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Abstract: This study aims to validate the capability of inertial measurement units (IMUs) combined with surface electromyography
(SEMG) sensors for assessing lumbar self-load. Lumbar biomechanical simulation was performed using OpenSim software, and data
collected by IMUs and sEMG sensors were integrated into the simulation to evaluate the system’s performance in assessing lumbar
load under static postures in real environments. In the experiment, 15 IMUs were fixed at human anatomical landmarks, and motion
data and sEMG signals were synchronously collected during isometric tests of lumbar muscles. IMU data were converted into an
OpenSim-compatible format through a self-developed processing workflow to realize musculoskeletal dynamic and kinematic analysis.
The experiment included four types of static posture tests, and six sets of isometric test motion data were collected. The results showed
that under different static postures, the L1-L5 lumbar joints remained stable, the distribution of joint driving torque showed a regular
pattern, and the muscle driving forces were different and basically consistent with physiological reality; SEMG signal analysis verified
the evaluation capability of the system, and the muscle fatigue characteristics were consistent with expectations. This study confirms the
methodological effectiveness of the combination of IMU and sEMG sensors for static lumbar load assessment in real environments,
providing a potential methodological reference for the clinical evaluation of nonspecific low back pain.
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1. Introduction

Biomechanical simulation is a technology based on biome-
chanical principles that uses mathematical models and computer
simulation techniques to reproduce a series of mechanical behav-
iors of biological systems, including the stress state of biological
structural materials, movement laws, and neuromuscular control.
This technology is widely used in fields such as medicine, biology,
neuroscience, sports rehabilitation, mechanics, and robotics [1].

OpenSim is an open-source software platform specifically
designed for biomechanical modeling and simulation, developed
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and maintained by the National Center for Biomedical Comput-
ing (Simbios) at Stanford University. It aims to help researchers
and clinicians better understand and analyze human move-
ment and its underlying physiological mechanisms. OpenSim
has advantages in biomechanical modeling, motion simulation,
biomechanical analysis, and optimal control. Its built-in inverse
solution method applies experimentally measured motion data to
the musculoskeletal model system for biomechanical calculations,
thereby providing ideal evaluation results for the musculoskeletal
system [2].

However, traditional motion capture (MoCap) systems usu-
ally rely on equipment based on optical markers and optical
sensors. Although the optical motion capture (OMC) system is
regarded as the gold standard for motion capture, it has many
limitations: the equipment is expensive and unaffordable for small
studios or individuals; it requires special deployment in a spe-
cific, unobstructed environment; and it is only applicable to fixed
laboratory scenarios and cannot meet the real-time monitoring
needs in real working environments [3, 4]. In contrast, inertial
measurement units (IMUs) as miniaturized wearable sensors have
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the advantages of small size, light weight, and no restriction
by specific environments (such as no need for special camera
equipment). They can replace OMC equipment to realize biologi-
cal information collection in real working environments. An IMU
usually includes a gyroscope and an accelerometer, and adding
a magnetometer can further determine the geographical orienta-
tion and reduce the cumulative error of acceleration and angular
velocity [5, 6].

In recent years, portable IMU sensors have attracted
widespread attention in biomechanical research due to their great
potential [7-10]. In the biomedical field, surface electromyography
(SEMG) is an indicator for evaluating neuromuscular activation
characteristics during skeletal muscle activity, and the intensity
of SEMG signals usually reflects the degree of muscle activa-
tion. SEMG sensors are commonly used measurement tools in
ergonomics and related fields. By analyzing SEMG information
during fatigue, the neuromuscular function state and activity level
can be evaluated, which is an effective noninvasive method for
quantitatively assessing the relationship between external muscle
load and internal response [11-14].

In recent years, with the rapid development of wearable tech-
nology, the application of IMU and sEMG sensors in lumbar load
assessment has received increasing attention. For example, Shari-
atzadeh et al. [15]. designed a wearable system integrating SEMG
and motion sensors, using the wavelet analysis method. In the bicep
curl experiment of healthy adults, they found that the normalized
energy of SEMG signals obtained by wavelet decomposition can
quantitatively predict muscle fatigue during dynamic contraction,
providing an effective means for fatigue assessment in this scenario.
Zhang et al. [16] used the OpenSim model combined with the
OMC system to evaluate lumbar load during walking in patients
with chronic low back pain and healthy controls and found that
the distribution of lumbar joint forces was different from that in
static postures. In addition, Urukalo et al. [17] carried out a study
on human activity estimation based on a single sensor for workers’
low back pain risk assessment: a wearable IMU sensor was worn
on the back, the sensor position was optimized using avatar data,
and a 2D CNN-BiLSTM model was applied to identify activities
in warehouse two-arm operation experiments. Without sSEMG,
the recognition accuracy for 54 low-variability activity categories
reached 91.77%, providing a solution for cost-effective wearable
devices. Fujii et al. [18] proposed a lumbar power-assisted exoskele-
ton control method, using a 9-axis IMU sensor (replacing SEMG)
combined with Convolutional Neural Network (CNN) and Long
Short-Term Memory (LSTM) models for posture classification. In
the lifting test of 10 subjects, it significantly reduced the integrated
electromyographic activity and realized lumbar motion assistance.
These studies show that IMU and sSEMG sensors have broad appli-
cation prospects in lumbar load assessment, but existing studies
mostly focus on specific dynamic tasks or the application of spe-
cial equipment, and there is still a gap in the assessment of static
lumbar load in real working environments. This study aims to fill
this gap by combining IMU and sEMG sensors and using Open-
Sim for musculoskeletal simulation to verify their ability to assess
lumbar self-load under static postures in real environments, pro-
viding new methods and perspectives for the clinical evaluation of
nonspecific low back pain.

The human lumbar musculoskeletal system undertakes the
important functions of supporting the upper body and head
and realizing flexion, bending, and rotation [19, 20]. However,
changes in modern living and office environments and the exten-
sion of human life expectancy have led to more people being
in static postures for a long time (such as office work), which
has significantly increased the incidence of chronic nonspecific
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low back pain [21, 22]. The proportion of low back pain in
occupational diseases is increasing day by day, and prolonged
sitting and poor working postures are considered the main
pathogenic factors [23-26]. In modern industrialized countries,
the prevalence of low back pain is about 40%, of which nonspe-
cific low back pain accounts for more than 70% [27, 28]. Although
a large number of studies have focused on the load of the lumbar
spine and muscles, most existing assessment methods cannot meet
the needs in real working environments. For example, the OMC
system cannot be applied to real-time monitoring in real office
environments, and special force measurement equipment is not
suitable for normal office scenarios [29]. Therefore, miniaturized
wearable IMU sensors are ideal devices for collecting biological
information in real working environments, and their portability
can minimize interference with work tasks.

In practical applications, direct, accurate, and detailed
mechanical measurement of skeletal joints or muscles is impracti-
cal. Therefore, it is necessary to conduct a noninvasive assessment
of the lumbar musculoskeletal system based on models integrating
human anatomy, biomechanics, kinematics, and mechanical prin-
ciples. This study uses a detailed lumbar musculoskeletal model
supported by OpenSim software as the simulation carrier, takes
IMU and sEMG sensors as input sources, and imports data into
a personalized OpenSim musculoskeletal model to verify the lum-
bar self-load assessment capability based on IMU and sEMG
sensors. By analyzing the experimentally collected data, the lum-
bar joint angle, torque, and muscle driving force under different
static postures are evaluated to provide assistance and guidance
for the clinical evaluation of nonspecific low back pain.

2. Materials and Methods
2.1. Subjects

Four healthy male volunteers participated in the experiment
(aged 25 + 1 years; height: 174 + 4 cm; weight: 65 + 5 kg).
All subjects had no history of low back pain, trauma, or pain,
did not engage in strenuous physical activity one week before the
experiment, and signed informed consent forms.

2.2. Instruments and materials

An IMU system (REBOCAP, Jiangsu, China) was used
to collect motion data, which included 15 sensors for captur-
ing motion information. The preprocessing of motion capture
included standardized sensor placement and calibration proce-
dures. A dual-channel sSEMG system (Sichirray, Wuxi, China) was
used to record SEMG activity in the lumbar erector spinae region
of the subjects.

Auxiliary materials used in the experiment included Ag/AgCl
electrodes, 95% ethanol, paper towels, a stopwatch, and a motion
platform to assist in recording the subjects’ experimental move-
ments. SEMG data were recorded and processed on a computer
running the Windows operating system.

2.3. Loads and tasks

All tasks in the experiment were completed using the subject’s
own body weight. The posterior lumbar muscles mainly include
the multifidus, erector spinae, and iliocostalis lumborum (IL).
Static isometric tests were used [30-32] (dynamic components
were excluded because this study focuses on static postures).

Static motion data and SEMG signals were collected during the
execution of tasks for six body postures involving lumbar muscles
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in four groups, namely: quiet standing, quiet sitting, right lateral
bridge, left lateral bridge, right bird-dog, and left bird-dog [33, 34].
Before the test, the subjects were instructed on posture standards
and electrode placement methods. After skin preparation with 95%
ethanol, sSEMG electrodes were attached to the designated positions.
During the test, the subjects first lay supine on a yoga mat to relax,
entered the target posture and maintained it upon instruction, and
timing began. After completing each posture, the subjects rested
for at least 10 min to ensure complete muscle recovery, and the
entire test process was repeated twice. Before the test, the subjects
were guided on maintaining standard postures, and researchers
monitored the entire test process to ensure the subjects maintained
correct postures.

2.4. Motion data collection

Motion data processing was realized through the process
of IMU capture, Python script-based data conversion, and
transmission of marker trajectories to OpenSim.

Each IMU sensor adopted a 9-degree-of-freedom unit with
a magnetic field calibration function, consisting of a 3-axis
accelerometer, a 3-axis gyroscope, and a 3-axis geomagnetic sen-
sor [35]. This study was based on motion data in BVH (Biovision
Hierarchy) format output by the device host software. (The
placement position of IMU sensors is shown in Figure 1).

Figure 1
Photo of the experimental participant wearing IMU sensors and
a dual-channel sSEMG sensor

2.5. Motion data conversion

The motion data captured by the IMU system were encap-
sulated in BVH format. BVH is a common output data format
for biomechanical motion capture equipment. The human skeletal
model is described as a virtual humanoid topological struc-
ture framework defined based on 24 nodes; 15 IMUs were
placed on designated body segments, respectively. BVH files store
bone (structure) and motion (data) information. Each BVH file
includes two parts: bone information describing the hierarchi-
cal structure of key nodes of the human skeleton (Figure 2),
where nodes are defined recursively, and a data block contain-
ing information of these key nodes, recording the position and
rotation information of each node per frame. Motion is described
by parameters such as OFFSET (relative displacement between
the node and the root node ROOT) and CHANNELS. CHAN-
NELS usually include six items: three position coordinates and
three Euler angles representing rotation [36-38].

Figure 2
Topological diagram of the BVH skeletal structure exported by
IMU sensors, characterized by “key nodes”
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The first step of data conversion was to convert the posi-
tion information in the BVH file into a comma-separated values
(CSV) file under the world coordinate system for OpenSim to
read. The open-source Python script “BVH-converter” was used
to convert the BVH file coordinates to world position (world-
pos), and then the world coordinate system CSV file containing
node motion information was converted into an OpenSim marker
trajectory (.trc) file. The complete processing flow is shown in
Figure 3.

2.6. Lumbar joints inverse kinematics

The experimental dataset included six static self-load pos-
tures: quiet standing, quiet sitting, right lateral bridge, left lateral
bridge, right bird-dog, and left bird-dog (as shown in Figure 4).
Information on L1-L5 lumbar joints was extracted for feature
analysis, and Figure 5 shows the angle changes of lumbar joints
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Figure 3
Flowchart of converting the BVH dataset to OpenSim marker
files. The original motion BVH data are processed through a
two-stage Python script and finally generate .trc files compatible
with OpenSim 4.5

Python Script Python Script

BVH type (bvh-converter) CSV type (csv-converter) TRC type
motion data bvh-file are position data | = m | marker data
(*bvh) o (*.csv) (*.trc)

trc-file in OpenSim
coordinates

converted to csv-file
in world coordinates

Figure 4
Schematic diagrams of experimental postures: (a) quiet standing,
(b) quiet sitting, (c) bird-dog, and (d) lateral bridge

under three postures. Lumbar joint inverse kinematics data within
a stable 5-second window were extracted.

The OpenSim musculoskeletal model used to evaluate the
lumbar system in this study was the publicly available OpenSim
“full-body lumbar musculoskeletal model,” which has complete
muscle tissue and lumbar degrees of freedom, with five lumbar
joints modeled separately. The overall lumbar motion includes
flexion, axial rotation, and bending.

2.7. Lumbar joint inverse dynamics

The initial solution method for inverse kinematics adopted
the calculation method used in the OMC system. Since the
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Figure 5
Temporal evolution of lumbar joint angles during three movement
tests: (a) quiet standing, (b) left lateral bridge, and (c) left bird-dog
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experiment measured static postures, it was considered unnec-
essary to perform filtering processing other than standard
preprocessing on the sensor data.

The motion of the OpenSim model is determined by its
generalized coordinates, velocities, and accelerations. The inverse
dynamics tool solves the motion equation using the known model
motion (inverse kinematics output results) to obtain the unknown
generalized forces [39-41].

2.8. Lumbar joints static optimization

To characterize the ability of IMU-based marker data to
assess human lumbar biomechanics, this study analyzed the static
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optimization results, especially the forces exerted by the muscles
responsible for lumbopelvic stability in the model.

For the right and left lateral bridge postures, the driving
forces of the IL pars lumborum and longissimus thoracis pars
lumborum (LTpL), which are responsible for lumbar stability and
support in the model, on the L1-L5 lumbar joints, as well as the
forces on the intervertebral discs between L1-L5 lumbar joints
when driven, were adopted, respectively.

For comparative analysis, the joint forces of L1-14 inter-
vertebral discs (IL) or L1-L5 intervertebral discs (LTpL) under
different postures in the same group were averaged within a 1-
second time domain (60 data points) to obtain the overall lumbar
joint force measurement value. The effectiveness of the method
was verified by comparing the overall average joint forces under
the two postures.

The average value of the four joint forces was the average
within 60 frames, where “f” is the number of frames in 1 second,
“Ibr” is the number of lumbar joints, and “IL_L,_I/;” is the joint
force of the left lumbar L1 in the first frame of data. The overall
average joint force was used to normalize different postures:

60 [ 4 1
mean_AVG,= % iz %(2 IL_Ljp_r f) } 1

=1 Ior=1

2

f=1 lbr=1

60 4
1 1
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2.9. sEMG fatigue signal acquisition and feature
analysis

Each sEMG sensor channel adopted a three-electrode dif-
ferential configuration to maximize the suppression of common-
mode interference. According to the Nyquist-Shannon sampling
theorem [42, 43], to achieve aliasing-free SEMG signal collec-
tion, the sampling frequency of the sEMG sensor was set to
1000 Hz.

Electrode placement: a dual-electrode scheme was adopted
on each side, with a pair of electrodes spaced > 2 cm apart, placed
longitudinally along the erector spinae muscle group, 2—4 cm lat-
eral to the spinous processes of L1-L5, and the ground electrode
was placed in the sacral region between S1 and S3 (Figure 1).
Before the experiment, 95% alcohol was used to wipe the electrode
attachment sites to remove oil and cutin from the skin surface.
The wearing position of the SEMG sensor is shown in Figure 1.

Fatigue induction and perception: the subjects rested fully
before task execution. During the test, the subjects tried their best
to maintain the standard posture until they reported involuntary
tremor or the researchers observed posture deviation, and then
the SEMG recording was stopped. This method is widely used in
the induction and evaluation of muscle fatigue [44—47].

Feature analysis:

Continuous wavelet transform (CWT): characterizes the
time-frequency characteristics of SEMG signals in each sensor
channel during the entire fatigue process. CWT can effectively
capture dynamic changes related to muscle fatigue [15, 48, 49].

Frequency band energy distribution: characterizes the pro-
portion of SEMG frequency band energy during fatigue. Studies
have shown that this distribution can reflect different stages of
muscle fatigue [15, 50].

Median frequency (MDF): characterizes the muscle fatigue
characteristics during the test. A decrease in MDF is usually
associated with increased muscle fatigue [15, 50].

Median frequency: characterizes the muscle fatigue properties
during the test. A decrease in MDF is typically associated with
increasing muscle fatigue [51, 52].

Root mean square (RMS): analyzes the changes in muscle
activation/inactivation characteristics during task execution under
different postures. Changes in RMS value reflect the degree of
muscle activation [53, 54].

2.10. Data analysis

2.10.1. Data processing

The lumbar joint angles of the three postures were nor-
malized by Max—Min according to their maximum flexion angle
range.

The flexion joint torques under the two lateral bridge pos-
tures were normalized by Max—Min according to their maximum
torque range.

The IL and LTpL force data under the left and right lateral
bridge postures were normalized by Max—Min according to their
respective maximum ranges.

The CWT results of sSEMG signals and the energy intensity
of time-frequency profiles of each channel were normalized by
Max—Min.

Morlet wavelet was used as the basis function for CWT anal-
ysis, with 32 scales per octave and a total of 287 scales. The
SEMG energy was divided into five frequency bands (0-20 Hz,
20-60 Hz, 6090 Hz, 90-150 Hz, 150-500 Hz), and the mus-
cle fatigue stage was quantified by the proportion of frequency
band energy (detailed calculation parameters and formulas see
Supporting Information S2.10.1-1).

During the entire fatigue-inducing process, the SEMG signal
was evenly divided into three parts. After calculating the MDF
value of each part, the least squares method was used to fit the
slope (fitting equation: y= p;x+p,), and the fitting effect was ver-
ified by the sum of squared residuals (detailed residual calculation
method see Supporting Information S2.10.1-2).

The RMS value was used to reflect the degree of muscle
activation, and the calculation logic was the square root of the
average of the squared signal collection values (detailed calculation
formula see Supporting Information S2.10.1-3).

2.10.2. Statistical analysis

Frequency band energy: paired sample f-test (Wilcoxon
signed-rank test was used due to possible non-normal distribu-
tion) was used to analyze the changes in the proportion of energy
in specific frequency bands between activated and inactivated
muscles and compare the average proportion differences in spe-
cific frequency bands (such as 20-60 Hz, 90-150 Hz, grouped by
10 Hz increments). The significance level was set to o = 0.05 [55].

Median frequency: paired sample #-test (Wilcoxon signed-
rank test) was used to estimate the MDF difference between the
non-fatigue segment (first 1/3 of the signal) and the fatigue seg-
ment (last 1/3 of the signal) under each activity state (paired by
the non-fatigue MDF and fatigue MDF of each active/inactive
state). The significance level was set to o = 0.05 [56].

Root mean square: paired sample #-test (Wilcoxon signed-
rank test) was used to estimate the RMS difference between
activated and inactivated muscles within each posture group
(paired by the RMS of activated muscles and the RMS of inac-
tivated muscles). The significance level was set to a = 0.05 [34].
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graphs were presented as mean + standard deviation (SD). The
significance level was defined as p < 0.05.

All data were expressed as mean =+ standard error (SE), and

3. Results

3.1. Lumbar joint angles and torques

Under static experimental postures, the change in joint angle
was extremely small. The temporal change of angle was mainly
attributed to muscle fatigue [57, 58], changes in muscle ten-
sion, and nervous system regulation during posture maintenance.
Figure 5 shows that the fluctuation of lumbar joint angles in the
three postures within the min-max normalized range was very
small (see Supporting Information Figure S1 for the original angle
data graph).

3.2. Estimation of joint torque

The torques on the intervertebral discs calculated by inverse
dynamics under three postures are shown in Figure 6: (a) quiet
standing, (b) left lateral bridge, and (c) left bird-dog posture.
Each group shows the bending, flexion, and rotation forces of the
lumbar intervertebral disc, respectively.

1) Under the left lateral bridge posture, the distribution pat-
terns of the bending force (bending, denoted as /VDpendjnt)
and axial rotation force (rotation, denoted as IVDiyyn;) Of
the L1-L5 intervertebral discs were consistent, both gradually
increasing from L1-L2 to L4-L5, while the distribution of the
flexion force (flexion, denoted as IV Dj,) of the L2-LS5 inter-
vertebral discs was opposite to the above two forces, gradually
decreasing from L2-L3 to L4-L5. The specific data are shown
in Figure 7 and Table SI.

2) Under the left bird-dog posture, the distribution patterns
of the bending force (bending, denoted as IVDpeygjn) and
axial rotation force (rotation, denoted as IVDyyn) of the
L1-LS5 intervertebral discs were consistent, both gradually
decreasing from L1-L2 to L4-L5, while the flexion force
(flexion, denoted as 1V Djy) of the L2-L3 to L4-L5 inter-
vertebral discs gradually increased, as shown in Figure 8 and
Table S2.

To intuitively show the torque distribution of the L1-L5
lumbar intervertebral discs under the left lateral bridge and left
bird-dog postures, the torques borne by the bending, axial, and
rotation forces of the lumbar intervertebral discs during the two
posture tests were normalized. The average value of the four
joint torques was the average within 300 frames, where “f”
is the number of frames in 5 sec, “fype” is the type of joint
torque, “joint” is the number of the lumbar intervertebral disc,
“L1-L2_1VDyepgini_1” (L1-L2 denotes the intervertebral joint
between L1 and L2. For details, refer to the Lumbar Joint col-
umn in Supplementary Information Table S1.) is the joint bending
torque of the L1-L2 lumbar intervertebral disc in the first frame
of data (N-m), and N is the total number of frames, which was
300 frames in this experiment.

N
1 .
TORQUE, = W;Jomt_IVD,ype Y (3)
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Figure 6
Intervertebral disc torques calculated by inverse dynamics under
three postures: (a) quiet standing, (b) left lateral bridge, and (c)
left bird-dog. Each group of diagrams shows the torques of
bending, flexion, and axial rotation of the intervertebral disc
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3.3. Lumbar joint muscle forces

The left lateral bridge posture was mainly maintained by the
left muscles of the body, especially the erector spinae muscle group;
similarly, the right lateral bridge posture was mainly maintained
by the right erector spinaec muscle group. The forces exerted by
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Figure 7
(a) Torque distribution of bending, (b) flexion, and (c) rotation
borne by L1-L5 lumbar intervertebral discs under left lateral

bridge posture
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these related muscle groups on the lumbar joints are shown in
Figures 9 and 10.

3.4. Lower back muscle fatigue analysis

To evaluate the degree of lumbar muscle fatigue under
different postures, lateral bridge and bird-dog postures were

Figure 8
(a) Torque distribution of bending, (b) flexion, and (c) rotation
borne by L1-L5 lumbar intervertebral discs under left bird-dog
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used to induce fatigue, and the time—frequency domain char-
acteristics of SEMG in the bilateral erector spinae region were
characterized.

CWT was used to characterize the SEMG signal charac-
teristics of each sensor channel during the entire muscle fatigue
process. CWT can effectively capture dynamic changes related to
muscle fatigue [48].
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Figure 9

Forces exerted by the IL on L1-L4 lumbar joints: (a) the result of

left lateral bridge posture and (b) the result of right lateral bridge
posture
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Figures 11 and 12 show the time-frequency energy evolu-
tion of SEMG signals under lateral bridge and bird-dog postures,
respectively. The energy of activated muscles was mainly con-
centrated in the low-frequency band of 20-200 Hz, and there
were differences in the time—frequency domain energy of bilateral
channels under the same posture.

Band energy distribution charts characterize the temporal
evolution of energy proportions across different SEMG frequency
bands during fatigue. To analyze differences in frequency-domain
energy distribution between muscle activation and non-activation
states, SEMG frequencies were divided into five bands. The rel-
ative energy proportions of these bands are shown in Figure 13
(a, b, and c, d represent left- and right-side bridge dual-channel
time-domain frequency band energy proportions) and Figure 14
(a, b, and ¢, d represent left and right bird-dog dual-channel time-
domain frequency band energy proportions). Statistical analysis
revealed regular patterns in the 20-60 Hz and 90-150 Hz fre-
quency bands. Subsequently, paired -tests (Wilcoxon signed-rank
test) were employed to statistically evaluate the average differences
between activated and non-activated states across groups. [55]

In the experiment, under specific postures and specific fre-
quency bands, the difference between fatigue-induced muscles and
non-induced muscles reached statistical significance. The results
of the 20-60 Hz and 90-150 Hz frequency bands are shown in
Figure 15 (all subjects).

Statistical results confirmed that there were significant differ-
ences in the energy proportion between activated and inactivated
muscles in specific frequency bands (Figure 16):
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Figure 10
Forces exerted by the LTpL on L1-L5 lumbar joints: (a) the
result of left lateral bridge posture and (b) the result of right
lateral bridge posture
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Lateral bridge test: 87.5% of subjects (3/4) had extremely
significant differences in the 20-60 Hz frequency band, and all
subjects had significant differences in the 90-150 Hz frequency
band.

Bird-dog test: 75% of subjects (3/4) had significant differ-
ences in the 20-60 Hz frequency band, and all subjects had
extremely significant differences in the 90-150 Hz frequency
band.

Paired sample 7-test (Wilcoxon signed-rank test) was used for
the four groups of tests to estimate the within-group differences
(such as the average RMS of activated and inactivated muscles
in each posture). The statistical analysis of RMS during fatigue
induction is shown in Figure 17. Statistical results confirmed that
there were significant differences between activated and inactivated
states in specific frequency bands:

Lateral bridge test (Figure 16(a)): Left posture: there was a
significant difference in the average RMS between activated and
inactivated states (p < 0.05); right posture: there was no significant
difference in the average RMS (p > 0.05)

Bird-dog test (Figure 16(b)): Left and right postures: there
were significant differences in the average RMS between activated
and inactivated states (p < 0.05) [34].

The sEMG signal of each fatigue induction test was divided
into three segments (early stage = non-fatigue; middle stage; late
stage = fatigue). Paired sample ¢-test (Wilcoxon signed-rank test)
was used to compare the MDF between the non-fatigue segment
(first 1/3) and the fatigue segment (last 1/3).
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Figure 11

Time-frequency energy evolution of SEMG signals in two left and right lateral bridge tests: (a, b) channel 1 and (c, d) channel 2. Color

represents normalized intensity
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Figure 12
Time-frequency energy evolution of SEMG signals in two left and right bird-dog tests: (a, b) channel 1 and (c, d) channel 2. Color
represents normalized intensity
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Figure 13
Changes in the proportion of SEMG signal band energy over time (7'(s)) in two lateral bridge tests: (a, b) channel 1 and (c, d) channel 2.
The color bar represents the relative energy contribution of different frequency bands: 0-20 Hz, 20-60 Hz, 60-90 Hz, 90-150 Hz,
150-500 Hz
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Figure 14
Percentage change in surface electromyographic signal energy across frequency bands over time during two bird-dog tests: (a, b)
channel 1 and (c, d) channel 2. Color scale indicates relative energy contribution of different bands: 0-20 Hz, 20-60 Hz, 60-90 Hz,
90-150 Hz, 150-500 Hz
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Differences in band energy proportion between activated muscles (SEMG channel 1) and inactivated muscles (SEMG channel 2) during
fatigue induction: (a, b) 20-60 Hz and 90-150 Hz frequency bands under lateral bridge posture of four subjects; (c, d) 20-60 Hz and

Figure 15

90-150 Hz frequency bands under bird-dog posture of four subjects. (*p < 0.05; **p < 0.01, using paired Wilcoxon test)
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Note: Detailed data such as specific p-values and statistics for each subject are shown in the supplementary materials:

detailed description in Figure 15.

Figure 16

Experimental average RMS values: (a) RMS values of left and right lateral bridge tests of four subjects, with the bar chart
representing the average RMS values of activated and inactivated muscles, and (b) RMS values of left and right bird-dog tests of four
subjects. (*p < 0.05, indicating a significant difference between activated and inactivated muscles of the posture/subject)
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Figure 17
Changes in MDF before and after fatigue induction: (a) lateral bridge posture test and (b) bird-dog posture test. Data represent the
MDF values (unit: Hz) of activated (channel 1) and inactivated (channel 2) sSEMG channels before and after fatigue. (*p < 0.05)
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Statistical results showed:

Lateral bridge test (Figure 16(a)): Right posture: MDF after
fatigue induction was significantly lower than that before fatigue
(» <0.05).

Bird-dog test (Figure 16(b)): Right posture: MDF after
fatigue induction was significantly lower than that before fatigue
(p < 0.05), and the median decreased with the occurrence of
fatigue.

4. Discussion

This experiment verified the performance of IMU sensors in
evaluating the 3D joint angle, torque, and local muscle force of the
L1-L5 lumbar segments and tested four types of static postures
(including six movements) (Figure 4). Initially, we hypothesized
that the biological motion information captured by IMUs, after
conversion, could serve as a reliable basis for biomechanical
simulation solving in OpenSim [59]. The experimental results gen-
erally met this expectation, providing methodological support
for the noninvasive assessment of static lumbar self-load in real
environments.

The traditional common method for biomechanical anal-
ysis in OpenSim relies on marker trajectory files obtained by
OMC systems, but OMC systems have limitations such as envi-
ronmental constraints and high equipment costs. Opensense only
supports a limited range of IMU sensor models. To adapt to
the IMU sensors used in this experiment, we adopted the BVH
file format exported by the sensors and successfully generated
OpenSim-compatible marker trajectory files (.trc) through a self-
developed two-stage Python script conversion process, realizing
the docking of motion data in non-laboratory environments with
musculoskeletal simulation models. The effectiveness of this data
conversion scheme was supported by the experimental results:
under static postures such as lateral bridge, quiet standing, and
bird-dog, the maximum range of lumbar joint angle change dur-
ing posture maintenance was only 0.018° (Figure 5). This slight
fluctuation can be attributed to extremely slight “jitter” or noise,
indicating that the motion data collected by IMUs can reliably
reconstruct and retain the core biomechanical information of the
human lumbar spine in real environments [60-62].
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We further evaluated the distribution characteristics of inter-
vertebral disc joint forces under different static postures: under
the left lateral bridge posture, the bending and axial rotation
forces gradually increased from L1-L2 to L4-L5, while the flexion
force showed an opposite decreasing trend; under the left bird-
dog posture, the opposite force distribution pattern was presented,
with the maximum intersegmental torque difference reaching
25.68 N-m (between L4-L5 and L1-L2 under the left lateral
bridge posture) (Figures 7 and 8; Tables S1 and S2). This finding
suggests that different static working postures or daily body pos-
tures may lead to significant differences in the load of each lumbar
segment, providing a mechanical basis for subsequent research
on posture optimization and injury prevention for specific occu-
pational groups (such as long-term sitting office workers). The
static optimization results further confirmed the rationality of the
simulation: in the lateral bridge posture, the forces exerted by the
IL and LTpL on the lumbar joints on the posture-maintaining
side were significantly greater than those on the contralateral side
(Figures 9 and 10; Table S3), which was highly consistent with the
physiological mechanism of muscle activation when the human
body maintains static balance.

The time-frequency domain analysis of lumbar sEMG
signals provided supplementary verification for the simulation
results: during fatigue induction, the sSEMG energy of activated
muscles was mainly concentrated in the low-frequency band of
20-200 Hz, and there were statistically significant differences in
the energy proportion of the 20-60 Hz and 90-150 Hz frequency
bands between activated and inactivated muscles (Figure 15); the
RMS value was significantly increased in activated muscles, and
the MDF was significantly decreased with the progress of fatigue
(Figures 16 and 17). These characteristics were consistent with
the known physiological laws of muscle fatigue [51, 52], further
confirming the reliability of the IMU-sEMG combined system in
evaluating static lumbar load.

Compared with existing related studies, the core incremental
contribution of this study lies in focusing on the assessment of
static postures in real environments—a scenario ignored by exist-
ing studies (existing studies mostly focus on dynamic tasks or
laboratory-controlled environments [16, 63]). Wenghofer et al. [64]
constructed a markerless system using RGB-D cameras, which is
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suitable for clinical dynamic spinal motion assessment but has lim-
ited applicability in the special analysis of static sitting postures in
office scenarios; Zhang et al. [16] evaluated lumbar load during
walking through the OMC system, and its dynamic force distri-
bution pattern was significantly different from the static results
of this study, while the OMC system cannot be applied to natu-
ral office environments; de Carvalho et al. [63] only evaluated the
impact of office chair design on lumbar posture through sEMG,
without involving the quantitative analysis of lumbar joint torque
and muscle force. This study, through the integration of IMU
and sSEMG combined with OpenSim simulation, realized the inte-
grated assessment of lumbar kinematics, dynamics, and muscle
fatigue under static postures in natural environments for the first
time, filling the research gap in this field.

This study has three key limitations that need to be clearly
stated and provide directions for future research:

Limitation of sample size: only four healthy young male vol-
unteers were included, which severely limited the statistical test
power and the reliability of between-group variation analysis.
Lumbar biomechanical characteristics may vary significantly due
to gender (such as differences in muscle mass and pelvic struc-
ture), age (such as muscle strength decline and joint degeneration
in the elderly), and health status (such as muscle compensatory
activation in patients with low back pain). Therefore, the results
of this study cannot be generalized to women, the elderly, or
patients with low back pain and can only reflect the lumbar load
characteristics of healthy young men under specific static postures.

Lack of quantitative validation reference: no quantitative
comparative validation was conducted with the gold standard
of motion capture (OMC system) or direct force measurement
equipment. Although the stability of IMU data and the phys-
iological consistency of simulation results were confirmed, the
absolute error between the evaluation results of this system and
the “true” lumbar load cannot be clarified. This limitation may
affect the absolute accuracy of the results. Future research needs
to supplement synchronous tests with the OMC system to quan-
tify the consistency of the two methods, such as quantifying
consistency through Bland-Altman analysis and calculating the
intraclass correlation coefficient and other indicators to further
verify the quantitative reliability of the system.

Limitation of posture representativeness: the four types of
static postures used in the experiment (quiet standing, sitting, lat-
eral bridge, bird-dog) are all standardized test postures. Although
they can effectively induce muscle fatigue and capture lumbar load
characteristics, it is difficult to fully replicate the diverse static pos-
tures in daily life and work (such as leaning forward while seated
or working sideways), which may limit the practical applicability
of the results across different scenarios.

Additionally, the inherent accuracy limitations of IMU
sensors may result in insufficient statistical significance for muscle-
driven joint forces. Future improvements could be achieved by
optimizing sensor calibration processes, increasing data sampling
frequency, or integrating multi-sensor data.

5. Conclusion

The comprehensive experimental results show that the
OpenSim musculoskeletal simulation driven by biological data
collected by IMUs can accurately assess the lumbar joint angle,
torque, and related muscle group load of healthy young male
volunteers under specific static postures at the methodological
level, and its results are highly consistent with known biomechan-
ical principles and muscle physiological characteristics. Inverse

kinematics results show that the lumbar (L1-L5) joint angle has
good stability under static conditions, the joint torque distribu-
tion presents a clear posture-dependent law, and the SEMG signal
effectively captures the characteristics of muscle activation and
fatigue progression, confirming the internal consistency and relia-
bility of the evaluation system. Compared with the OMC system,
the portability and environmental adaptability of IMU sensors
make them more suitable for static lumbar load monitoring in real
work scenarios, providing a new technical path for noninvasive
evaluation in related fields.

Limited by the sample size, lack of gold-standard quantita-
tive verification, and insufficient posture representativeness, the
results of this study are only a verification of methodological
effectiveness, not an inference at the population level or direct
clinical application. Future research should prioritize three tasks:
(1) expand the sample size and include a diverse population
(including different genders, ages, and health statuses) to improve
the generalizability of the results; (2) conduct synchronous com-
parison with the OMC system and direct force measurement
equipment to quantitatively evaluate the absolute accuracy and
consistency of the evaluation system; and (3) expand the types of
test postures, include more typical static postures in daily life and
work, and enhance the practical application value of the results.
On this basis, the feasibility of developing a nonspecific low back
pain risk screening tool based on the IMU-sEMG combined sen-
sor system can be further explored, providing technical support
for the early intervention and occupational health protection of
this disease.
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