HOSH

International Journal of
Occupational Safety and Health

ISSN: 2091-0878 (Online) ISSN: 2738-9707 (Print)

Original Article

Predictive modelling of whole-body vibration transmission
through strategic locations of human body using artificial

neural networks

Ali Murtoja S', Mandal BB!

Department of Mining Engineering, Indian Institute of Technology, Kharagpur, West Bengal, India, 721302

Corresponding author:

Ali Murtoja Shaikh,

Research Scholar,

Department of Mining Engineering,
Indian Institute of Technology,
Kharagpur, West Bengal,

India, 721302

E-mail: murtoja6696@gmail.com
Tel.: +91 9735438242

ORCID ID: https://orcid.org/0000-
0002-1211-6540

Date of submission: 13.09.2024
Date of acceptance: 08.03.2025
Date of publication: 01.04.2025

Conflicts of interest: None

Supporting agencies: None

DOLhttps://doi.org/10.3126/ijosh.v15i2.

69773

Copyright: This work is licensed
under a Creative Commons
Attribution-Non Commercial 4.0

International License

Introduction
Research  has

consistently

ABSTRACT

Introduction: Modelling the seated human body's response to whole-body
vibration poses a formidable challenge due to its intricate reliance on factors
encompassing anthropometry, postures, and vibration characteristics. While
lumped parameter models are prevalent in this domain, their fixed weight
necessitates modifications. Hence, a novel biodynamic model utilizing artificial
neural network methodology was devised to simulate transmitted vibrations
across strategic locations of body segments in seated individuals, facilitated by
field vibration data.

Methods: Employing a multilayer feed-forward neural network integrated with
the back propagation algorithm, an optimal setup was explored. Data were
collected from 52 adult male subjects. Mean square error (MSE) values were
evaluated during the training, validation and testing phases to assess the
performance of the model. The study also compared the model-predicted values
to the actual values using four unseen datasets, which were reserved for
evaluating the model's generalization performance.

Results: The neural network model achieved mean square error (MSE) values of
0.0015, 0.0030, and 0.0015, accompanied by regression (R) values of 0.992, 0.990,
and 0.991 in training, validation, and testing, respectively. Comparison shows
high accuracy between the model-predicted values and the actual values.

Conclusion: The well-trained artificial neural network demonstrated proficiency
in forecasting vibration transmission along the vertical direction through
different body parts of a seated human, based on parameters such as age, body
mass index, posture, experience, seat-buttock interface clothing layer, frequency,
and vibration intensity. The comparison between the model-predicted results
and the experimental value affirmed high accuracy and reliability of the
developed model.

Keywords: Artificial Neural Network, Predictive Model, Seated Human Body,
Vibration Transmissibility, Whole Body Vibration

shown that disorders (WRMSDs), exposure to whole-body

musculoskeletal disorders (MSDs) predominantly
impact the human body's neck, shoulders, upper
back, lower back, abdomen, pelvis, and knees."? In
their systematic review, where 51 scientific articles
analyzed and identified significant causative and

risk factors of Work-related musculoskeletal
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vibration (WBV) is the leading factor, followed by

posture, repetitive movement, lifting tasks,
force/load applied, and demographic factors such
as age, BMI, experience and gender.? Exposure to
WBV  in

occupational settings, especially for off-road

low-frequency,  high-magnitude
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vehicle operators, has been associated with
decreased performance, increased discomfort, and
a range of spinal disorders among seated
operators.? Study also confirmed that WBV
exposure dominates along the vertical direction (z-
axis) when measured over the seat surface.5¢
Another study investigates whole-body vibration
(WBYV) and shock exposure among 10 bus and 10
identified

truck drivers in Northern India,

personal and  vehicle/road-related  factors
influencing WBV, with univariate and multiple
regression analyses highlighting driver age,
driving experience, vehicle speed, and road
roughness as key contributors to elevated WBYV,
particularly along the vertical axis, exceeding ISO
2631-1 limits for 25% of drivers.” This exposure
influences the biodynamic response of the seated
body to whole-body vibration, which is quantified
as vibration transmissibility and is often measured

as a function of frequency to evaluate the

amplification or attenuation of vibration
transmitted  through  the  body.#°  This
transmissibility ~shows a highly complex

dependency on factors including age, weight,
height, experience, posture, and the nature of

vibration.1011

In the context of biomechanics and occupational
ergonomics in India, few studies have been
conducted that focus on applying Artificial Neural
Networks (ANN) and other machine learning
algorithms. One study investigates tractor drivers'
responses to whole-body vibrations (WBV) during
loader  operation, analyzing  seat-to-head
transmissibility (STHT) across three translational
axes using loT-enabled data collection and metrics
like Aw, A(8), signal-to-noise ratios, and power
spectral density (PSD), highlighting dominant
vertical vibrations, in the 4-7 Hz and 8-12 Hz
frequency bands, respectively. STHT showed
primary and secondary resonance.'? Another
study investigates the effects of whole-body
vibrations on a 76 kg Indian male (95t percentile)
during tractor disc harrowing at varying RPMs
(1500, 2000, 2500) and accelerations (0.5, 1.0, 1.5
m/s?), using a 4-layer finite element CAD model to

analyze the impact of vibrations influenced by
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tractor suspension, soil, posture, and external

conditions.’® Various mathematical models,
including lumped-parameter, finite element (FE),
and multi-body models, have been developed to
describe  biodynamic responses. Lumped-
parameter models simplify analysis but are limited
to one-directional analysis and the subjects' weight.
FE models utilize finite elements derived from
experiments on human corpses, enabling
biodynamic response and injury assessment with
accurate input of human properties. Multi-body
models, interconnected rigid bodies with pin or
ball and socket joints, facilitate kinetic and
kinematic analyses, such as in vehicle crashes.!*
Another Indian study presents a lumped
parameter model for biodynamic responses of a
seated 54-kg Indian male without backrest support,
incorporating interconnecting spring masses, and
demonstrates closer eigenvalues to literature,

decoupling vertical and fore-and-aft oscillations.!5

The nonlinear effects of various factors, such as
anthropometric dimensions, experience, postures,
and vibration characteristics, hinder the success of
biodynamic models of the seated body.*
Consequently, these models cannot be universally
applied across different populations of drivers or
operators, as well as various vibrations and sitting
postures encountered during vehicle driving.
Alternate modeling approaches capable of
incorporating nonlinear dependence on various
factors are thus necessary to enhance these models'
general applicability and make robust assessments

of exposure risks.

Artificial neural networks (ANNs) have shown
promise in modeling complex systems, such as
optimization approaches for predicting soil
compaction in soil bin facilities.”” With the
potential of ANN, few attempts have been made to
characterize the human body's response to
vibration using this approach. An Artificial
Neural Network (ANN) model was developed to
predict seat-to-head and seat-to-spine vibration
acceleration transmissibility using data from only
five adult male subjects tested in a laboratory
setting with a straight-back posture only.181
Similarly, another ANN was proposed to estimate
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the apparent mass of a seated body at different
vibration excitations ranging from 0.5 to 20 Hz
frequency.?? In a study, MSD prediction at
different body regions was made using an ANN-
based model.?* It is widely recognized that
biodynamic models of the human body must
encompass diverse factors such as age, body mass
index (BMI), experience, posture, and vibration
conditions to accurately predict behavior and
understand injury mechanisms, ultimately leading
to viable dose-response relationships.?2?* The
current study addresses the limitations of existing
biodynamic models, which are often constrained
by complex, nonlinear dependencies on input
parameters. The study proposes using ANN
modeling to predict the vibration transmissibility
responses across a broader spectrum of ages, BMI,
experience, postures, seat-buttock clothing layers,
and vibration-related factors (frequency and

acceleration).

To the best of the authors’ knowledge, the
application of the novel ANN method for
body

transmissibility through biodynamic modeling of

predicting segmental vibration
the seated operators under varying conditions
such as age, height, weight, experience, posture,
seat-buttock interface clothing layers, frequency,
field

conditions, has not been previously attempted.

and acceleration, under experimental

This study aims to fill this gap by introducing
ANN modeling to the

transmissibility responses at strategic locations of

predict vibration
seated shuttle car operators over a broader range

of influencing factors.

Methods

A data acquisition system is prepared to collect the
vibration data at six different body locations and
over the seat surface (Figure 1). The system utilizes
seven ADXL-345 accelerometers to capture the
WBYV data at seven strategic locations, enabling a
detailed investigation of vibration transmission
across different body regions (Figures 2 and 3). The
data is stored on an SD card via an SD card module,
facilitating a comprehensive understanding of

WBV exposure patterns.
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Specification of data acquisition system:
¢ Transducer: Adafruit ADXL-345
Accelerometer.

¢ Micro Controller: Arduino Uno

e Time Record: Real Time Clock (RTC)
Module.

¢ Data storage: SD card and SD card module

e Parameters: Time, acceleration.

* Measuring range: Frequency 3200Hz,
Acceleration unpowered 10000g, Powered
10000g (any axis).

* Accuracy: +4.6%.

* Operating condition: operating voltage 2 to
4.5V, operating temperature -40° C to +85° C.

e Power supply: +5V.

Design:

‘

Multiplexer
A

Real time clock

Figure 1: The flow for the data acquisition

Data detected

by ADXL-345

system of the model
Field test and data collection

This biodynamic model considers the human body
as a system in which seat vibration value is input,
and six other strategic body segments are output.
The six locations (pelvis, lumber spine, abdomen,
thoracic spine, shoulder, and neck) get output
vibration when the body is subjected to vibration
excitation as the vehicle (shuttle car) starts its
operation (Figure 1). ANN model requires some
the

relationship between inputs and outputs. To

examples for learning and can learn
achieve this and build a realizing a reliable model,
the field data is acquired from 54 seated shuttle car
operators from five different underground coal
mines in eastern India (details shown in Table 2)
under different vibration and sitting conditions
(back supported, back not supported), apart from
subjects of different ages, body mass, height,

https://www.nepjol.info/index.php/IJOSH
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experience, seat-pelvis interface clothing layers.
All the measurements are conducted in actual
underground mine working conditions with real
machine (shuttle car) operators. An Arduino-
based multi-sensor device is used to collect the
vibration data. The ADXL-345 vibration sensors
were placed at seven different strategic locations:
one sensor over the seat (as input), and the rest of
the six sensors were placed at the pelvis, lumber
spine, abdomen, thoracic spine, shoulder, and
neck (as output) as shown in figure 2 and figure 4.
The data during each measurement was acquired
for one cycle of operation, ranging from six to eight
minutes, and each measurement was repeated
twice for two different postures (back supported
and without back support). The acquired data
were analyzed in MATLAB 2023b.2* The time
domain acceleration data is converted into the
frequency domain, used for the ANN model's
learning purpose (input and output values). This
whole-body vibration data collected by ADXL-345
sensors is not the absolute value; instead, these
vibration values are used to train the ANN model
and to know the vibration transmissibility
characteristics through the said strategic locations

of the seated human body.

In this biodynamic model, vibration intensities
measured at the pelvis, lumbar spine, abdomen,
thoracic spine, shoulder, and mneck were
considered as if they had been computed through
a transfer function. The input parameters were age,
BMI, experience, posture, clothing layers at the
seat-pelvis interface, acceleration, and respective
frequency. This strategy trained an ANN model by
examples, which were finally achieved in dynamic
experimental results. This study uses the body
segmental vibration transmissibility response data

from 54 adult subjects.

Inclusion criteria for recruitment of subjects

1. Only underground shuttle car operators
were included in the study.
2. Only full-time or full-shift operators are

considered.

Int. ]. Occup. Safety Health, Volume 15, No 2 (2025), 277-288

3. Subjects above 18 years old (as per
statutory restriction, only those above 18
are allowed to work in Indian mines).

4. Experience more than 1 year (The first one-
year service is a training period; operators
do multiple tasks).

5. Free from any past injuries or accidents.

Table 1 details the participants' demographic

and anthropometric characteristics and
presents the minimum, maximum, mean, and

standard deviation values.

the

measurements, the experimental procedures

Before commencing vibration

and safety guidelines were thoroughly
explained to each participant. Informed consent
was obtained from all subjects following the
protocol approved by the Ethics Committee of

the Indian Institute of Technology, Kharagpur,

via Approval No.:
IIT/SRIC/DEAN/2024/Revised, dated
08.01.2024.

Sensor-7 (Neck)
1

Sensor-6 (Shoulder)

Sensor-5 (Thoracic

Sensor-4 (Abdomen)

Sensor-3  (Lumber

\

Output

Sensor-2 (Pelvis)

Sensor-1 (Seat

surface)

Input vibration at Seat

Figure 2: Schematic diagram of shuttle car operator

with sensors placed at the strategic locations
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Artificial Neural Network Modelling Vibration sensors

The artificial neural network architecture is
formulated based on data gathered from 54 adult

subjects with varying ages, body masses, heights,

experiences, two levels of sitting postures, seat-

buttock interface clothing layers, input frequencies, Data acauisition svstem

and acceleration excitations. A total of 108 datasets
Diaaram of the svstem intearation

were available, each corresponding to a subject Sensors connecting cable

and posture combination acquired. Within the 0.5
to 20 Hz frequency range, with one-third octave

band central frequencies, resulting in 17 data

points per set. To ensure the robustness and good

performance of the model, 104 datasets were used

for training (64 sets), testing (20 sets), and

validation (20 sets). The remaining four data sets

were reserved for evaluating the model's . hem L -

i
A

generalization performance over unseen data. This
provided 1768 (104 X 17) body segmental vibration

transmissibility responses magnitude data points.

Figure 3: Data acquisition system with the

vibration sensors

Table 1: The maximum, minimum, mean and standard deviation values of personal details of the

participants
Parameters Minimum value Maximum value Mean + Standard deviation
Age (yrs.) 25 48 34.5+3.53
Weight (kg) 59 85 68.88 +1.41
Height (m) 1.58 1.74 164.32 +1.41
BMI (kg/m?) 20.76 30.84 24.64 +0.94
Experience(yrs.) 5 15 9.64+0.71

Table 2: Details of the underground work place conditions in different mines

Name of the mine | Depth Air velocity WBT DBT Relative Humidity
(m/s)
Mine 1 220m 0.50+0.04 30.10+0.65 | 31.50+0.45 90.2%
Mine 2 130m 0.42+0.03 27.50+0.55 | 29.50+0.62 85.7%
Mine 3 165m 0.46+0.05 27.40+0.50 | 29.0+0.66 84.5%
Mine 4 170m 0.55+0.04 27.50+0.50 | 29.50+0.60 88.4%
Mine 5 190m 0.54+0.03 29.00+0.60 | 30.50+0.40 89.4%
Int. ]. Occup. Safety Health, Volume 15, No 2 (2025), 277-288 https://www.nepjol.info/index.php/IJOSH
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Vibration sensors

Back not supported

Figure 4: Data collection of the Shuttle car

operators at two different postures

The

influencing

model  incorporated factors
the

responses, such as age, body mass index (BMI),

input
vibration  transmissibility

experiences, seat-buttock interface clothing
layers, back support condition, frequency, and
magnitude of vibration excitation. Consequently,
an input matrix of 1768 x 7 was generated. A
multilayer feed-forward neural network with a
backpropagation algorithm was employed,
consisting of one input layer, one output layer,
and three hidden layers, to account for the

complex dependencies among factors.

ANN  model

identifying the optimal number of neurons and

Developing  the involved,
hidden layers, training algorithms, and transfer
functions. Preliminary simulations with a single
hidden

prompting the use of an MLP neural network

layer yielded poor predictions,
with three hidden layers, where the number of

Int. ]. Occup. Safety Health, Volume 15, No 2 (2025), 277-288

neurons ranged from 1 to 20. The final neural
network with 3 hidden layers, having 18 neurons
in the first layer, 12 neurons in the second layer,
and 8 neurons in the third layer, showed the best
configuration of the model. The schematic
picture of the ANN architecture is illustrated in
Figures 5 and 6.

This exhibited

convergence regarding mean squared error (MSE)

architecture improved
without overfitting, ensuring smooth learning
and good correlations between predicted and

measured responses during cross-validation.

The qualitative inputs, sitting posture, and seat-
pelvis clothing layers were introduced as model
inputs described by 0 as sitting without back
support and 1 representing with a back support.
Also, 2 or 3 values represent the number of
clothing layers the subjects had worn. The sigmoid
transfer function was selected for its compatibility

with the normalization range of input variables

and enhanced learning performance. The
backpropagation (BP) training algorithm
employed iterative-based gradient descent

optimization to minimize MSE.

Age
BMI
Experience
Posture ANN
Clothing layer = Model by Model Prediction
Frequency l
Acceleration
I Comparison
Actual — between model
Input values predicted values

and actual values

Figure 5: The flow chart of ANN-based

prediction model

https://www.nepjol.info/index.php/IJOSH
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The Levenberg-Marquardt training algorithm
(‘trainlm”) was chosen for its rapid convergence
and updating of weights and biases according to
the Levenberg-Marquardt (LM) optimization
approach. The ANN performance is evaluated by

utilizing the mean square error (MSE) and the
regression ratios, the R-value of the target, and

output body segmental vibration transmissibility

magnitudes.

Neck acc

= Shoulder acc

° e

® ® @] .

2 o £ Thoracic acc

3

® e g

® ° Abdomen acc

° °

b Lumber acc
Pelvis acc

Figure 6: The schematic diagram of ANN architecture

°
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e L
BMI A : A
” e : ®
. e - e
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= @ ! ®
3 « ° ®
Posture =3 P
® °
®
b ® ®
Cloth layer o >
® )
<3 o
Frequency v
( J
Acc value o
Results

The final neural network with 3 hidden layers,
having 18 neurons in the first layer, 12 neurons
in the second layer and 8 neurons in the third
layer, showed the best correlation ratio. The
Levenberg-Marquardt  training  algorithm
(‘trainlm’) and sigmoid function (‘logsig’) were
selected in final model architecture as the

learning function and transfer function.

The correlation coefficient, R-value in training,
validation, test, and overall are 99.24%, 99.08%,
98.17%, and 99.12%, respectively. This shows
that the model's accuracy is in the acceptable

range.

In the generalization performance evaluation
step, four input acceleration datasets of 2
subjects (with varying input parameters) were
entered into the achieved ANN model to
simulate their output. Figures 7 to 10 compare
actual body segmental acceleration values and
acceleration predicted by the ANN model in the

frequency domain.

Int. ]. Occup. Safety Health, Volume 15, No 2 (2025), 277-288

Discussion

The outcome of this Artificial Neural Network
(ANN) model represents good agreement (R =
0.9912) between approximated vibration values
and actual values compared to (R = 0.9817) a
similar previous laboratory experimental study
conducted by Gohari et al. (2014).1° Figures 7 to
10 illustrate the actual and predicted output
values for six strategic body locations. The ANN
model exhibited robust performance within the
evaluated input data range. Notably, in the
critical frequency range of 3 to 8 Hz, the model's
predicted acceleration values are closely aligned
with the measured values (Figures 7 to 10). This
frequency band is particularly significant, as the
human body is susceptible to vibrations within
this range. Vibrations between 3 Hz and 8 Hz
can induce discomfort and pose health risks due
to resonance with the body's internal organs and
structures.?> This study focused exclusively on
male operators, as female operators were not
available in the field during data collection for

this study.
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Training: R=0.99242 Validation: R=0.99086
1] 8 1s5f S
r=—3 1571 (@] Data % D o O Data -
2 Fit =2 Fit O
Y Y=T < Y=T
@ @
> 17 1 >
S S
= =
* *
o o
N ]
S o5 ¢ ] =)
1] 1]
] X
2 S =4
o h —
= ok i =
o o
o] 0.5 1 1.5
Target
Test: R=0.98177
1.5F ,

(@] Data

Output ~= 1*Target + 0.0012

Output ~= 0.98*Target + 0.0052

Target Target

Figure 7: The regression between output and target in training, validation, test steps and in overall,
respectively

*(T=target values; Y=predicted output; and R=correlation coefficient between output of model and target values).
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Figure 8: The whole-body vibration response comparison between actual and ANN model predicted
values

*(Subject having age 36yrs, experience 11 years, BMI 27.28 kg/m?, posture-back supported (code 1), seat buttock interface clothing layer 3).
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Figure 9: The whole-body vibration response comparison between actual and ANN model predicted

values

*(Subject having age 36yrs, experience 11 years, BMI 27.28 kg/m?, posture-No back support (code 0), seat buttock interface clothing layer 3).
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Figure 10: The whole-body vibration response comparison between actual and ANN model predicted

values

*(Subject having age 43yrs, experience 13 years, BMI 25 kg/m?, posture-back supported (code 1), seat buttock interface clothing layer is 2).
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Figure 11: The whole-body vibration response comparison between actual and ANN model predicted

values

*(Subject having age 43yrs, experience 13 years, BMI 25 kg/m?, posture-No back support (code 0), seat buttock interface clothing layer is 2).

Limitations

While the model performed well within the
specified range, caution must be exercised when
extrapolating beyond these frequencies. The
accuracy of predicted whole-body vibration
transmissibility = responses

due to the

may diminish

outside this range, inherent
limitations of ANN models in handling data
that diverges significantly from the training set.
The subjects in the study are underground
shuttle car operators; future studies can be
performed, including data from varying
occupational settings with variations of the

input parameters.

Conclusion

The limitations of lumped parameter models in
predicting human body vibration response
prompted the development of an Artificial
Neural Network (ANN) model. This innovative
biodynamic ANN model demonstrates
exceptional accuracy with MSE values of 0.0015,
0.0030, and 0.0015, accompanied by regression
(R) values of 0.992, 0.990, and 0.991 in training,

validation, and testing phases, respectively, in

Int. ]. Occup. Safety Health, Volume 15, No 2 (2025), 277-288

predicting  body  segmental  vibration
acceleration originating from the seat surface of
seated occupants. Notably, it incorporates
crucial input factors such as age, weight &
height (BMI), experience, seated posture (back
supported/not supported), and seat-pelvic
interface clothing layer, which were previously
overlooked in existing models. Our
investigation into the predictive capabilities of
artificial neural networks focused on modeling
vibration transmission at different body parts
from the seat surface of seated operators under
vertical whole-body vibration exposure. The
proposed model's properties render it suitable
for assessing the risk of musculoskeletal
disorders in different body parts among seated
operators exposed to whole-body vibration.
Moreover, it holds promise for optimizing seat
suspension systems and implementing active
seat suspension control mechanisms. This
research represents a significant step forward
for predicting WRMSDs at different body
segments among seated individuals exposed to

vibration in various occupational settings.
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