors were used to
extract features which best represented synchronization of the wrist motions. A binary
classification model was trained using a random forest classification algorithm [66].
Open source languages R and Python/C++ random forest tools were used for pro-
gramming the algorithm. The binary training labels were prior-known from one of the
two categories of activities. This approach was used to detect whether the two wrists
were in synchronization at a 0.5 s step size over a 2.5 s long window. Namely, a
decision was made based on previous 2.5 s data and updated every 0.5 s. The ratio of
training and validation datasets is 5:1, resulting in a use of 25 min of hands syn-
chronized data for training and 5 min of data for validation. This module achieved a
training accuracy of 83%–85% detection rate, and about 32% in false alarm rate [67].

Representative Motion Detection. The motion detection layer or the higher layer was
necessary in that the lower layer only provided a binary decision over a 2.5 s window
without providing the exact starting and ending moment of a lifting event. This module
was aimed to detect certain events that were highly likely to happen during lifting
events by tracking the motion data of certain body parts. Sample motions included:
extending arms out together, bending over and turning around in whole body motion.
Each of these motions are extracted from sensor data of corresponding body parts as a
one dimensional signal. The signal had peaks at the moment of these events. These
signals were combined together to amplify the signature event. The exact moment of
BOL and EOL were then available using the peaks of the combined signal. This higher
layer only ran when the lower layer detected the motion synchronization feature of the
two wrists. The lower layer remained idle when both wrists were not in synchro-
nization, such as walking.

2.4 Sensor Fusion Module

IMU sensors typically measure three-dimensional data from accelerometer and gyro-
scope sensors. The accelerometer sensor, measuring three-dimensional linear acceler-
ation, produces a vector sum of the acceleration caused by gravity and the acceleration
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caused by motion. The gravity acceleration provides the device orientation information
if it can be isolated from the sum. The gyroscope measures the three-dimensional
angular velocity (i.e., rotation rate) [68, 69], and the track of history indicates the
changes of device orientation. However, the track has to be done by an integral from
angular rate to angles, which generates a large accumulative drift [70]. An extended
Kalman filter algorithm, similar to that used by Rigatos and Tzafestas [71] was used to
fuse the accelerometer and gyroscope data of a single device and then output gravity
vector information (from accelerometer data) with motion induced acceleration and
bias of gyroscope data attenuated. This gravity vector provided information of device
orientation in real time for improving the identification of the lifting event.

2.5 Calculations of Trunk Flexion Angle, V and H

This sensor fusion was applied to all the individual sensors prior to the calculations of
the lifting risk variables. The trunk flexion angle was directly available from gyroscope
data from the upper back sensor placed on the T12 region of the spine. A calibration for
the trunk flexion angle was performed to account for the natural lordosis of the spine
while standing upright. This means that the trunk flexion angle was calibrated by
subtracting the slight angle from the line of gravity using the data collected during quiet
upright standing.

As shown in Fig. 2, the angular data of four sensors (QUA, QFA, Qback, Qthigh) were
input into the equations below for calculating V and H. Because of the redundant
information of the synchronized wrist motion, data from the left wrist sensor was
ignored in calculating the two variables. Because subjects did not significantly flex the
lower legs during the lifting tasks, the Qcalf angle during lifts was assumed to have little
effect on the calculations of the lifting risk variables. Therefore, the Qcalf angle was not
input into the equations.

Fig. 2. Body length ratio model and angular data of four sensors used for estimating V and H.
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V ¼ Lback � cos hBackð ÞþLThigh � cosðhThighÞþLcalf � LUA � cosðhUAÞ � LFA

� cosðhFAÞ

H ¼ LUA � sinðhUAÞþLFA � sinðhFAÞþLBack � sinðhBackÞ � Lthigh � sinðhThighÞ

The variable calculation module was based on a body length ratio model using the
right forearm length as the basic unit to estimate the lengths of other body segments.
Based on population anthropomorphic data, the length of the upper arm (LUA)
approximated the length of the forearm (LFA); the length of the upper leg (LThigh) or the
lower leg (LCalf) approximated 1.2 times LFA; and the length of the spine (Lback) was
estimated to be 1.4 times LFA. This body length ratio model simplified the data col-
lection process without a need for measuring the lengths of various body segments.

Because the calculations of V and H were based on the actual measurement of the
forearm length, the body length ratio model was able to compute V and H as distances.
To improve the accuracy of the variable calculations method, it was revised to include
input of subjects’ specific anthropometric measurements of forearm length, upper arm
length, back length, thigh length and calf length. In this paper, we used the terms
“ratio” and “ratio + length” as the first and second models, respectively.

2.6 Validation of the Algorithm for Measuring the Lifting Risk Variables

Human Subjects. Ten subjects (five males and five females) in NIOSH, Cincinnati,
Ohio, volunteered to participate in the study. The subjects’ mean and SD for age, statue
and weight were 51.50 ± 9.83 years; 170 ± 7.4 cm and 85.7 ± 20.2 kg, respectively.
Prior to data collection, written consents were obtained from the subjects in accordance
with NIOSH’s Internal Review Board’s approved study protocol.

Instrumentation and Data Collection. Subjects’ motion data were collected in a
laboratory environment with the five wearable IMU sensor system and a motion
capture system (OptiTrack, NaturakPoint Inc. and the MotionMonitor® system,
Innovative Sports Inc.). During data collection, the IMU data were streamed contin-
uously from 5 sensors to a data logger at a rate of 25 samples per second through
Bluetooth connection. Prior to data collection, the internal clock of the sensor data
logger was synchronized with the universal time clock (UTC), which was used to
synchronize the motion capture data and the videos recorded by a Microsoft web
camera at a resolution of 480p. The camera viewing angle was approximately per-
pendicular to the subjects’ sagittal plane.

Subjects were asked to perform symmetrical lifting tasks to produce commonly
used body postures for 12 lifting zones defined by the ACGIH TLVs for lifting clas-
sification (Fig. 3). The definitions of the V and H originated from the RNLE. Basically,
these lifting zones were defined by the combination of H and V for symmetrical lifting
on the sagittal plane. The midpoints of the lifting zones were used as the positions for
starting the lifting tasks, except for zones 1–3, 4, 7, and 10. The alternative starting
locations of the lifting tasks for the exceptional zones were chosen for realistic lifting
motion within subjects’ reach distances. Each task was repeated three times for a total
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36 lifting trials for each subject. The initial lifting positions were adjusted according to
each subject’s anthropometric information. These trials were assigned to each subject
in random order to reduce learning effects.

A wired grid weighing about 0.45 kg and measuring 36 � 12 cm in size with two
cutout handles was used to simulate lifting a tote box during the trials. The grid was
designed to help subjects create a realistic lifting motion while minimizing obstructions
for body motion measurements by the optical motion capture system. A small platform
(12 � 12 cm) was used to hold the grid for setting the initial lifting height. A shelf
(77.5 cm in height) as the ending position of the lifting trials was set up opposite of the
initial lifting location. The distance between the initial and ending positions of the
lifting trials was 3.4 m.

Before each trial, three distances of H were marked on the floor to guide the
subjects to lift from one of the designated zones classified by H (25.4, 45.7 and 71 cm
from the center of the two ankles to the center of the grid). With the pre-determined
locations of the feet and hands in the zones, the lifting postures from the 12 zones were
assured.

Identification of BOL and EOL. Video recordings from the motion capture system
were used to manually identify the beginning and ending of each lifting trial.
Two NIOSH researchers reviewed the video recordings to identify the video frame

Fig. 3. Initial lifting positions based on the ACGIH TLV for lifting (H1: Near horizontal
distance from the basket, H2: Middle distance, H3: Far distance, V1: Vertical height shoulder
level, V2: Waist level, V3: Knee level and V4: Floor level)
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numbers for the BOL and the EOL for each trial. The criteria for determining the frame
numbers were based on the moment when the grid started to move for the BOL and the
moment when the grid was set down completely by two hands for the EOL.

Data Analysis. Because the 12 lifting zones were set up at the BOL, the V, H, and
trunk flexion (T) at the BOL were determined by the motion capture system and used as
the gold standard for determining the accuracy of the algorithm. The motion capture
system calculated V, H and T using matrix and trigonometric functions applied to body
segment and joint center data estimated from the marker clusters in Fig. 1 [8, 72]. The
arithmetic difference in the timestamps identified by the algorithm and the observation
method was used as the error measure for lifting duration. The mean of this error
measure was calculated across all subjects by the lifting zone to evaluate different error
levels as a function of the lifting zone. The measurements of V, H and trunk flexion
angle between the wearable system and the motion capture system were compared
using the Bland-Altman plots. The plots were made for the ratio and ratio + length
models respectively.

3 Results

3.1 Accuracy of Lifting Duration Measurements

Table 1 shows the accuracy levels of LD (EOL − BOL) measured by the IMU system
for the 12 lifting zones. The average accuracy level for the lifting zones was about one
sec (0.939 s), with the largest error 1.079 s for the zone 12 and the smallest 0.622 s for
the zone 5. There was about a one-second systematical delay in identifying BOL and
EOL for each lifting trial by the algorithm. The input of additional body segment length
data did not affect the estimation of the lifting duration.

3.2 Accuracy of V Measurements

Figure 4 shows the Bland-Altman plots for comparing the V variable measured by the
ratio model of the wearable system and the motion capture system. In the Bland-
Altman plot, the Y axis represents the difference in V measured by the two systems

Table 1. Lifting duration differences between the wearable IMU and motion capture systems
(lifting zone number is presented in the parentheses)

Lifting duration differences (sec)
Average ± SD

Total difference within all subjects and zones is
0.939 ± 0.673

(1) 1.056 ± 0.586 (2) 1.036 ± 0.596 (3) 0.949 ± 0.705
(4) 0.879 ± 0.820 (5) 0.622 ± 0.386 (6) 0.754 ± 0.528
(7) 1.052 ± 1.029 (8) 1.032 ± 0.976 (9) 0.913 ± 0.466
(10) 0.884 ± 0.548 (11) 1.014 ± 0.493 (12) 1.079 ± 0.565
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(Vw: wearable system; Vm: motion capture system), whereas the X axis represents the
mean value of V measured by the two systems. The mean of the differences in all
measurements represents the bias or error of the wearable system. The lower and upper
levels of agreement (LOA) represent the 95% confidence interval (±1.96 SD) of the
mean difference. Negative and positive signs of the differences or errors on the Y axis
indicate under- and over-estimation of the wearable system. As shown in Fig. 7, the
mean error (Vw-Vm) of all the measurements was −33 cm. The mean errors of V for
the four vertical zones V1–V4 were −43, −30, −28 and −31 cm, respectively. The
scattered data points of the wearable system for the vertical zone V3 crosses 0 differ-
ence (i.e., 100% matched with the motion capture data), indicating an increased
accuracy level for measuring V between the knuckle and mid-shin heights.

Figure 5 shows the Bland-Altman plots for comparing the V variable measured by
the ratio + length model of the wearable system and the motion capture system. The
mean error (Vw-Vm) of V measured by the wearable system was −14 cm. The mean
errors of V for the four vertical zones V1–V4 were −14, −4, −12 and −28 cm,
respectively. The scattered data points of the measurement errors for all four vertical
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zones cross 0 (i.e., 100% matched with data measured by the motion capture data),
indicating an improved accuracy level for measuring V for all vertical zones.

3.3 Accuracy of H Measurements

Figures 6 shows the Bland-Altman plots for the H variable calculated by the ratio
model. The mean and SD of the error in H measured by the wearable system was
−6.2 cm and 19 cm. The mean errors and SDs of H measured by the wearable system
for H1, H2 and H3 were −12 ± 13.5, −7 ± 13.7 and −23.5 ± 10.9 cm, respectively.
The performance of the ratio model for measuring H was poor. The poor performance
was significantly affected by the horizontal location of the lift deviated from the middle
zones.

Figures 7 shows the Bland-Altman plots for the H variable calculated by the ratio
model. The mean and SD of the error in H measured by the wearable system was
−2.2 cm and 21.9 cm. The mean errors and SDs of H measured by the wearable system
for H1, H2 and H3 were −18 ± 16, −0.9 ± 13.7 and −19 ± 15 cm. With the input of
the body segment length data, the performance of the ratio model for measuring H was
improved. However, the performance was still significantly affected by the horizontal
location of the lift deviated from the middle zones.
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3.4 Accuracy of Trunk Flexion Angle (T)

The Bland-Altman plot for T is shown in Fig. 8. The mean (±SD) of T measured by
the motion capture system and the wearable system were 37.5° (±32.8°) and 39.8°
(±32.9), respectively. The mean error (Tw-Tm) of the wearable system across all
lifting heights was −2.4°. To examine the effect of the different lifting heights on the T
measurements, the mean error is presented as a function of the vertical zones (V1, V2,
V3 and V4) in four different colors in Fig. 8. The mean errors for V1 to V4 were −2.3°,
−1.6°, −7.8° and −2.5°, respectively. Similar to the lifting duration, the use of addi-
tional body segment length data did not affect the accuracy of estimating the trunk
flexion angle.

4 Discussion

This paper describes the development and validation of an algorithm for processing
motion data from a five IMU-based wearable sensor system attached to the human
body for measuring the LD, T and various hand locations (V and H) in relation to the
body at the beginning of the lift.

The study results showed that the algorithm using two wrist sensors was capable of
measuring LD within approximately one second of error. Although there was a sys-
tematic delay in timestamping both BOL and EOL, the large differences in LD between
the two motion measuring systems were primarily caused by increased differences in
the measurements for estimating the timestamps for EOL. The two analysts noticed that
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during EOL, many subjects may have turned their torso while releasing the grid. This
inconsistent lifting behavior may have caused the increased differences in the identi-
fication of EOL between the two motion measuring systems.

The body segment length ratio model using the gyroscope data relative to the
gravity direction did not perform well in measuring V and H. The poor performance
(mean errors of 33 and 6.5 cm for V and H, respectively) of the model was caused by
two main factors. First, a small change in the body segment ratio may result in a large
measurement in the simplistic body segment ratio model. A precise measurement of the
body segments improved the performance of the equations, as shown in the reduced
mean errors of (6.2 and 2.2 cm for V and H, respectively) of the ratio + length model.
Second, the rotations of the sensors on the arm may have caused inaccurate angular
data. The X axis of the gyroscope data relative to the gravity direction was used for
calculating V. The pronation of the arms, in particular the lower arms observed during
the lifting trials in the V1 zone, changed the projection of the x axis on the sagittal
plane. Consequently, the angular data of the sensors on the pronated arms might have
caused inaccurate calculations of V. This finding is substantiated by the increased
errors of both V and H variables in the V1 zone. Because of the increased errors,
cautions should be exercised when using both models for measuring H in the lifting
zones that deviated from the middle horizontal zone.

Upon a closer review of the motion capture data of the lifting trials, we found that
the lifting motion of a small percentage (7%) of the lifting trials was not even (i.e.,
difference in Vm of both wrists > 3 cm) during BOL. This uneven motion may have
produced two effects on the study results. First, it may have caused inconsistent
identifications of the frame numbers for BOL and EOL for even and uneven lifts.
Second, it may have resulted in increased differences of V and H between the two
motion measuring systems. The wearable system, however, could only record the
movements of the right arm. Consequently, inaccurate measurements of V and H by the
wearable system were anticipated due to the uneven lifting motion of both arms.

There was a small percentage (8%) of missing motion data captured by the motion
capture system. Proxy data were used based on the data available within 15 frames of
the frame numbers identified for BOL and EOL. We decided to use the proxy data after
a careful review of the hand and foot positions that matched the position for the BOL
and EOL. This manual identification of the matched body movements may have caused
slight bias in the comparisons of the V and H measured by the two systems.

One of the first direct-reading instruments for mearing trunk kinematics for ergo-
nomic assessments was the lumbar motion monitoring (LMM) developed by Marras
et al. [11] using multiple three-axial electro-goniometer attached to an exoskeleton
system worn by the user. In that study, the accuracy (average 1.7° error) of the LMM
was determined by 20 different ranges of lifting motion. In this study, the 2° error in
measuring the trunk flexion angle by one wearable IMU was similar to that in Marras
et al.’s [11] study and another previous study using an IMU sensor [73].

As compared with other vertical zones, the increased error (7.8°) of this wearable
IMU system in measuring the trunk flexion angle for V3 is unclear. It is speculated that
the trunk flexion angels for the lifting trials in V3 were varying to a larger degree,
which potentially lead to a wider spread of data and the increased average error for this
zone.
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The H and V variables are very critical factors for using the RNLE or the
ACGIH TLV for lifting. Taking measurements for these two variables in the field, the
interruption of the worker’s task is inevitable. Using the proposed wearable system for
measuring the variables may provide a practical solution to the challenge of field data
collection. Although results from this study showed large errors in the measurements of
V and H for a variety of lifting postures, the identifications of BOL, EOL, LD and T by
the system may be useful.

Several limitations of the wearable system are worth mentioning. First, the body
length ratio model used in this study simplifies the data collection process at a cost of
reduced accuracy. Second, with the additional input of the body segment length
information, the improved average accuracy levels of H and V measurements may not
be adequate for measuring hand location deviating from the middle horizontal zone,
above the shoulder and below mid-shin heights. Third, the algorithm cannot be applied
to one-handed or two-handed lifting tasks with uneven lifting movements of the two
wrists. Finally, the algorithm was not designed for any lifting tasks involving trunk
rotation or lateral movements.

5 Conclusions

A five-IMU sensor system attached to the human body was developed and validated for
automatically identifying the duration of the two-handed lifting tasks and three other
lifting risk variables including T, V and H defined by the RNLE and the ACGIH TLV
for lifting. We used a hybrid approach that incorporated a machine learning algorithm
to identify the lifting event first, followed by a body segment length ratio model that
computed V and H with an optional input of the body segment length information for
improved accuracy. The machine learning algorithm performed well for determining
the LD within one second error. The calculation of T using the gyroscope data of one
sensor on the upper back was fairly accurate within 2° error. However, the body
segment length ratio model did not produce robust accuracy levels for V and H, even
with additional input of body segment length information. Some of the findings from
this study may be used for designing an IMU-based instrument for real-time risk
monitoring of two-handed lifting activities in the workplace.
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