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ABSTRACT Farmworkers are often at risk of musculoskeletal health problems, with low back pain being
the most common, accounting for approximately over half of the population worldwide. Moreover, these
musculoskeletal disorders (MSD) are prevalent in other body regions including shoulders, elbows, wrists or
hands. As these issues were found related to inappropriate working postures, it is beneficial to quantify
these postures in order to prevent work-related MSD. The primary focus of this study was to improve
the estimation of the postures and the exposure to non-neutral postures among agricultural workers. Three
inertial measurement units (IMU) were attached to the upper back, upper arm, and forearm of nine workers
while they were performing their regular work activities. A posture characterization algorithmwas developed
to rely on the data from only accelerometers and gyroscopes while excluding magnetometer readings due
to high magnetic disturbance. Despite these challenges, a specialized unscented Kalman filter (UKF) was
developed to achieve a more precise posture estimation. The UKF effectively expanded the range of pitch
angles from ±90 degrees to ±180 degrees, resulting in a substantial improvement in the assessment of
the back inclination as well as shoulder and elbow angles. The study was carried out among workers in a
large-scale plant nursery, revealing instances of extreme postures in the back, upper arms, and elbows during
their work activities. The quantitative findings highlighted the high exposure to ergonomic risks faced by the
workers. This emphasized the urgent need for implementing appropriate measures to mitigate these risks.

INDEX TERMS Agriculture, inertial sensor, human posture, sensor fusion algorithms, unscented Kalman
filter.

I. INTRODUCTION
In the agricultural sector, many workers struggle with
musculoskeletal disorders (MSD), especially the low back
pain, which was estimated to have 50% greater prevalence
than those in other sectors. Furthermore, other body parts
such as shoulders, elbows, wrists and hands manifested
a 20% higher prevalence as compared to non-agricultural
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workers [1], [2]. Low back pain has been the most common
pain site, affecting 39%of individuals in theUnited States [3],
and was ranked as the second most frequent reason for
medical consultations. Approximately half of the Ameri-
can workforce reported experiencing back pain symptoms
annually, and these estimates suggested that around 80%
of people would experience back problems during their
lifetime [4], [5]. Additionally, MSD injuries contributed to
12% of morbidity and absences from work, resulting in a
significant economic and social burden [2]. In the U.S., the
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economic cost of pain in 2010 ranged from 560 billion to
635 billion (100 billion exclusively for back pain) [6], with
an expected upward trajectory [7]. Similarly, in Canada,
expenses reached between 6 and 12 billion dollars in 2014
[2], [8].
Agricultural activities often require workers to be engaged

in strenuous muscular exertion, non-neutral work postures,
and rapid and repetitive movements [9], [10]. An epidemio-
logical study showed that these are some examples of the risks
contributing to the development of MSD [11]. In general,
these risk factors can be broadly categorized into three main
groups: intrinsic factors related to the body, external factors
related to the environment, and task-related factors related
to the nature of the task itself [12]. This categorization
can be used to formulate recommendations to improve the
ergonomics of agricultural tasks, reducing the risk of injury
and promoting the well-being of workers in the agricultural
sector.

In order to better understand these factors, it is crucial
to analyze the relevant postures such as trunk flexion and
lateral bending, shoulder flexion and abduction, and the
angles of upper extremity joints of individuals during their
work tasks in real-world environment. Traditionally, postures
can be characterized using methods such as OWAS [13],
RULA [14] and REBA [15], [16]. Based on the RULA and
REBA techniques, the hazardous postures of trunk inclination
(concerning both trunk flexion and lateral bending) and
shoulder angles are over 60 and 90 degrees, respectively.
However, these methods are subjective to the view of
the observers. Nowadays, the use of technology such
as accelerometers, inertial measurement units (IMU) and
motion capture system [17] was proven to effectively reduce
these human errors. The use of these sensors placed on
targeted body parts provides basic parameters such as tri-axial
accelerations and angular velocities of the human body
segments during rehabilitation [18] and work activities in
agriculture or any other industries. After that, the data need
to be processed using specialized algorithms such as sensor
fusion and the application of rotation matrix to estimate
postures or joint angles.

In this introduction section, the state-of-the-art of the
wearable sensors and the fusion algorithms are presented, and
followed by the objectives of this study.

A. THE USE OF THE IMU AS MEASUREMENT DEVICE
IMU combines accelerometers, gyroscopes and magnetome-
ters, which can provide essential data including linear
accelerations, angular velocities and magnetic field strength
to determine an object’s orientation and movements in a
three-dimensional space. The ability to function without
external references makes IMUs particularly valuable for
detailed kinematic analysis. However, each sensor in the IMU
has specific error characteristics that can impact the accuracy
of posture estimation [19], [20]. First, accelerometers are
sensitive to high-frequency movements, limiting their capa-
bility in capturing rapid changes in acceleration [21], [22],

i.e., measurements are consistently shifted away from the
true values. This can occur due to calibration mistakes or
differences in the manufacturing process.

In addition, gyroscopes can produce readings that drift
over time, even when the object is stationary. This can be
caused by changes in temperature or external vibrations [23],
[24]. In reality, there are manufacturing imperfections that
can cause mismatches in frequencies and quality factors in
resonators [25]. These discrepancies can result in drift and
locking of oscillation angles. Although integrating gyroscope
data with accelerometer data can reduce high-frequency
noise, thus making the output more stable, the yielded angles
are still potentially biased. In other words, this process
can accumulate low-frequency components from the noise,
leading to drift in gyroscope readings over time. This is
a well-recognized challenge when using gyroscopes for
long-term orientation estimation [22], [25], [26], [27].

Lastly, magnetometers can introduce errors due to their
biases, scale factor variations, and susceptibility to magnetic
disturbances [28], [29], often necessitating a calibration
during setup, which can be challenging in real-time scenarios.
Calibrating for hard and soft iron effects is crucial to enhance
accuracy [30]. Moreover, magnetic disturbances from nearby
electronic devices or metal objects can further disrupt
measurements, leading many sensor fusion algorithms to
exclude magnetometers, especially in locations prone to such
disturbances. The decision to include or exclude magnetome-
ters revolves around balancing their potential benefits with
the risk of introducing errors [22], [28], [31]. To address these
aforementioned issues on the sensors, various strategies were
developed like magnetic field rejection [32], [33], [34], zero
velocity updating [35], [36] and kinematic modeling [37],
were implemented alongside sensor fusion algorithms [38],
[39].

B. SENSOR FUSION ALGORITHMS
Despite ongoing research and hardware improvements,
IMU-based systems struggle to capture prolonged, full
three-dimensional motion in unconstrained environments
[40]. Rather than using a standalone accelerometer, gyro-
scope or magnetometer, it is often necessary to combine data
from IMU sensors using one or more sensor fusion algo-
rithms. These algorithms take into account the strengths and
weaknesses of each sensor, and employ mathematical models
to integrate sensor data and correct errors and biases [41].
Various sensor fusion algorithms may be used, such as
Madgwick’s filter [42], [43], complementary filters [43],
[44], Kalman filter [40], [45], extended Kalman filter [46],
[47], [48] and particle filters [34]. These algorithms offer
different levels of precision and complexity, depending on the
specific requirements of the application [49].

The complementary filter can compensate for inherent
errors in each sensor and provide a more reliable orientation
estimate [40]. That is, the gyroscopes act as a low-pass filter
to eliminate accelerometer noise, while the accelerometers
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act as a high-pass filter to correct gyroscope drifts. Using this
sensor-fusion approach, it is possible to obtain an accurate
estimation of the human body’s posture in space. This has
practical applications in various fields [44].
Unscented Kalman Filter (UKF), an extension of the

Kalman filter, is also used to fuse data from gyroscopes
and accelerometers to estimate the orientation of the human
body segments. This filter analyzes a series of observed
measurements over time, including statistical noise and other
uncertainties, to produce estimates of unknown variables that
tend to be more accurate than those based on a single isolated
measurement [50]. The UKF is capable of handling nonlinear
systems [51] through a technique called the unscented
transformation [52], [53] to estimate the state of the nonlinear
system more accurately [54], [55], [56].

C. STUDY OBJECTIVES
This study aimed to quantify agricultural workers’ exposure
to ergonomic risks associated with their work posture.
To achieve this, a UKF algorithm was developed to fuse
accelerometer and gyroscope data to estimate the orientation
of the sensors. This orientation was estimated in terms
of quaternions as well as pitch and roll angles. Then a
mathematical model was developed to use the output of
the UKF to calculate human postural angles. This included
trunk flexion-extension and lateral bending, upper arm
flexion-extension and abduction-adduction, and elbow joint
angles. Real-world data were collected from agricultural
workers on site and was utilized in this calculation.

II. MATERIALS AND METHODS
A. DATA COLLECTION
Data were collected from a large plant nursery located 65 km
from Montreal. Workers provided their informed consent to
a human subject study of which the protocol was reviewed
and approved by the Research Ethics Committee of the École
de technologie supérieure (Reference H20211103, approved
on January 21, 2022). Nine participants who worked in
this facility were recruited; however, due to equipment
malfunction during the data collection, data from only eight
participants were used in this analysis. These participants
had an average age of 38.5 (SD = 7.55) years, an average
weight of 73.5 (SD = 4.78) kg, an average height of 1.65
(SD = 0.091) m and an average BMI of 25.93 (SD =

4.09). The participants were monitored by researchers from a
distance where the researchers also took notes, photographs
and videos.

B. TASKS
The participants’ work day consisted of four sessions of
varying duration from 1.75 to 2 hours. The last session was
dedicated to the interview with the researchers as part of
a larger study, so it was not included in this data analysis.
Since the final goal of this study was to characterize postures
separated by activity, sessions with similar work activities

were grouped together. After reviewing the field notes, six
distinct activity categories were identified as follows:

1) Supervision: 3 sessions, 1 participant
2) Mechanic Task: 6 sessions, 2 participants
3) Weeding: 6 sessions, 3 participants
4) Shrub Trimming: 1 session, 1 participant
5) Grass Sweeping: 1 session, 1 participant
6) Manual Plant Handling: 6 sessions, 3 participants
The full description of each activity, i.e., job task, is written

in our qualitative paper about this study [57].

C. INSTRUMENTATION
This study used IMUs (SXT, Nexgen Ergonomics, Inc.,
Pointe Claire, Canada) to collect data for over 8 hours of
the work shift. This was possible since the sensors were
wireless and had a built-in memory that could ensure more
than 8 hours of continuous recordings. In addition, it was
not necessary to have a communication between the sensors
and a computer during the recordings. This was perfect
to the environment where the data were collected and the
participants were far from one another. The IMU data were
collected at its maximum sampling frequency of 128 Hz.

The IMUs were calibrated before the recording sessions
using their proprietary software (TK Motion Manager,
Nexgen Ergonomics, Inc., Pointe Claire, Canada). At this
step, synchronous short static state sessions were recorded to
set the IMUs’ linear accelerations and angular velocities to
zero, except that the vertical acceleration is set to equal to the
gravitational acceleration.

On the data collection day, three IMUs were attached to the
participants at their upper back between the two scapulae at
the level of their superior angles, upper arm at the midpoint of
the humerus on the lateral side, and forearm at the midpoint
between the olecranon process and the styloid process of the
ulna, as shown in Fig.1. The tracking at these three anatomical
locations allowed the estimation of the inclination of the
trunkas the angle measured away from the vertical line, the
angle between the upper arm and the trunk, and the elbow
angles.

All initial angles calculated from the accelerometers were
filtered using a 4th order Butterworth low-pass filter with the
cutoff frequency of 1 Hz [58].

D. DATA PROCESSING FOR SENSOR ORIENTATION
ESTIMATION
The data processing of this study was divided into two
primary steps: the estimation of sensor orientation and the
calculation of posture. This section presents a customized
UKF to combine accelerometer and gyroscope data, within
Python 3.9.13. This UKF produced valuable orientation
estimates in the form of Euler angles and quaternions.

The UKF algorithm consisted of three stages:

1) INITIALIZATION
The initialization of UKF involved obtaining the initial
quaternion x̄0 from accelerometer data using (1) [59]. Here,
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FIGURE 1. The positions of the IMUs on the three body segments.

600 stationary-state data points (approximately 5 seconds)
were collected at the beginning of each session, and their
median was used as the initial variable x̄0. The covariance
matrix p+

0 was initialized with small values as described
in (2). Multiple p+

0 values were tested, and the optimal one
was selected [59].

x̄0 =


[√

az+1
2 −

ay
√
2(az+1)

ax√
2(az+1)

0
]T

if az ≥ 0[
−

ay
√
2(1−az)

√
1−az
2 0 −

ax√
2(1−az)

]T
if az < 0

(1)

where ax , ay and az were the accelerations in the three
directions: x as anteroposterior, y as media-lateral and z as
vertical directions.

p+

0 = 1 × 10−3
× I3×3 (2)

2) PREDICTION
In the prediction step, gyroscope data ωm = [ωx ωy ωz] was
used to estimate the system state. This step involved several
crucial sub-steps. Firstly, sigma points χ i

k were computed
from the previous state’s covariance p+

k−1 and estimated
quaternions x̄k−1 based on (3) [50], [54], [56]. Secondly, new
quaternions x̂ ik were estimated via the function f from (4)
and (5) [55], and then the predicted state’s mean x̂k was
computed using (6). The third step involved computing the
predicted state covariance p−

k for all sigma points. This
involved the addition of the covariance of the process noise
Qk , as shown in (7). TheQk was computed using the predicted
state’s mean quaternions and the variance of three axes of
the gyroscope σ 2

ωx
, σ 2

ωx
, σ 2

ωx
as shown in (8) [50]. Lastly, the

prediction finished by deriving the new gyroscope bias b+

k
using (9) [55].

χ i
k = x̄k−1 ± (

√
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k−1)i for i = 1 : 2L (3)

x̂ ik = f (χ i
k ) (4)
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1
2
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)
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k −

1
2
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+

k−1 (5)
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1
2L

2L∑
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x̂ ik (6)
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1
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x̂ ik − x̂k

)T
+ Qk (7)

Qk =
1
4
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−q2 q1 q0
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T

(8)

b+

k = b+

k−1 + wb,k (9)

where:
L: Length of the state vector constituted by the four

components of the quaternions, so L = 4
1t: Time sample
ρ: The imaginary part of a quaternion
wb,k : White noise of the gyroscopes
�m was a 4 × 4 skew-symmetric matrix comprised of raw

gyroscope measurement data ωm, as shown in (10) [45].

�m =

[
0 −ωT

m
ωm −[ωm×]

]
(10)

The matrix [v×], where v represented a general variable,
was a standard cross product matrix and defined in (11) [45].

[v×] =

 0 −v3 v2
v3 0 −v1

−v2 v1 0

 (11)

The matrix [▷]q, which related the gyroscope noise vector
wb,k and the gyroscope bias b+

k , was given by (12) [45].

[▷]q =

[
−ρT

q0I3×3 + [ρ×]

]
(12)

3) CORRECTION
To begin the correction step, new sigma points 8i

k were
computed from the predicted statemean x̂k and the covariance
p−

k , as shown in (13) [50], [54], [56]. Then, predicted
measurements ŷik in the form of the pitch and roll angles,
were generated for each sigma point using the measurement
function H in (14) and (15) [45], [50], [60]. Next, their
mean yielded the predicted measurement mean ŷk as shown
in (16). Also, the predicted measurement covariance pyk was
computed using (17), which involved adding the covariance
of the measurement noise Rk [50]. The covariance between
the prediction and the correction pxyk was determined by (18),
leading to the calculation of the gain matrix Kk in (19). This
gain matrix was then employed to estimate the actual state x̄k
by utilizing the difference between the actual measurement
yreal,k and the predicted measurement mean ŷk as illustrated
in (20). Finally, the corrected state covariance p+

k was
computed using the gain matrix Kk , the predicted state
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covariance p−

k and the predicted measurement covariance pyk
according to (21). This adjusted covariance was used in the
subsequent iteration of the UKF.

8i
k = x̂k ± (

√
L · p−

k )i for i = 1 : 2L (13)

ŷik = H(8i
k ) =

[
θ (8i

k )
φ(8i

k )]

]
(14)

ŷik =


atan2

(
2(q0q2−q1q3)
q20−q

2
1−q

2
2+q

2
3

)

atan2
(

2(q0q1+q2q3)
q20−q

2
1−q

2
2+q

2
3

)
 (15)

ŷk =
1
2L

2L∑
i=1

ŷik (16)

pyk =
1
2L

2L∑
i=1

(ŷik − ŷk )(ŷik − ŷk )T + Rk (17)

pxyk =
1
2L

2L∑
i=1

(x ik − xk )(ŷik − ŷk )T (18)

Kk = pxyk · (pyk )
−1 (19)

x̄k = x̂k + Kk · (yreal,k − ŷk ) (20)

p+

k = p−

k − Kk · pyk · KT
k (21)

where the covariance of the measurement noise Rk was
the dot product of the matrix M and the variance of the
accelerometer along the three axes σ 2

ax , σ
2
ay and σ 2

az (22) [50].

Rk = M · divaccel ·MT (22)

with:

M =

 0 az
a2y+a2z

−
ay

a2y+a2z

−

√
a2y+a2z

a2x+a2y+a2z

axay

(a2x+a2y+a2z )
√
a2y+a2z

axaz
(a2x+a2y+a2z )

√
a2y+a2z


(23)

The yreal,k was the transformation of accelerometer data ax ,
ay, az to pitch and roll in Euler angles using trigonometry (23)
[61].

E. DATA PROCESSING FOR POSTURE ESTIMATION
Transitioning to the second step, this section is dedicated to
the posture estimation. The comprehensive plan is outlined in
Fig.2, Fig.3 and Fig.4.

Overall, this stage involved a calibration procedure that
achieved orientation alignment within the coordinates of
individual body segments for each sensor. Also, to further
improve the estimation of elbow angle, the impact of the
movements of the upper arm relative to the trunk was taken
into account through the quaternion’s conjugation operation.

1) SENSOR ALIGNMENT
The reason for transforming the sensor data on a global
coordinate system to body segment coordinates was to

study the orientation of the trunk and the angles of upper
extremities. That is, each body segment, namely the trunk,
upper arm, and forearm, had its own local coordinate system.
This technique was useful since the interest of this study was
to analyze the postures of the body segment where the IMUs
are attached [62].

From the IMUs, the accelerations and angular velocities
were initially in the global coordinate system. The UKF
was applied on these accelerations and angular velocities to
determine the orientation of the IMU sensor at each time step
relative to the initial orientation as shown in the part 1 of
Fig.2.

After the UKF yielded angles in the global coordinate,
the subsequent step involved computing angles of trunk,
upper arm and forearm. At the start of the recording session,
participants stayed in a static position, where all their
segments were aligned vertically while data were captured
as a baseline. This process is referred to as Ipose. This
recording lasted about 4 to 5 seconds. Subsequently, this
data was fed into the UKF. For each Ipose, three parameters
were acquired: the two Euler angles (θIPose, φIPose) and the
quaternions (q0,Ipose, q1,Ipose, q2,Ipose, q3,Ipose), as presented
in the part 2 of Fig.2.

The quaternion of the Ipose was considered as the
orientation of the body segment in the global reference and
used to transform the quaternion estimated by the UKF
into the initial orientation of trunk, upper arm or forearm,
which was still in the global coordinate through a quaternion
multiplication. The following steps were followed:

1) The conjugation of the median quaternion from the
Ipose (24),

2) The multiplication of the conjugated quaternion with
the quaternion estimates, obtained from the UKF,
to derive rotational quaternion estimates in the body
coordinate reference (25).

conj(qIPose) = [q0,Ipose − q1,Ipose − q2,Ipose − q3,Ipose]

(24)

qbody = qglobal · conj(qIPose) (25)

In Euler angle, the Ipose angles (θIPose, φIPose) were
subtracted from the UKF-calculated pitch and roll angles (θ
and φ) to obtain calibrated angles in the local coordinates
of each specific segment (θcalibrated, φcalibrated) [63]. The
final Euler angles were calculated using (26) and (27). This
subtraction of two Euler angles had already been validated
and used in previous studies [63], [64].

θcalibrated = θ − θIPose (26)

φcalibrated = φ − φIPose (27)

Given the study’s emphasis on the trunk, upper arm
and forearm segments, the previously-described process was
applied to each of the three segments. This yielded calibrated
quaternions (qTrunk , qUpperarm, qForearm) and Euler angle
values, as shown in the part 3 of Fig.2.
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FIGURE 2. The transformation of sensor data from sensor coordinates to
body coordinates, part 1 estimating orientation in sensor coordinates
using UKF, part 2 estimating orientation of the Ipose, and part 3 aligning
orientation in sensor coordinates to body coordinates using the Ipose.

From the schema in Fig.2, the trunk inclinationwas directly
calculated.

2) SHOULDER AND ELBOW ANGLES CALCULATION
Unlike the calculation of trunk inclination, in which only one
sensor was used, the shoulder and elbow angles accounted for
multiple segments. That is, the shoulder angle was the angle
between the trunk and the upper arm, and the elbow angle was
one between the upper arm and the forearm.

In Euler angles, the calibrated upper arm angles were
directly subtracted from the calibrated trunk angles, as men-
tioned in (28) and (29). This direct subtraction technique had
also been validated and used in previous studies [63], [64].
However, in quaternions, the angles were obtained by per-
forming a quaternion multiplication between the calibrated
upper arm quaternions and the conjugate of the calibrated
trunk quaternions (30). The whole process for the upper arm
angle calculation is shown in Fig.3.

θcalibrated Upperarm = θUpperarm − θtrunk (28)

φcalibrated Upperarm = φUpperarm − φtrunk (29)

qcalibrated Upperarm = qUpperarm × conj(qtrunk) (30)

FIGURE 3. The characterization of upper arm’s posture.

To calculate the elbow angle, it was necessary to subtract
the rotation of the forearm from the total rotation of the
upper arm. This operation was achieved by multiplying the
corresponding quaternions of the upper arm qUpperarm by
the conjugated quaternions of the forearm qForearm as shown
in (31) [65].

qElbow = qUpperarm × conj(qFrearm) (31)

As presented in Fig.4, the elbow angle calculation
accounted for upper arm movement relative to the reference,
which was the trunk. That is, a quaternion multiplication
was performed on the previously-calibrated elbow quaternion

qElbow and the conjugate of the trunk quaternion qTrunk,
as described in (32) [66].

qCalibrated, Elbow = qElbow × conj(qTrunk) (32)

Then the elbow angle in radian ρ was obtained
from the previously-calculated quaternion qCalibrated, Elbow
through (33) [66].

ρ = Atan2

(
1 − (q22 + q23)

2(q0q3 + q1q2)

)
(33)

Finally, all the angles of interest (i.e., trunk flexion-
extension and lateral bending, upper arm flexion-extension
and abduction-adduction, and elbow flexion) in the time
series of each session were summarized in terms of the
10th, 50th and 90th percentiles, and the percentages of work
time spent on the ranges of angles used in the standard
ergonomic evaluation [14], [15]. Across multiple sessions,
the medians and interquartile ranges of the percentiles of the
three joint angles and the percentages of time when workers
were exposed to specific postures were then calculated.

FIGURE 4. The characterization of elbow angle.

III. RESULTS
The results are presented in two main parts: first, the
validation of the newly-developed UKF and, second, the
calculated postures and postural exposures during each work
activity.

A. VALIDATION OF THE UNSCENTED KALMAN FILTER
1) VALIDATION WITH A GONIOMETER
A preliminary validation for the UKF was conducted using
a goniometer at stationary states. After every 5 seconds,
constant increments of 10◦ was introduced until all the
360◦ was covered. The findings demonstrated that the
UKF performed well, exhibiting congruent results with
the goniometer. In particular, the computed RMSE values
for the pitch and roll angles were 0.0298◦ and 0.0408◦,
respectively. This showed the UKF’s remarkable accuracy in
static conditions.
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2) VALIDATION WITH KALMAN FILTER
The second validation was conducted on the real data under
dynamic conditions. That is, a 300-second chunk of the data
collected in the field was used. This data was collected while
participants were wearing the IMUs and performing their
regular work tasks. The results from UKF were compared
with ones applying the Kalman filter developed by Chen et al.
[40]. As shown in Fig.5 and Fig.6, during a 5-minute section
of the weeding task, the UKF produced approximately similar
roll and pitch estimates, while being noticeably smoother
and more stable than the Kalman filter. Additionally, this
visualization of similarity was supported by the low RMSE
values of 0.78◦ and 1.28◦ for the roll and pitch angles,
respectively. Furthermore, while the Kalman filter cannot
estimate pitch angles beyond ±90◦ due to its mathematical
model [40], the UKF developed in this study overcame this
limitation.

FIGURE 5. The variation of roll angle over time from Kalman filter and
UKF.

FIGURE 6. The variation of pitch angle over time from Kalman filter and
UKF.

3) VALIDATION WITH MOTION CAPTURE SYSTEM
Finally, the validation for dynamic performance was also
conducted by comparing the results from our UKF algorithm
as compared to the angles estimated from theMotion Capture
System (MoCap). The data lasts approximately over one
minute. The sampling rate for the MoCap was 120 Hz. As the
IMU’s sampling rate was 128 Hz, we had to downsample
the IMU data prior to calculate the RMSE as compared to
the MoCap. Then, instead of roll or pitch angle, we directly
compared the quaternions and found the average RMSE of
11.42◦.

B. WORK POSTURES
The outcomes of the six activities are shown in Tables 1 and 2.

1) ACTIVITY 1: SUPERVISION
In the supervision task, while trunk extension was almost
negligible (0.03% of the work time), the worker’s exposure
to trunk flexion was high with 82.96% within the 20◦-to-
60◦ range of flexion. This insignificant extension was also
confirmed by the 10th percentile of the flexion-extension
angle at 18.67◦. Lateral bending was mainly in the 0◦-to-
20◦ range (82.84%), followed by 14.15% within the range
between 20◦ and 60◦, while only 3% of the time exceeding
60◦. This was reflected by the median of only 13.49◦ and the
90th percentile as small as 25.32◦.
Upper arm flexion was predominant, with 12.59% of the

time in the 20◦-to-45◦ range and 81.43% in the 45◦-to-90◦

range. Meanwhile, upper arm extension exposure was less
than 5% of the work time. In terms of arm abduction-
adduction, the abduction was accounted for about 87%
of the work time, leaving the adduction exposure to be
approximately only 17%.

The elbow angles were mostly within the range from 0◦ to
90◦ (50.97%), with the median angle of 84.86◦. Also, there
existed smaller portions of elbow angles in the ranges from
90◦ to 120◦ (12.46%) and from 120◦ to 160◦ (25.81%), while
angles above 160◦ accounted for 10.76%.

2) ACTIVITY 2: MECHANICS
During the activities performed by the two mechanics, slight
trunk extension was observed at 8.53% of the total time.
The time spent with trunk flexion was 26.38% in the range
from 0◦ to 20◦, 47.94% in the range from 20◦ to 60◦, and
10.83% of angles was greater than 60◦. The presence of
the flexion was clearer than the extension, which was also
indicated by the 10th percentile of 0.89◦ and the median of
32.7◦. For the lateral bending exposure, 78.71% of the work
time was in the 0◦-to-20◦ angle range, 12.51% was in the
20◦-to-60◦ range, and 8.79%was in the angles exceeding 60◦.
The median angle of the lateral bending was considered fairly
small (10.58◦). However, the extreme or the 90th percentile
lateral bending was as high as 52.98◦. Still, since its IQR
among the six sessions was fairly large (55.1◦), this implied
the high diversity of postures in this mechanics activity.
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TABLE 1. Angles in degrees in the percentile ranks for the different postures in the six activities:Mean(SD). Note that N/A’s in the mean field are missing
values, and N/A’s in the SD are from the sample size of one.

TABLE 2. Percentage of time in the total work time taken by each posture in the six activities: Mean(SD). Note that N/A’s in the mean field are missing
values, and N/A’s in the SD are from the sample size of one.

The upper arm movement was dominated by the flexion,
with 33.84% of the work time having upper arm flexion in
the 20◦-to-45◦ range, 53.69% in the 45◦-to-90◦ range, and
8.56% above 90◦. Upper arm extension was, in contrast,
negligible (less than 1%) and the 10th percentile of the upper
arm flexion-extension was 27.35◦. The time spent with upper
arm abduction and time with adduction were somewhat equal
and its median angle was −4.7◦. Nevertheless, it should be
noted that the adduction prevailed beyond 20◦ for 26.81%.
This was possible at the time when the participants lied down
and raised their arms over their body to fix something under
the machine.

Regarding the elbow angles, the participants spent 50.72%
of the time having their elbow angle within the 0◦-to-90◦

range. In the other ranges of interest, the angles were from
90◦ to 120◦ for 14.43%, from 120◦ to 160◦ for 25.90%, and
above 160◦ for 8.95%.

3) ACTIVITY 3: WEEDING
While weeding, the participants were exposed to remarkable
trunk flexion. That is, the workers spent a great amount of
time (greater than 80%) in their stooping position, i.e., 20◦ to
60◦ for 41.73%, and greater than 60◦ for 41.74%. Moreover,
the median trunk flexion was 40.46◦ and the high-intensity
flexion or its 90th percentile was as high as 124.41◦. Lateral
bending also stood out. On one hand, the lateral bending was
mainly closer to the neutral range in the 0◦ to 20◦ (42.68%),
which was likely when the worker were standing. On the
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other hand, the greater angles above 60◦ were also observed
for 41.92% of the time, which could be the time when the
workers stooped over to pick up the weed.

For the upper arm movements, both flexion and extension
were generally neutral. They occurred primarily in the 0◦ to
20◦ range (21.41% for extension and 21.04% for flexion).
Nonetheless, larger angles used in the extension posture also
occurred (28.94%). The abduction were more predominant
than the adduction (70% v.s. 30%, respectively).

In terms of elbow angle, the range from 0◦ to 90◦ were the
most common (50.53%), while the angles extended beyond
160◦ were found the rarest (8.88%).

4) ACTIVITY 4: SHRUB TRIMMING
The shrub trimming activity consisted of fairly neutral upper
armmovements. The flexion-extension angles simply had the
median of 0◦. The most common ranges for both flexion and
extension posture werewithin the 0◦-to-20◦ range (about one-
third of the work time), with 32.99% of the time spent on this
slight flexion and 43.3% of the time spent on small extension.
The abduction-adduction angles were also marginal, with
two-third of the time spent in the neutral range (0◦ to
−20◦). Slight abduction was the most common (45.92%) as
compared to the other ranges.

Elbow angles were predominant within the range from 0◦

to 90◦ (51.02%), which seemed to be representative to the
shrub trimming activity when the participants operated the
garden shear.

5) ACTIVITY 5: GRASS SWEEPING
In grass sweeping activity, upper arm flexion was moderate.
On one hand, the time in the neutral range from 0◦ to 20◦

was 23.71%. On the other hand, the angle ranges from 20◦ to
45◦ and those from 45◦ to 90◦ were also somewhat frequent,
accounting for 36.08% and 20.62%, respectively. In contrast,
upper arm extension was quite small (about only 15% of
the total time). The abduction above 20◦ was present with
the high percentage of work time (50.51%) as compared to
others; however, the time spent with arm adduction posture,
i.e., angles smaller than −20◦ were quite little (16.16%).
Regarding the elbow angles, the range from 0◦ to 90◦ was
the most common (54.08%) in this grass sweeping activity.

6) ACTIVITY 6: MANUAL PLANT HANDLING
This activity refers to the time when the participants loaded
the plant containers to the truck and unloaded them to the
shipping area. While performing this activity, the participants
had trunk flexion primarily in the 20◦-to-60◦ range (84.83%)
but had minimal trunk extension (1.08%). The lateral
bending was observed mostly in the 0◦-to-20◦ range (67.6%),
followed by the 20◦-to-60◦ range (24.27%).
The flexion of the upper arm occurredmore frequently than

the extension (about 85% v.s. 15%). This upper arm flexion
could be considered very important since the 90th percentile
of the angle was 62.76◦ and the median angle was 24.62◦.
The abduction and adduction of the arms exhibited in a large

range (from −67.5◦ to 27.84◦ as shown in the 10th and 90th
percentiles of the angle). In the majority of the work time,
the participant had non-neutral abduction-adduction postures,
i.e., having their arm abducted for more than 20◦ for 16.15%
of their time and working in the arm adduction posture for
36.62% of the time.
The elbow angles were less than 90◦ for a significant

amount of time (49.44%). This corresponded with the median
of the elbow angle at 88.11◦. The general range of motion was
presented with the 10th and 90th percentiles of 21.08◦ and
162.28◦, respectively. It is worth noting that the manual plant
handling exhibited some elbow extension; that is, the elbow
angle was above 160◦ for 11.66% of the work time. This was
probably the time when the participants had to stretch their
arms to carry the plant containers on each side of their body.

IV. DISCUSSION
A. UNSCENTED KALMAN FILTER
In this research, a new UKF was developed to fuse the IMU’s
accelerometer and gyroscope data to estimate the orientation
of human body segments. The validation at static state with
an analog goniometer, with the angle raging from -2π to
2π and with the increment of 10◦, showed marginal RMSE
suggesting that the UKF successfully estimated the angles
from the IMU as compared to the goniometer. Additionally,
a comparison between the UKF approach and the Kalman
filter developed by Chen et al. [40] showed promising
results, with the RMSE of 1.28◦ and 0.78◦ for pitch and
roll, respectively, demonstrating accuracy and stability of
the UKF. This confirmed the prior knowledge that the
UKF would handle non-linearity and non-Gaussian noise
typically presented in the signals of human body movements.
The study’s findings emphasized the UKF’s advantages in
providing stable estimates, especially in dynamic movements
with large variation, highlighting its potential for applications
in estimating human body posture from IMU data. Even
though the RMSE as compared to the gold-standard MoCap
during a continuous movement remains moderate (11.42◦),
this amount of error may be considered acceptable for the
purpose of posture estimation in the ergonomic context.
Furthermore, regarding the 3D rotation, quaternions was

chosen as the preferred method due to their reliability and
rigidity. Quaternions provided a compact representation of
3D rotations and were less prone to encountering singularity
issues compared to other rotation methods. The use of
quaternions in this study ensured a more robust and stable
estimation of postures [45], [67], [68].
Besides, the UKF initialization was crucial for posture

estimation, considering parameters like the state vector and
covariance matrix. On one hand, simple zero-initialized state
vectors could have led to slow convergence [65]. On the
other hand, more complex methods like the quaternion fac-
torization algorithm would be effective but computationally
demanding [69]. In this study, the state vector in quaternions
was initialized using accelerometer data [59], proving its
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effectiveness with less complexity. In addition, the covariance
matrix, usually positive definite, with high values, could have
caused noisy estimates [70]. Meanwhile, in this study, it was
initialized with small values (10e3), affecting only the initial
estimation stage.

B. IMPROVED METHOD FOR ESTIMATING POSTURE
Unlike laboratory-based studies using a motion capture
system such that the global coordinate can be directly set [71],
[72], [73], field-base studies using IMUs would require a
reference, that would also needed to be measured. In this
study, a simple and effective method for measuring a refer-
ence coordinate and calibrating for angles was adopted [63].
The reference posture, or Ipose, was when a subject stood
with back straight and arms hanging down. This Ipose
measurement represented the local segment orientations
in the global coordinates. Then the calibration involved
subtracting the estimated local segment angles from the
median angles of the Ipose phase. This subtraction corrected
angle estimations in local segment coordinates. By using
the median angles from the Ipose phase, the reference
orientations were not subjected to variations that might have
been due to unintentionally non-stationary situation.

While previous studies estimated postures based on
individual body segment coordinates, neglecting interactions
and dependencies between body parts [63], this study took a
different approach, using the trunk as a reference for other
body parts. The consideration of the trunk movement in
this study significantly influenced the upper arm posture’s
estimation, leading to more accurate results, especially
in situations or activities that greater trunk flexion or lateral
bending was frequent. Moreover, the angles of the elbow
were also estimated, considering the movement of the upper
arm relative to the trunk. By accounting for the inter-
segment relationships, we employed the approach to improve
the accuracy of the estimation, as proven by the previous
study [65].

In conclusion, it should be noted that few studies have
comprehensively evaluated various upper body postures. This
gap may be due to mathematical modeling complexities or
methodological limitations. Our study provided a compre-
hensive and holistic view of upper body postures, considering
the interplay between different body segments from trunk,
upper arm and forearm. This is considered a significant
contribution to the ergonomics discipline.

C. COMPARISON WITH PREVIOUS STUDIES
1) COMPARISON BASED ON WORK ACTIVITIES
Our findings presented some similarities with previous
studies [74], [75], [76] on certain activities. Based on the
actual movement that the participants performed on the data
collection day, our supervision task (Activity 1) could be
considered as ‘‘manual work’’ or ‘‘mixed between driving
and manual work’’ as explored by Fethke et al. [75].
Comparing between the two studies, the supervisor in our

study exhibited slightly more back flexion than those in [75].
Yet, in both studies, extreme trunk flexion were minimal,
accounting for less than 4% of the total task time. Although
the lateral bending found in both studies stayed within a
neutral range of ±20◦, with over 80% of the work time for
each group, the maximal lateral bending was higher among
our supervision task than one in the previous study. This was
likely due to the fact that the supervisor at this plant nursery
often went out of his way to help the other workers in manual
tasks such as planting (not recorded in this study), which
involved a greater degree of lateral bending.

Moreover, the equipment repair/maintenance in the study
by Fethke et al. [75] corresponded to the mechanics activity
in our study (Activity 2). It was observed that workers in
our study adopt extreme back or trunk flexion posture with
higher degrees. That is, the 90th percentile reached 61.9◦,
while in the study by Fethke et al. the 90th percentile was
only 46.6◦. Additionally, between the two studies, the more
pronounced difference was observed in the lateral bending.
That is, Fethke et al. found extreme values of−14◦ for the left
side and 14.7◦ for the right side [75]. In contrast, in our study,
the 90th percentile reached 52.98◦, exceeding the threshold
considered dangerous for this posture, set at 30◦ [76].

Furthermore, a previous study by Granzow et al. [76]
provided a highly comparable situation with 14 seasonal
workers dedicating 75.8% of work time to manual reforesta-
tion, called ‘‘gardening’’. This population was also similar to
our study in terms of demographics and anthropometry. From
the work posture perspective, this activity was considered
similar to our weeding activity (Activity 3). The extreme
back flexion during weeding exhibited very high intensity,
with the 90th percentile of 124.41◦, whereas in the gardening
activity, the 90th percentile was 80.2◦ [76]. While gardeners
adopted moderate lateral bending, ranging from −14.3◦ on
the left side to 9.4◦ on the right side, our weeding activity
exposed the workers to more extreme postures, with the
90th percentile as high as 138.42◦. Regarding the upper
arm flexion, it was found more frequent in the gardening
activity than the weeding. Overall, both activities presented
a significant number of potentially hazardous postures, but
weeding was characterized by the greater frequency of
high-intensity postures for the back.

In addition, in the study by Granzow et al. [76], the
remaining time was allocated to non-planting activities, such
as loading sacks, shaking and tapping seedlings against
objects to remove particles, unloading and transporting
seedling boxes to vehicle-inaccessible gathering areas [76].
These activities corresponded to the manual plant handling
activity in our study (Activity 6). On one hand, this
non-planting activity featured a slightly lower median of back
flexion than ours (20.4◦ v.s. 28.6◦). On the other hand, their
study showed somewhat greater high-intensity back flexion
in non-planting activities than ours, with the 90th percentile
of 57◦ as compared to ours at 53◦. Still, such differences could
be considered marginal or practically insignificant. As for the
lateral bending, the non-planting activity maintained a neutral
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position with an range of ±9◦, while manual plant handling
exhibited a larger lateral bending. Manual plant handling was
considerably higher in the Manual Plant Handling activity.

Finally, for the two remaining activities, namely shrub
trimming and grass sweeping (Activities 4 and 5), no other
activity with a similar profile was identified in the existing
literature. However, in general, these activities were charac-
terized by moderate back postures. The movements of upper
arm flexion, adduction and abduction could be observed with
extreme intensities.

2) OVERALL COMPARISON WITH DIFFERENT INDUSTRIES
Our study can be compared to previous studies in other
industries as well as those in other agricultural commodities.

First, our research was different from the study conducted
by Lee et al. [77], which was focused on assessing trunk
angles during janitorial work identified as fast-paced and
physically intense and often resulting in unfavorable posture.
While Lee et al. observed that 50th percentile for trunk angles
were approximately 15◦, our study recorded a notably higher
angle of 26.38◦. This indicates that plant nursery activities
generally require more trunk flexion postures. Furthermore,
when considering the percentage of time that individuals
spent in postures ranging from 20◦ to 60◦, Lee et al. found
that the maximum duration was around 32%. In our study,
however, the minimum duration for these postures was
41.73%, and, in some cases, it rose to as high as 84.83%.
This demonstrates a substantial difference in the duration
of these postures between the two studies. When comparing
extreme trunk postures, specifically those exceeding 60◦, Lee
et al. showed relatively low occurrences, with an average
of around 3% of the work time, except for the restroom
cleaning, which had the highest percentage at about 7% of
the time. These percentages seemed notably smaller when
compared to our results, where the range of postures above
60◦ occupied as much as 41.47% of the time for weeding
activity.

Second, our study was also compared to a study in the
horticultural industry Thamsuwan et al. [64] relevant to upper
arm flexion. On one hand, for the 50th percentile of upper
arm flexion angles in the aforementioned study, the results
within a range of 18◦ to 26◦ was quite similar to our study in
the case of our sweeping and manual material handling, but
not for the tasks performed by the supervisors and mechanics
in our study. On the other hand, for the extreme posture
like the 90th percentile of upper arm flexion, our study
(50◦

−86◦) indicatedmore substantial values than those found
in the compared study (43◦

−55◦). Regarding the upper arm
abduction, the results from both studies are relatively close to
each other for both the 50th and 90th percentiles.

D. LIMITATIONS AND RECOMMENDATIONS
The UKF algorithm had an inherent complexity and high
computational demand, leading to long execution time. This
was primarily driven by the process of regenerating sigma

points and applying them to the nonlinear state and the
measurement function at each time step. Memory usage
became a substantial concern in storing and manipulating
sigma points, especially in the case of extended duration
sessions of data collection, like those encountered in this
study (2 hours).

Another shortcoming of the UKF developed in this study
is that the initialization of the parameters was simplified.
Instead, optimizing the input parameters of the UKF,
including the state vector and the covariance matrix, and
using various weights in formulating sigma points, might
improve the UKF’s accuracy [65], [70], [78]. Further work
regarding these parameters using the methods elaborated
upon in the discussion section, the ‘‘unscented Kalman filter’’
subsection, has a potential to enhance the outcomes of the
UKF.

Once the UKF parameters are optimized and the algorithm
is validated, a comparative analysis between the use of these
IMU sensors and a motion capture system can be done. The
use of such a gold standard method for validation is expected
to improve even more the accuracy of the posture estimation.

Furthermore, one practical aspect of our study leading
to future work would be to apply our posture estimation
algorithm to data collected from less robust sensors like
smartphone’s IMUs. For instance, a study by Nath et al.
[79] used accelerations from smartphones to calculate trunk
inclination and upper arm angles to identify ergonomic
risks in gross levels. They also mentioned the possible use
of angular velocities. Their idea of using sensors already
available for everyone who has a smartphone could make
such research affordable and extendable to a larger scale.
Meanwhile, they could predict simply the level of risk that
may not be precise. To compliment this idea, our work
employing UKF may be integrated into this prediction.

Finally, the outcomes of this research will be used as input
for a new analysis using machine learning technique with the
objective to re-groupwork sessions into activities with similar
postures and postural exposures such that similar intervention
may be applied.

V. CONCLUSION
This study provided a new method for posture estimation
using IMUs and their application for ergonomic risk assess-
ment among agricultural workers. The initial challenge was
the high magnetic radiation noise in the data collection
environment. To address this problem, a novel sensor-
fusion filter, the UKF algorithm, was developed to integrate
accelerometer and gyroscope measurements for optimal pos-
ture estimation. The UKF exhibited substantial advantages.
First and foremost, the trunk flexion or forward bending
estimated from pitch angles could be extended to a wider
range (up to 180◦) as compared to the Euler angles estimated
using the traditional Kalman filter (up to 90◦), thereby
yielding comprehensive angle insights. Furthermore, the new
sensor alignment technique facilitated posture calculation
for the upper body by incorporating the trunk movements
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in conjunction with the upper arm and the forearm, thus
enhancing the accuracy of the estimation of shoulder and
elbow angles and enabling a more accurate ergonomic risk
assessment.

This research on large-scale plant nursery workers revealed
their significant exposure to extreme postures of the back
and the shoulders, especially during the weeding task with
high percentage of trunk flexion or lateral bending over
90◦, of which the effect could be further amplified by the
frequent lifting of heavy loads when these particular workers
had to lift the plant containers to clean the area underneath.
Ascertaining worker’s health and safety by mitigating the risk
of musculoskeletal injuries is necessary, and the authors call
for the implementation of ergonomic interventions. Once the
preventive measures are implemented, our method can serve
to reevaluate whether there is an improvement in the posture
of the workers.
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