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Multimodal Gait Analysis Using IMU and EMG
Sensors with HMM Classification to Differentiate
Obese and Normal Body Types

Suto Setiyadi*, Muhammad Ridho Rosa, Nigel Bryan Tang, Muhammad Sabiq Al Muttaqin, Muhammad Rafi
Haykal Gumelar

Abstract— Gait analysis is essential for diagnosing movement
disorders and monitoring rehabilitation progress;
conventional methods are often costly and complex. This
study aims to differentiate gait characteristics between
individuals with obesity and those with normal body
composition using a multimodal approach that integrates
Inertial Measurement Unit (IMU) and electromyography
(EMG) sensors. Ten male participants (five obese, five
normal) performed slow and fast walking trials with IMU
sensor placement and EMG recording. Acceleration,
gyroscope, and EMG data were analyzed using statistical
tests (T-test and Mann—Whitney U) and 8-state HMM Model
for gait sub-phase classification. On average, obese
participants completed 129.8 steps in 84.2 s (slow) and 117.2
steps in 63.8 s (fast), compared to normal-weight participants
with 127.4 steps in 77.6 s and 113.2 steps in 59.8 s. Significant
differences (p < 0.00001) were found in acceleration (ax, ay)
and EMG activity of the gastrocnemius and tibialis anterior.
Gyroscope variance was higher in the obese group (e.g., state
0: 471.8 vs 249.6), indicating greater movement fluctuations.
HMM distributions revealed a dominance of a single state
among obese participants (e.g., gastrocnemius state 1: 54.3%;
tibialis anterior state 1: 58.1%), whereas normal-weight
participants showed more balanced distributions. Model
evaluation identified the accelerometer as the most
informative sensor (log-likelihood: obese slow walking
147,158.66 vs normal 39,928.33). Overall, the findings suggest
that obese participants tend to exhibit slower, less efficient,
and more variable gait patterns, while normal-weight
participants display relatively more rhythmic and stable
steps. Multimodal sensor integration with HMM provided
promising results in distinguishing gait patterns between
groups and may be further developed to support applications
in rehabilitation and clinical assessment.

Index Terms—Gait Analysis, Electromyography (EMG),
Inertial Measurement Unit (IMU), Obese, Hidden
Markov Model (HMM), Wearable Sensor

L INTRODUCTION

AIT analysis plays a vital role in clinical
diagnostics, rehabilitation, and biomechanical
research by offering insights into musculoskeletal
function and locomotor abnormalities [1], [2].
Traditional gait analysis methods, such as optical motion
capture and force plates, provide high accuracy but are
limited by high costs, stationary laboratory settings, and
operational complexity [3]. Recent advances in wearable
technology—particularly inertial measurement units
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(IMUs) and surface electromyography (EMG)—have

enabled real-time, non-invasive, and portable gait

assessments, making them more suitable for broader

clinical and field applications [4], [5].

Obesity, defined as a body mass index (BMI) of >30
kg/m? [6], significantly alters gait biomechanics due to
increased body mass, joint loading, and compensatory
neuromuscular strategies [7]. Moreover, individuals with
obesity exhibit a consistent mechanical influence on gait
kinematics and strategies even among young adults where
such alterations persist in the absence of pain or injury,
indicating distinct biomechanical adaptations that cannot
be fully explained by pathological factors alone [8], [9].
Obese participants generally demonstrate shorter step
length, slower walking speed, wider step width, and longer
double support time compared to individuals with normal
body weight [10], [11]. IMU sensors have been effectively
utilised to quantify these kinematic alterations [12], while
EMG sensors provide complementary information by
capturing the underlying muscle activation patterns [13].
However, most existing studies analyse these modalities in
isolation, lacking a comprehensive integration of
kinematic and neuromuscular data.

To address this gap, the present study proposes a
multimodal gait analysis framework that integrates IMU
and EMG sensors to differentiate gait characteristics
between participants with obese and normal body types.
The IMU sensors capture spatiotemporal parameters such
as acceleration, gyroscope, and step duration [11], whereas
EMG sensors monitor muscle activity in key lower limb
muscles, namely the tibialis anterior and gastrocnemius
[14]. Data acquisition is implemented using Bluetooth
Low Energy (BLE)-enabled ESP32 microcontrollers for
wireless and real-time monitoring. The main contributions
of this study are as follows:

1. Multimodal Sensor Integration:  Simultaneous
acquisition of kinematic and neuromuscular signals to
provide a comprehensive understanding of gait
mechanics in both obese and normal individuals.

2. Robust Pattern Recognition: Implementation of a
Hidden Markov Model (HMM) to classify gait phases
during both fast and slow walking in obese and normal
subjects.

This framework was validated on ten adult male
participants (five with obesity and five with normal body
weight), demonstrating its potential for objective gait
evaluation and its relevance to personalised rehabilitation
strategies for obesity-related movement disorders.
Additionally, this study examined differences in gait
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patterns between obese and non-obese participants,
without considering the influence of other variables.

1I. RESEARCH METHODOLOGY

This study uses a quantitative method to analyze gait
characteristics in participants with normal and obese body
types using a multimodal sensor system. The method has
two main parts: collecting data and processing data. Data
processing includes four steps: pre-processing, selecting
features, analyzing with a HMM, and visualizing the data.
The HMM model uses eight different states as shown in
Fig. 2. The eight-state HMM used in this study reflects
typical biomechanical subphases in gait rather than a strict
one-to-one mapping with each cycle. The multiplication by
eight was used to approximate the expected length of the
state sequence during initialization.

A. Data Processing

Data processing is an essential step in research, aimed at
converting raw data into useful information through
structured procedures. Its main goals are to improve data
quality, extract relevant information, and prepare the data
for further analysis or modelling [15]. This study's data
processing consists of three main stages: pre-processing,
feature selection, and data analysis using statistical
methods (t-test and Mann—Whitney U) and the HMM.

Pre-processing is conducted to correct or remove errors,
inconsistencies, and missing values in the dataset. This
step ensures clean and reliable data for analysis and
modelling [16]. The EMG data from each obese and non-
obese participant were combined, and the Root Mean
Square (RMS) value was calculated for each walking
condition (fast or slow) for each feature. The RMS formula
is presented in (1). These parameters were selected to
capture signal energy and deviation in gait signals. The
magnitude was employed as the extracted feature for
acceleration and gyroscope signals, as presented in (2).

RMS = /l n x2 (1)

n <=0

Amag = /a?( +aZ + a2 2)

where p denotes the mean, x; represents the i-th data
point, and N is the total number of data points. RE denotes
the relative error, where x refers to the measured value and
Xyer Tepresents the reference or true value. RMS stands for
Root Mean Square, and n indicates the total number of data
samples. A, denotes the total acceleration magnitude,
and a,, a,, a, are the respective accelerations on each axis
and for the gyroscope magnitude, it was replaced with g,,,
gy, dan g, [17].

Feature selection focuses on identifying the most
relevant features to enhance model accuracy and efficiency
[18]. In the analysis of IMU and EMG data, filter-based
feature selection methods are commonly employed, as they
evaluate the relevance of each feature based on correlation
metrics or independent statistical properties before
modelling. In this study, filter-based methods are used for
IMU and EMG data, selecting features based on statistical
relevance before modelling [19].

Butterworth filter to reduce noise while maintaining key

signal characteristics. This filter is chosen for its smooth
frequency response and effectiveness in eliminating
unwanted frequencies in EMG signals (20500 Hz) and
IMU data (cutoff ~10 Hz) [18], [20].

1) Statistical analysis

Statistical analysis was performed to compare
acceleration, gyroscope, and EMG data between obese
and non-obese groups. For variables meeting the
assumptions of normality and homogeneity of
variance, an independent samples t-test was applied.
The non-parametric Mann—Whitney U test was used
when these assumptions were violated. These tests
aimed to identify significant differences in gait-related
biomechanical parameters between the two groups
[21]. The formulas for calculating the T-test and
Mann—Whitney U are presented in (3) and (5).

_ X%
t= =T 3)
ﬁ(n—ﬁa)
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Sp - ni+ny—2 (4)

where t is calculated by taking the difference between
the sample means, divided by the standard error of the
difference, s; is computed as a weighted average of the
variances from both groups, accounting for their
respective sample sizes, X represents the sample means
of groups, s? & s denotes the sample variances of
groups, and n; & n, indicates the sample sizes of
groups.

U = min (Ul’ Uz) (5)
Uy = nyn, + 28D gy 6)
U, = nyn, + 20250 _ R, (7)

where n; & n, represent the sample sizes of groups 1
and 2, respectively, while R; & R, denote the sum of
ranks for groups 1 and 2 after all data have been
combined and ranked.

2) Hidden Markov Model

The HMM is a statistical framework for modelling
stochastic processes characterised by a sequence of
hidden (latent) states, where only the observable
outputs generated by these states are accessible for
analysis [22], [23]. HMMs are widely utilised in gait
phase detection based on IMU data, as well as in the
analysis of EMG signals for human motion recognition
[24]. In the context of gait phase detection,
implementing the model commonly involves using the
transition matrix (A), the emission distribution (B), and
the initial state probability vector. The HMM
formulation (1) for gait phase detection is presented in
(8) through (11). In these equations, g, is denotes the
state of the system at time ¢, s; is represents a specific
state within the set of all possible states S =
{s1,s2,...,sN}, b;(o,) is the probability that state s;
generates observation o, and m; is denotes the
probability that the system is in state s; at time t=1
[24].
A=lay) a;j = P(@e1 = sjlac=s) (®)
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B = [bj], bj(0,) = P(0¢lq; = s;) ©)
= {m},m; = P(q; =5;) (10)
A=(4,B,m) (11)

In the HMM model, the observation sequence consists
of concatenated IMU (accelerometer and gyroscope)
and EMG features. Emission probabilities b;(o,) were
modeled  using single-component Gaussian
distributions with parameters estimated from training
data for each hidden state. Transition probabilities a;;
and initial state mr; probabilities were optimized using
the Baum—Welch algorithm during unsupervised
training. The evaluation of the Hidden Markov Model
(HMM) in this study uses three metrics: Log-
Likelihood (LL), Akaike Information Criterion (AIC),
and Bayesian Information Criterion (BIC). Log-
likelihood measures how well the model fits the data,
but using it alone can cause overfitting, especially in
models with many parameters. To overcome this, AIC
balances model fit and complexity, while BIC applies
a stronger penalty for complexity, making it more
effective for selecting the optimal number of states
[25].

B. Data Acquisition

Data acquisition refers to capturing and converting
signals from physical phenomena into digital data using
sensors for computerised analysis [26]. This research
involved procedures with negligible risk. Participants were
instructed to wear leg-mounted sensors secured with a
textile adapter and to walk a few steps for data collection.
No invasive or semi-invasive activities were carried out.
Before participation, all individuals received a written
informed consent form that explained the study process,
confirmed the absence of any risks beyond those
associated with ordinary walking, and outlined their right
to withdraw at any point without penalty. Only those who
voluntarily signed the consent form were included in the
study. Participants were limited to healthy adults with
normal mobility, and no additional exclusion criteria were
applied beyond these conditions.

IMU sensors attached to the right side of the body at four
locations were located: the waist (IMU1), thigh (IMU2),
calf (IMU3), and heel (IMU4). These placements were
selected to capture comprehensive motion data across
major lower limb segments during gait. The waist sensor
(IMU1) monitors trunk movement and overall body
orientation. The thigh (IMU2) and calf (IMU3) sensors
were positioned to track the motion of the upper and lower
leg segments, which are essential for identifying gait
phases such as stance and swing. The heel sensor (IMU4)
was placed to detect critical gait events like heel-strike and
toe-off with high temporal precision. This sensor
configuration enables detailed kinematic analysis and
supports the synchronization of segmental limb
movements with muscle activity recorded by EMG [27],
[28], as illustrated in Fig. 1.

In the Fig. 1, surface EMG sensors were placed on the
left leg, specifically on the gastrocnemius (EMGI1) and
tibialis anterior (EMG2) muscles. These muscles were
chosen due to their key roles in gait: the gastrocnemius
contributes to plantarflexion during the push-off phase,
while the tibialis anterior is responsible for dorsiflexion

during the swing phase and helps control foot landing
during heel-strike. Monitoring these muscles is essential
for analysing muscle activation patterns across the gait
cycle [29]. The sensor placement was distinguished by
positioning the IMU sensor on the right leg and the EMG
sensor on the left side. This configuration was chosen to
reduce excessive load on one leg and enhance gait
detection's effectiveness [30].
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Fig. 1. Overview of the data acquisition system, including
IMU and EMG sensor placement on the lower limbs,
system schematic diagram, and the process of recording.

The acquisition system employs two ESP32
microcontrollers communicating via Bluetooth Low
Energy (BLE), with one configured as a server and the
other as a client. The entire system is battery powered. The
hardware components used in the data acquisition process
are shown in Fig. 1 and consist of: (1) ESP32; (2)
TCA9548 A multiplexer; (3—6) four IMU sensors; and (7,
8) two EMG sensors. The hardware configuration,
comprising an ESP32 microcontroller, an I2C TCA9548A
multiplexer. The data is subsequently saved in CSV format
using an Excel data stream.

The data collection procedure was conducted in four
stages: 10 seconds of IMU sensor calibration, followed by
a one-minute rest, walking over 79.4 meters, and another
one-minute rest. This sequence was then repeated under
fast-walking conditions. Measurements were taken under
both slow and fast walking conditions using IMU sensors
(to capture acceleration, angular velocity, and step count)
and EMG sensors to assess the activity of the
gastrocnemius and tibialis anterior muscles. Data
acquisition was performed at two different walking speeds:
slow and fast walking. These walking conditions were not
normalised for speed but rather based on each participant’s
individual capability and habitual walking pattern.

C. Gait Analysis and Muscle Function

Gait analysis is the systematic study of human walking
patterns, with significant applications in physiotherapy,
rehabilitation, and wearable technology. It involves
monitoring and evaluating body movements to understand
locomotion mechanics, identify abnormalities, and support
therapeutic interventions. The human gait cycle is divided
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into two main phases: stance and swing, as illustrated in

Fig. 2 [31], [32].

o 0
(a) (b)

. (5) Initial Swing — the foot moves
se — body weight is transferred to the stance leg, (6) Mid-Swing — the leg advances

2) Midst: e body is direct fc (7) Terminal Swing ~ the limb prej

(3) Terminal he heel

(4) Pre-Swing (Toe-OfT) - the

pushes off the ground to initiate the swing phase.

Fig. 2. Phases of gait in a normal gait cycle: (a) Stance
Phase; (b) Swing Phase.

The stance phase comprises approximately 60% of the
cycle and begins with initial ground contact, ending when
the foot lifts off Fig. 2 (a). The swing phase, covering the
remaining 40%, starts when the foot leaves the ground and
ends upon recontact Fig. 2(b) [31], [32].

Efficient gait relies on coordinated muscle activity. The
tibialis anterior facilitates ankle dorsiflexion during the
swing phase, aiding foot clearance and preventing tripping.
The gastrocnemius contributes to ankle plantarflexion
during push-off and helps stabilize the body during
landing. These muscles generate the propulsive and
stabilizing forces necessary for effective locomotion [32].
According to the definition, one gait cycle consists of two
steps, representing the movement from one foot and
returning to the same foot [31], [33]. Furthermore, each
gait cycle (GC) is divided into eight phases, comprising
five phases in the stance phase and three phases in the
swing phase, resulting in a total of eight gait phases (GC
phase) [31], [33].

D. Inertia Measurement Unit Sensor

IMU sensors are portable devices that integrate
accelerometers, gyroscopes, and sometimes
magnetometers to measure real-time acceleration, angular
velocity, and orientation [34], [35]. This study employs the
MPU9250 sensor, which communicates via the I*C (Inter-
Integrated Circuit) protocol and is integrated using a
TCA9548A multiplexer to expand the number of I’C
channels on the controller [36].

IMUs are commonly used in gait analysis to extract key
parameters such as acceleration, angular velocity
(gyroscope), roll and pitch angles, step count, step
duration, and cadence. Acceleration and gyroscopic data
capture spatial and temporal movement dynamics, while
roll and pitch indicate segment orientation during walking
[1].

Step count and step duration provide quantitative
metrics on step frequency and timing. Step length and
cadence offer insight into gait efficiency and rhythmic
patterns [37], [38].

Step count is determined by identifying periodic peaks
in vertical or total acceleration signals during walking.
Each peak corresponds to a step, and the magnitude of the
total acceleration is computed using the vector sum of
acceleration in all three axes (2) [17].

flexed knee

E. EMG Sensor

EMG sensors are devices used to record the electrical
activity of muscles during the contraction process [39]. In
gait analysis, EMG sensors monitor the activity of
muscles involved in the phases of the walking cycle,
providing vital information about neuromuscular function
and motor control patterns. The EMG sensor can be a non-
invasive skin surface (surface EMG/sEMG), allowing
real-time measurement of muscle activity without
disturbing the subject's natural movements [40], [41].

The filter used for the EMG sensor is a Butterworth
filter. The Butterworth Band-Pass IIR filter isolates
relevant frequencies from EMG signals. This filter
belongs to the Infinite Impulse Response (IIR) category
and is designed using the Butterworth mathematical
function, which is known for its flattest response in the
passband [20], [42].

I11. RESULTS

This study involved ten male participants, five of
whom were classified as obese based on their Body Mass
Index (BMI). Table 1 presents detailed participant
information.

TABLE 1
SUBJECT INFORMATION
BMI Step Durati Step Durati

Sub (kg/m?) Count on Count on
(W) (s) (FW) ()

1 30.1 126 77 113 56
2 45.7 121 67 119 59
3 31.8 132 85 112 57
4 37.8 138 97 118 68
5 39.2 132 95 124 79
6 29.7 128 83 119 62
7 24 118 65 98 47
8 234 137 88 128 70
9 20.8 125 75 120 62
10 20.1 129 77 101 58

Note: :Obese; :Normal; SW: Slow Walking; FW: Fast Walking

Table 1 presents data from ten participants, consisting of
five individuals classified as obese and five with normal
body composition, based on Body Mass Index. On
average, obese participants covered a distance of 79.4 m
with 129.8 steps during slow walking and 117.2 steps
during fast walking. In contrast, normal-weight
participants recorded an average of 127.4 steps (slow) and
113.2 steps (fast). For the obese group, walking 79.4 m at
a slow pace required 84.2 seconds with 129.8 manually
counted steps; the IMU detected 126.6 steps, with an error
rate of 2.5%. During fast walking, the average time
decreased to 63.8 seconds with 117.2 manually counted
steps, while the IMU recorded 113 steps (3.6% error). For
the normal-weight group, slow walking required 77.6
seconds with 127.4 manually counted steps; the IMU
registered 124 steps (2.7% error). During fast walking, the
average time was 59.8 seconds with 113.2 manually
counted steps, and the IMU detected 110.8 steps (2.1%
error).

Differences in the distribution of acceleration,
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gyroscope, and EMG signals were also observed between
the two groups. During fast walking, the standard deviation
of acceleration was 0.177 g in the obese group and 0.195 g
in the normal group; for the gyroscope, the values were
30.305° and 35.897°, respectively. For EMG, the standard
deviation of the gastrocnemius signal in the obese group
was 726.84 mV and the tibialis anterior 726.92 mV, while
in the normal group they were 726.84 mV and 726.94 mV,
respectively. However, the EMG differences were
relatively small; for example, in the gastrocnemius, the
mean signal dispersion for obese participants was 1030.67
mV (slow) vs. 1030.71 mV (fast), compared to 1030.67
mV (slow) vs. 1007.39 mV (fast) in normal participants.
Further evaluation employed the t-test and Mann—Whitney
U test to examine the significance of signal differences
between the obese and normal groups under slow and fast
walking conditions. The test results are summarized in
Table 2.
TABLE II
P-VALUES FROM T-TEST AND MANN-WHITNEY U TEST
OBESE VS NORMAL GROUPS

Condition Parameter T-test (p- Mann-Whitney
value) U (p-value)
Slow ax <0.00001 0.00017
Walking ay <0.00001 <0.00001
az 0.75473 0.00001
Fast ax 0.00015 0.06763
Walking ay <0.00001 <0.00001
az <0.00001 <0.00001
Slow ax 0.02589 <0.00001
Walking gy 0.07945 0.60216
gz 0.50944 0.00002
ax 0.00545 0.63859
Fast
Walking gy 0.82514 0.77202
gz 0.01062 0.00002
Slow Gastrocnemius <0.00001 <0.00001
Walking Tibialis Anterior <0.00001 <0.00001
Fast Gastrocnemius <0.00001 <0.00001
Walking Tibialis Anterior <0.00001 <0.00001
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Based on the statistical analysis of biomechanical
parameters during slow and fast walking, significant
differences were identified between the obese and normal
groups. Under slow walking conditions, acceleration
parameters in the ax and ay axes showed highly significant
differences (p < 0.00001) in both the t-test and Mann—
Whitney U test. In contrast, the az axis did not show a
meaningful difference in the t-test (p = 0.75), but was
significant in the non-parametric test (p = 0.00001),
indicating differences in distribution despite similar mean
values. For gyroscope data, only gx and gz demonstrated
partial significance, with gz showing a strong difference
particularly in the Mann—Whitney U test (p < 0.00001),
while gy did not exhibit a notable difference. EMG data
from the gastrocnemius and tibialis anterior muscles
revealed highly significant differences between the two
groups, with p < 0.00001 in both tests.

Under fast walking conditions, all acceleration
parameters (ax, ay, az) showed significant differences
between the obese and normal groups, although the Mann—
Whitney result for ax (p = 0.06763) was close to the
significance threshold. Gyroscope parameters again
yielded mixed results, with only gz consistently
significant, while gxr and gy did not show meaningful
differences. Similar to the slow condition, EMG signals
from both muscles demonstrated highly significant
differences across all statistical tests. Overall, EMG and
acceleration signals (particularly ax and ay) were the most
consistent parameters in distinguishing between groups
under both slow and fast walking conditions. Gyroscope
parameters showed more limited differences, mainly in the
gz axis, and were not consistent across all conditions.

The HMM analysis was conducted to identify and
classify walking phases based on temporal signal patterns.
The HMM model employed eight classes corresponding to
gait sub-phases, as illustrated in Figure 2. The temporal
detection of hidden states is presented in Figure 3.
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7500 10000 12800
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Fig. 3. Comparison of Hidden Markov Model (HMM) detection results based on accelerometer and gyroscope sensors
between obese (blue) and normal (green) participants during slow and fast walking activities.
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TABLE III
EMISSION DISTRIBUTION PER STATE PARAMETER— SLOW WALKING & FAST WALKING
Obese Normal
Acceleration Gyroscope Acceleration Gyroscope
S Slow Fast Slow Walkin Fast Walkin, Slow Fast Slow Walkin Fast Walkin:
Walking Walking ° g S g Walking Walking ° g S g
B o? H; o? H; o? H; o? H; o} H; o} H; o? B o?
- 0.00 . 0.10 - 471.78 39.428  0.01 . - 1209 19523
0 0025 p 0.23 ; 21452 60 2.4800 s 9 0.001 0.206 0.008 ¢, 249.64 p 38
- 0.00 . 0.00 30.346 - 321.61  0.30 . <0.00 - -
U 0002 2 0'30 1 3.1414 4 14.241 02 8 0.021 O'SO 1 0188 00104 oy 0009
- 0.00 0.18 0.02 91.482 - 225.10 . ) 171.13
2 0026 5 8 5 7.2766 : R 3 0.;)1 0.002 0.;)3 0.016 8.124 76.111 6.367 3
- 0.00 . 0.01 - - 0.02 0.37 : 278.00
3 0001 ) O.é)S ) o201s 00063 oo ieo 00242 ) 0.001 4 0.028 7.737 31.339 295.19 3
0254 0.02 030 0.03 14465 97.026 13975 170.63 . b -
4 e 5 5 8 5 ) p s 0.;)1 0.006 0.;9 0.007 1173 0239 .. 15545
0.04 ) 0.01 - ) 0.10 - ) 163.79
5 0.104 0 0.18 6 0193 00375 00955 02217 0.09 0.017 ; 0.086 ooy 27373 2784 9
0 9 7
- 0.03 0.02 0.00 - 105.63 45978  0.00 <0.00 ) ) 330.24 -
6 0137 4 4 3 6.2795 6 7.6617 5 1 0'510 0.008 313‘83 2 0203 027
0.01 0.08 0.05 - 71.528 - 47322 0.29 0.08 16.05 -
7 0.259 ; p ; . 9 1780 4 0 0.022 5 0.014 : 271373 ¢ 6 12824

In Figure 3, the obese group utilized 17,500 data points
(£87.5 seconds), whereas the normal group used only
4,500 data points (£22.5 seconds). This difference arises
because obese participants walked for a longer duration
(see Table 1). In general, the movement patterns of obese
participants appeared simpler and less responsive to
changes in walking speed compared to the normal group
(Figure 3: green = normal, blue = obese). However, an
anomaly was observed in the normal group: at around data
point 2500, the acceleration parameter repeatedly detected
state 1, although this anomaly was less evident in the
gyroscope signal.

To examine the emission and variance of each state in
the 8-class HMM model, the results are presented in Table
3. Table 3 shows the emission distribution parameters of
the HMM, consisting of the mean (u) and variance (c?) of
acceleration and gyroscope signals collected during slow
and fast walking activities, for both the obese and normal
groups. These data are classified into eight states (S0-S7),
representing different stages or patterns in the walking
process.

The gyroscope variance (6?) in the obese group (state 0:
471.79°) was considerably larger than in the normal group
(249.64°) as shown in Table 3, indicating more fluctuating
movements in obesity. Furthermore, in the obese group,
several states (state 4 and state 7) exhibited relatively high
mean (p) values in acceleration during fast walking (0.30g,
0.08g), whereas in the normal group the p values were
relatively small (<0.1). This suggests that obese
individuals generate higher acceleration amplitudes during
fast walking, possibly due to biomechanical compensation.

The normal group tended to show higher p values in
several states (state 0: 12.09° vs state 3: 29.19°) compared
to the obese group (approximately 2—8). This indicates that

during fast walking, normal participants generated more
dynamic joint rotations, whereas obese participants
showed more limited movement. In contrast, the obese
group exhibited relatively higher gyroscope p values in
certain states (state 4: 14.465°), suggesting greater
rotational usage.

In the obese group, gyroscope signals during slow
walking showed high mean values but decreased as speed
increased. Conversely, in the normal group, fast walking
was associated with stable variance, indicating more
rhythmic steps. Overall, obesity was associated with less
efficient gait patterns, characterized by higher
acceleration, limited rotation, and greater step variability.
In contrast, the normal group demonstrated more stable
and consistent gait with better rotational movement,
particularly at higher speeds.

In addition, the proportion of detected states is
presented in Table 4. Table 4 shows the percentage of
detected states in the HMM model based on acceleration
(Acc) and gyroscope (Gry) parameters under slow
walking (SW) and fast walking (FW) conditions. In obese
participants, during slow walking, state 3 dominated the
accelerometer parameter with a proportion of 33.4%,
followed by states 1 and 2 at 14.7% each. During fast
walking, a significant shift occurred, with state 1
becoming the most dominant at 36.6%, while state 3
decreased to 15.4%. Gyroscope data showed a similar
tendency, where dominance shifted from state 3 to states
1 and 2 when transitioning from slow to fast walking.

In normal participants, the changes were more
pronounced. During fast walking, state 1 became highly
dominant in the accelerometer signal at 41.5%, rising
sharply from 16.4% during slow walking. State 7, which
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was nearly undetected in slow walking (0.3%), increased
to 6.6% and 12.9% (in accelerometer and gyroscope,
respectively) during fast walking, indicating a more
complete and efficient gait cycle. Conversely, the
decrease in states 6 and 2 reflected a redistribution of
phases as walking speed increased.

TABLE IV
DISTRIBUTION OF HMM MODEL BASED ON
ACCELEROMETER (ACC) AND GYROSCOPE (GRY) DURING
SLOW WALKING (SW) & FAST WALKING (FW)

Particip S Acc-SW Acc-FW Gry-SW  Gry-FW

ants (%) (%) (%) (%)
0 8.1 47 9.2 10.6

1 14.7 36.6 12.8 153

2 14.7 8.9 14.0 18.8

3 33.4 154 17.4 216

Obese 6.1 72 8.3 8.8
5 49 9.2 14.4 95

6 9.4 11.8 11.6 8.2

7 8.8 6.2 123 6.9

0 92 12.5 6.9 10.6

1 16.4 415 173 29.8

2 17.2 63 14.5 132

Normal 2 134 9.8 13.9 103
4 12.9 6.7 102 6.2

5 7.8 6.7 10.4 3.6

6 226 9.7 173 13.4

7 03 6.6 9.4 12.9

In addition to the acceleration and gyroscope
parameters, the 8-class HMM model was also applied to
EMG signals from the gastrocnemius and tibialis anterior
muscles under both fast and slow walking conditions in
obese participants (blue in Figure 4) and normal
participants (green in Figure 4). Figure 4 illustrates the
detected states of the HMM model using EMG features,
where the root mean square (RMS) was employed. The
displayed data sample consists of 420 data points,
equivalent to 85 seconds, with a window size of 10.

In Figure 4, obese participants were initially detected
in state 4 during slow walking and state 6 during fast
walking for the gastrocnemius muscle. For the tibialis
anterior, the initial state was detected as state 6 in both
slow and fast walking. In contrast, for normal participants,
the gastrocnemius muscle showed an initial detection of
state 6 during slow walking and state 4 during fast
walking. For the tibialis anterior, the initial state was
detected as state 6 during slow walking and state 1 during
fast walking. Visually, the patterns were dominated by
several overlapping states.

In addition, to examine the emission and variance of
each state in the 8-class HMM model, the results are
presented in Table 5. Table 5 reports the emission
distribution parameters of the HMM, consisting of the
mean (u) and variance (¢®) of the gastrocnemius and
tibialis anterior signals, recorded during slow walking and
fast walking for both obese and normal groups. The data
are classified into eight states (S0-S7), representing
distinct phases or patterns within the walking process.

Based on the emission distribution of the
Gastrocnemius and Tibialis Anterior during slow and fast
walking, marked differences between obese and normal
participants are evident in Table 5. In obese group, the
gastrocnemius mean values were generally higher in
several states, particularly in state 1 (1274.37 for slow
walking and 1437.72mV for fast walking), accompanied
by large variances (67,235.19mV and 31,954.47mV).
This indicates strong muscle activation, reflected in the
high variability. Similarly, the tibialis anterior in obese
participants exhibited a comparable pattern, with elevated
mean values in state 1 (1149.14mV during slow walking
and 1267.16mV during fast walking) and large variances
(12,130.68mV and 55,044.72mV), suggesting substantial
fluctuations in muscle contractions.

Conversely, in normal participants (Table 5), although
the mean values of the gastrocnemius and tibialis anterior
were also high in certain states (gastrocnemius in states 2
and 3, and tibialis anterior in states 2, 3, and 7), the
variances were relatively lower and more stable. For
instance, in normal participants, the gastrocnemius during
state 1 in fast walking had a mean of 1774.31mV with a
variance of 28,846.66, which is smaller compared to the
obese group, while the tibialis anterior during state 2 in
fast walking had a mean of 1356.15mV with a variance of
16,564.31, still more controlled than in the obese group.
This pattern suggests that in the normal group, although
muscle activation increases with walking speed, the
distribution of muscle activity remains more stable and
efficient. Overall, the results in Table 5 confirm that the
obese group exhibited greater muscle activation but with
higher wvariability. In contrast, the normal group
demonstrated more balanced muscle activation with lower
variance.

To examine the distribution of detected states in the 8-
state HMM for the gastrocnemius and tibialis anterior
muscles, the results are presented in Table 6. Based on
Table 6, obese participants showed activation patterns in
both the gastrocnemius (GAS) and tibialis anterior (TIB)
that were concentrated in a single dominant state,
particularly state 1. In the gastrocnemius, state 1
dominated during both slow walking (54.3%) and fast
walking (31.2%). A similar trend was observed in the
tibialis anterior, especially during fast walking, with a very
high proportion (58.1%). Although fast walking exhibited
some distribution across other states, such as state 2
(26.9%) and state 6 (20.4%) in the gastrocnemius, the
overall activation pattern remained uneven.

In contrast, in normal participants, muscle activation
was more evenly distributed across various states as shown
in Table 6. In the gastrocnemius during slow walking, state
2 (31.1%), state 3 (14.2%), state 5 (13.7%), state 6
(13.9%), and state 7 (15.6%) all contributed significantly
without a single dominant state. During fast walking,
activation shifted with an increase in state 1 (34.2%) and
state 2 (24.3%), yet the distribution still involved several
other states. Tibialis anterior activation was also more
balanced, with substantial contributions from states 1, 2, 3,
6, and 7 under both walking conditions.
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Fig. 4. Comparison of Hidden Markov Model (HMM) detection results based on gastrocnemius and tibialis anterior muscle
between obese (blue) and normal (green) participants during slow and fast walking activities.

TABLE V
EMISSION DISTRIBUTION PER STATE PARAMETER— SLOW WALKING & FAST WALKING
Obese Participants

Normal Participants

Gastrocnemius Tibialis Anterior Gastrocnemius Tibialis Anterior
S Slow Walking  Fast Walking  Slow Walking Fast Walking Slow Walking Fast Walking Slow Walking  Fast Walking
M o} M o} K o} H; o} H; i H; i H; i M i
0 83.7 5001 171.  310.6 165. 1856. 1147 44.59 Z;S 34429  1018.  6205. 242.  4134. 976.  3873.
4 ’ 86 3 31 36 988 ' .07 96 73 97 87 43 343
1 1274 67235 1437 31954 1149 12130 1267. 55044  335. 34429 1774. 28846 1314  3175. 81.4 1629.
37 .19 72 47 .14 .68 16 72 82 .07 31 .66 .19 59 4 08
) 779.  3025. 1078 10498  402. 11220 705.0 24821 1653 26994 1361. 15718 1091 14353 1356 16564
99 19 49 12 81 74 7 13 .06 .50 09 .57 .67 5 .15 31
3 175.  2265. 698. 14051 1698 15328 499.0 28992 1106 8507. 1493 1751. 1516 7660. 1965 21053
32 08 06 .05 .57 .84 4 .76 27 43 9 01 77 03 27 .79
71.0 251.  466.1 891. 1863. 1252 551.  0.010 0.010  638. 24335 1034 0.010
4 12 27.92 13 4 11 16 3 1325 17 0 59.21 0 69 35 95 0
5 419.  7004.  341. 2375. 730. 7021. 2023 2246. 1336 5213. 3213 1725. 1788 24273 1696  5380.
18 17 06 22 46 65 2 25 .02 47 929 88 .84 .59 78 971
76.5 6644 982 3293 75.7 167.0 80.3 196.6 317.7 803 1949 424, 59527
6 6 s 9 0 6 07 86.34 7453 9 4 57.13 | 6 3 35 76
7 619. 1998.  676. 23859  722. 8518. 2313  4657. 1357 5434, 7109 34869 1813 23247 1678  5370.
67 11 92 91 14 55 1 56 43 81 5 .88 43 .68 .36 78

The evaluation of the Hidden Markov Model (HMM) for
slow walking and fast walking activities with 8 states in
obese subjects revealed differences in model quality. The
comparison results based on log-likelihood, AIC, and BIC
parameters are presented in Table 7.

The evaluation results of the 8-state HMM model in
Table 7 demonstrate that the accelerometer (ACC) is the
most effective sensor for distinguishing gait patterns in
obese individuals compared to normal participants. This is
evidenced by the substantially higher log-likelihood values
in the obese group, both during slow walking (147,158.66
vs. 39,928.33; an increase of 268.5%) and fast walking
(122,401.23 vs. 38,598.62; an increase of 217.1%). This
consistency is further reinforced by much lower AIC and
BIC values in the obese group (e.g., AIC for slow walking:
—293,853.33 vs. —79,392.67 in normal), indicating that the

HMM provides a more efficient representation of obese
gait patterns when using accelerometer data.

In contrast, the gyroscope (GRY) exhibited poor
performance, particularly in the obese group. The log-
likelihood values were highly negative and more extreme
(-164,654.79 vs. —48,701.41 during slow walking),
accompanied by substantially higher AIC and BIC values
(329,773.59 vs. 97,866.82). This suggests that gyroscope
data in obese individuals are more difficult for the model
to predict and less efficient for discriminating gait patterns.

Meanwhile, for the muscle sensors, gastrocnemius
(GAS) and tibialis anterior (TIB), the log-likelihood, AIC,
and BIC values were relatively close between obese and
normal participants (e.g., GAS slow walking: —2,677.35
vs. —2,542.59; TIB slow walking: —2,546.59 vs. —
2,492.17). This indicates that muscle activation patterns



130 Journal of Novel Engineering Science and Technology, Vol. 04, No. 03, December 2025

are more stable and consistent across both groups and are
not highly sensitive in differentiating obesity from normal
conditions.

Overall, these findings highlight that the accelerometer
is the most optimal sensor for detecting gait differences
between obese and normal groups, while the gyroscope is
less efficient, and muscle sensors primarily reflect the
stability of muscle activation rather than differences in
body condition.

TABLE VI
DISTRIBUTION OF HMM MODEL BASED ON
GASTROCNEMIUS (GAS) AND TIBIALIS ANTERIOR (TIB)
DURING SLOW WALKING (SW) AND FAST WALKING (FW)

Participa S Gas-SW Gas-FW Tib-SW Tib-FW

nts (%) (%) (%) (%)

0 4.2% 5.6% 7.7% 52%

1 54.3% 31.2% 41.2% 58.1%

2 14.7% 26.9% 4.5% 4.9%

Obese 3 7.9% 52% 12.4% 5.6%

4 5.2% 3.5% 1.2% 1.6%

5 3.7% 4.9% 10.3% 5.8%

6 2.6% 20.4% 11.5% 13.1%

7 7.3% 2.3% 11.2% 5.6%

0 0.2% 1.5% 7.9% 1.5%

1 10.8% 34.2% 20.0% 26.5%

2 31.1% 24.3% 14.7% 24.8%

Normal 3 14.2% 13.7% 28.7% 10.8%

4 0.2% 0.2% 2.9% 0.2%

5 13.7% 2.6% 6.3% 11.3%

6 13.9% 17.4% 13.9% 13.0%

7 15.6% 6.0% 5.5% 11.8%

IV. DISCUSSIONS

Based on the evaluation of the wearable system, the
findings were consistent with previous studies, showing
that in general, obese individuals exhibit shorter step
length, slower walking speed, wider step width, and longer
double-support time compared to individuals with normal
body weight [10], [11]. The wearable device results
indicated 129.8 steps during slow walking and 117.2 steps
during fast walking for obese participants, compared to
127.4 steps during slow walking and 113.2 steps during
fast walking for normal-weight participants. However, the
most accurate step detection was achieved using an IMU
sensor placed on the heel, which yielded an accuracy of
approximately 95% in step detection and demonstrated
reliable performance in identifying heel-strike and toe-off
events [43], [44]. In addition, the shank-mounted sensor
provided the closest results to the manually counted steps,
with an average error rate of 33.13%. These findings
highlight that sensor placement on the lower extremities,
particularly on the foot or shank, offers promising
accuracy in step detection [45]. Such evidence may serve
as a foundation for the development of personalized
rehabilitation strategies by identifying phase-specific
deficits, thereby enabling more targeted interventions
based on the accuracy of sensor placement.

TABLE VII
HMM 8-STATE MODEL EVALUATION METRICS FOR
ACCELEROMETER (ACC), GYROSCOPE (GRY),
GASTROCNEMIUS (GAS), AND TIBIALIS ANTERIOR (TIB)

Metrics Information
Obese:
Acc - Slow Walking : 147158.66
Acc - Fast Walking 1 122401.23
Gry - Slow Walking :-164654.79
Gry - Fast Walking :-188155.67
Gas - Slow Walking 1 -2677.35
Gas - Fast Walking :-2574.15
Tib - Slow Walking :-2546.59
Log- Tib - Fast Walking 1-2661.54
likelihood Normal:
Acc - Slow Walking :39928.33
Acc - Fast Walking :38598.62
Gry - Slow Walking :-48701.41
Gry - Fast Walking :-42452.68,
Gas - Slow Walking :-2542.59
Gas - Fast Walking :-2547.19
Tib - Slow Walking 1-2492.17
Tib - Fast Walking: :-2569.62
Obese:
Acc - Slow Walking :-293853.33
Acc - Fast Walking 1 -244338.47
Gry - Slow Walking :329773.59
Gry - Fast Walking :376775.34
Gas - Slow Walking :5530.71
Gas - Fast Walking 1532430
Tib - Slow Walking :5269.17
AIC Tib - Fast Walking :5499.08
Normal:
Acc - Slow Walking 1-79392.67
Acc - Fast Walking :-76733.24
Gry - Slow Walking 1 97866.82
Gry - Fast Walking : 85369.37
Gas - Slow Walking 15261.18
Gas - Fast Walking :5270.37
Tib - Slow Walking :5160.35
Tib - Fast Walking :5315.24
Obese:
Acc - Slow Walking :1-292055.16
Acc - Fast Walking :-242540.29
Gry - Slow Walking :331571.76
Gry - Fast Walking :378573.51
Gas - Slow Walking 1 5887.71
Gas - Fast Walking :5681.30
Tib - Slow Walking 15626.17
Tib - Fast Walking 1 5856.08
BIC
Normal:
Acc - Slow Walking :-77901.64
Acc - Fast Walking :1-75242.21
Gry - Slow Walking 1 99357.85
Gry - Fast Walking : 86860.39
Gas - Slow Walking 15615.67
Gas - Fast Walking :5624.86
Tib - Slow Walking 15514.83
Tib - Fast Walking 15669.73

Based on the statistical analysis, EMG signals and
acceleration (particularly ax and ay) were the most
consistent parameters in distinguishing between groups,
both at slow and fast walking speeds. However, gait
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differences may be influenced by multiple factors,
including musculoskeletal  disorders, neurological
impairments, biomechanical alterations due to obesity,
compensatory mechanisms related to pain, joint
deformities, as well as deficits in motor control or
proprioception [46]. Nevertheless, other findings have
reported that individuals with obesity exhibit distinctive
biomechanical adaptations even in the absence of pain or
injury, suggesting that these adaptations cannot be fully
explained by pathological factors alone [8], [9].

Furthermore, while HMM models are often considered
effective with 4—6 states [23], the findings of this study
indicate that using 8 states provides a more comprehensive
description of gait phase differences, consistent with the
number of gait sub-phases. However, the results still could
not clearly distinguish the initial phase as expected. This is
evident in the temporal sequence, where the first detected
state was not state 0 (initial contact). For IMU sensor
parameters, the obese group was predominantly
represented by state 3, whereas the normal group was
dominated by state 1. In contrast, for EMG parameters,
both obese and normal participants were primarily
dominated by state 1, based on the percentage distribution
of detected states in the HMM model.

The evaluation of the HMM with 8§ states revealed that
accelerometer parameters were the most informative for
distinguishing gait patterns between obese and normal
groups, whereas the gyroscope demonstrated poorer
modeling performance in the obese group, and muscle
signals tended not to show prominent differences between
groups. These findings are consistent with previous
research, which reported that accelerometers exhibit strong
capabilities in extracting features associated with BMI
conditions [47]. In contrast, EMG parameters from the
gastrocnemius and tibialis anterior muscles did not show
significant differences with respect to body mass variation
[48]. However, this outcome may also be influenced by
other factors, such as subcutaneous fat or skin layers [49].
Furthermore, differences in sensor placement between
EMG and IMU may have contributed to potential
asymmetry in gait patterns.

Although the results revealed significant differences
between the obese and normal groups, this study did not
include specific screening for conditions such as
osteoarthritis, lower limb injuries, balance disorders, or
chronic pain. These factors may also influence gait
characteristics and therefore could have contributed to the
variations observed in the results. Future studies should
incorporate comprehensive screening protocols to control
for these potential confounding variables. The findings of
this study apply to the current study population; however,
further verification is required to determine the extent to
which these findings can be generalized to broader and
more diverse populations.

V. CONCLUSION

This study demonstrated that obese participants took an
average of 129.8 steps in 84.2 seconds during slow
walking and 117.2 steps in 63.8 seconds during fast
walking, whereas normal participants recorded an average
of 127.4 steps in 77.6 seconds (slow) and 113.2 steps in
59.8 seconds (fast). Statistical analysis revealed significant
differences in acceleration along the ax and ay axes (p <
0.00001) during both slow and fast walking, as well as in
the EMG signals of the gastrocnemius and tibialis anterior
muscles (p < 0.00001). The variance of the gyroscope
signal in the obese group (state 0: 471.8) was higher than
in the normal group (249.6), indicating greater movement
fluctuations. In the 8-state HMM distribution, the gait
pattern of obese participants was dominated by a single
state, for example, gastrocnemius state 1 accounted for
54.3% (slow) and 31.2% (fast), and tibialis anterior state 1
reached 58.1% (fast). In contrast, normal participants
exhibited a more evenly distributed pattern (e.g.,
gastrocnemius state 2: 31.1% slow and 24.3% fast). HMM
model evaluation identified the accelerometer as the most
informative sensor, yielding the highest log-likelihood
values (obese slow walking: 147,158.66 vs. normal slow
walking: 39,928.33), whereas the gyroscope produced
highly negative log-likelihoods in obesity (e.g., —
188,155.67 during fast walking), indicating less accurate
prediction. Overall, obesity results in a gait pattern that is
less efficient, more fluctuating, and less adaptive to
increased walking speed, whereas normal participants
exhibit a more stable and efficient pattern. The integration
of multimodal sensors with HMM proved effective in
distinguishing between the two groups, with the
accelerometer serving as the key parameter.

Although the findings demonstrate significant
differences between obese and normal groups, this study
did not implement specific screening for comorbid
conditions or other factors that may potentially influence
gait characteristics. Future research should incorporate
comprehensive screening protocols to control for these
potential confounders, and additional validation is required
to establish the extent to which the present results can be
generalized to broader and more heterogeneous
populations. Moreover, the absence of gait speed
normalization in the current study may have introduced
confounding effects into the analysis. Accordingly,
subsequent studies should apply standardized speed
normalization procedures to enhance the robustness and
comparability of gait data across groups.
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