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Abstract

Precise estimation of step length constitutes a fundamental requirement in contemporary gait analysis,
particularly for applications in healthcare monitoring, rehabilitation, and intelligent wearable systems.
In contrast to conventional approaches, which often rely on wired, foot-mounted inertial sensors and
computationally intensive deep learning architectures, this study presents a wireless, thigh-mounted
Inertial Measurement Unit (IMU)-based framework for step length estimation, employing a supervised
learning paradigm to enhance accuracy, portability, and practicality in natural walking environments.
Using an MPU-6050 IMU interfaced with an ESP32 module, the proposed SLE framework establishes
a comprehensive data acquisition pipeline to enable seamless wireless transmission and real-time gait
recording. Moreover, noise attenuation via Butterworth filtering and statistical normalization was
also applied to refine motion signals. Additionally, fourteen engineered gait features extracted from
segmented step events are employed to train four supervised learning algorithms, namely artificial
neural networks (ANN), sequential neural networks (SNN), k-Nearest Neighbour (k-NN), and support
vector machine (SVM), by this SLE framework. Evaluation of the proposed SLE model under both
normal and fast walking conditions using a leave-one-out cross-validation scheme demonstrates
SNN’s superiority over the other considered supervised models, with an outstanding average accuracy
of over 99.4% and a reasonably superior average accuracy of over 83.5% achieved in the wired and
wireless environments, respectively, across diverse gaits under both walking modes. With a certain
marginal performance degradation, the wireless configuration still underscores its robustness and
exhibits its potential for real-time gait monitoring through resource-constrained devices.

Keywords: gait; step length; IMU; machine learning (ML); sequential neural network (SNN)

1. Introduction
Human gait analysis serves as a vital instrument for comprehending the mechanics of human

movement and the intricate interaction between the musculoskeletal and nervous systems (Whittle,
2014) [1]. It facilitates a comprehensive assessment of walking patterns, providing valuable insights
into balance, stability, and overall mobility (Baker, 2013; Lee et al., 2023) [2,3]. The study of gait
involves a detailed examination of the cyclic motion of the lower limbs, primarily focusing on phases
such as stance, swing, and double support, which together constitute the gait cycle (Everett & Kell,
2010) [4]. Each component of this cycle reflects distinct biomechanical and neuromuscular processes,
rendering gait analysis an essential field of investigation across healthcare, sports science, and assistive
robotics (Donoghue et al., 2021; Kelly et al., 2018; Phinyomark et al., 2015; Tong et al., 2024) [5–8].

Gait analysis plays an indispensable role in assessing human mobility and detecting deviations
from normal walking behaviors. Abnormal gait patterns often serve as early indicators of various
health disorders, including Parkinson’s disease, cerebral palsy, arthritis, and post-stroke impairments
(Hausdorff, 2009; Nguyen et al., 2024) [9,10]. Such conditions may alter stride length, cadence, or
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limb coordination, thereby compromising balance and stability. In rehabilitation and clinical contexts,
precise gait assessment assists in designing patient-specific therapeutic interventions, monitoring
recovery, and evaluating the efficacy of assistive devices such as prosthetics and orthotics. Beyond
healthcare, gait analysis also holds significant potential in optimizing sports performance and robotics.
In athletics, quantitative gait data enable refined analysis of stride dynamics, assisting athletes in
enhancing efficiency and reducing injury risk. In robotics and human–robot interaction, gait modeling
provides foundational data for the development of humanoid robots capable of replicating natural
human locomotion, thereby improving adaptability and control mechanisms in dynamic environments
(Collins & Ruina, 2005) [11].

Over recent decades, gait analysis has evolved from optical and force-based systems to more com-
pact and accessible technologies. Traditional laboratory-based methods, such as optical motion capture
systems, force plates, and electromyography (EMG), may provide high-precision results. However,
these systems are costly, require controlled environments, and often restrict natural movement, limiting
their practicality for real-world applications (Cutti et al., 2010) [12]. In contrast, Inertial Measurement
Units (IMUs), which integrate accelerometers, gyroscopes, and magnetometers to capture dynamic
motion data efficiently, have emerged as a powerful and portable alternative. Their compactness,
affordability, and wireless operation capabilities make them suitable for continuous, real-time gait
monitoring outside laboratory conditions (Miezal et al., 2016) [13]. Nonetheless, due to the non-linear
and multidimensional nature of gait signals, accurate interpretation of IMU data necessitates ad-
vanced computational techniques, especially those based on supervised machine learning and artificial
intelligence.

In the context of human gait analysis, IMUs demonstrate exceptional potential. When strategically
positioned on body segments such as the thigh, waist, or foot, they capture detailed kinematic
information across multiple gait cycle phases (stance, swing, and double support). This enables
the precise estimation of biomechanical parameters such as step length, step duration, cadence,
and walking velocity (Díez et al., 2018) [14]. Compared to conventional laboratory-based motion
analysis methods, IMU-based gait assessment offers numerous practical advantages, including cost-
effectiveness, portability, ease of deployment, and the flexibility granted by wireless connectivity.

As sensor and computational technologies continue to improve, IMU-based gait tracking is
transitioning from controlled laboratory environments to portable, real-world, and wireless systems.
This transition facilitates the development of intelligent, wearable solutions for continuous motion
monitoring, early detection of abnormalities, and personalized gait rehabilitation. Nonetheless, current
approaches face limitations that impede widespread practical implementation. Most existing systems
rely on wired, foot-mounted IMUs, which restrict natural movement, diminish user comfort, and
are susceptible to impact-induced noise during ground contact [15–18]. These constraints render
them unsuitable for continuous or real-world gait monitoring. Additionally, many recent solutions
depend on computationally intensive deep learning models requiring substantial processing resources
and training time [19–22]. Such methods limit applicability in wearable and portable systems where
real-time performance and energy efficiency are paramount.

Unlike prior approaches that utilized wired foot-mounted IMUs, this study introduces a wireless,
thigh-mounted IMU system for step length estimation employing supervised learning algorithms.
Mounting the sensor on the thigh offers several advantages: it reduces signal noise caused by foot im-
pact, enhances comfort during extended use, and captures a broader range of motion data pertinent to
the swing and stance phases of the gait cycle. Moreover, the wireless configuration eliminates physical
restrictions, enabling natural movement and facilitating remote or continuous gait monitoring—an
essential feature for contemporary wearable health systems.

Conversely, supervised learning methods effectively model complex relationships within IMU
signals while maintaining lower computational demands compared to deep learning models. Their
capacity to learn gait patterns efficiently makes them well-suited for real-time step length estimation in
wearable environments, ensuring accuracy without excessive resource consumption (Zhou & Hu, 2008)
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[23]. Consequently, this study aims to develop and evaluate a supervised learning-based step length
estimation (SLE) model utilizing data from a wireless thigh-mounted IMU sensor. By leveraging four
supervised learning models—k-nearest neighbors (k-NN), support vector machine (SVM), artificial
neural network (ANN), and sequential neural network (SNN)—this research endeavors to achieve
robust and precise step length estimation across various walking speeds. The proposed system seeks
to bridge the gap between laboratory-grade gait analysis and practical, wearable solutions, providing
a cost-effective, portable, and intelligent framework for continuous gait monitoring.

The organization of our article is as follows. The literature review in the current domain is carried
out in Section 2. Section 3 presents the proposed methodology. The performance evaluation, as well as
comparative analysis of the proposed SLE method, is conducted in Section 4. In Section 5, we draw
our conclusions and then discuss the scope of further research in this arena.

2. Literature Review
Over the years, numerous research studies focusing on human gait analysis alongside step or

stride length estimation have been proposed in the literature. At first, the work on gait analysis was
elaborated, followed by a literature review on step or stride length estimation techniques.

2.1. Human Gait Analysis

Human gait is a highly coordinated and cyclic process involving complex neuromuscular in-
teractions. The gait cycle, defined as the sequence of motions between two successive heel strikes
of the same leg, serves as a fundamental basis for gait analysis and step length estimation. Various
researchers have explored the segmentation of the gait cycle to enhance the precision of motion analy-
sis and parameter estimation. According to Willemsen et al. (1990) [24], human bipedal locomotion
can be divided into four distinct phases: stance, heel-off, swing, and heel-strike. During the stance
phase, the leg remains in contact with the ground, generating minimal sensor variation due to stable
movement. The heel-off phase initiates the transition toward the swing phase, in which the leg moves
forward, followed by heel-strike, marking ground contact once again and completing the gait cycle.
However, Everett and Kell (2010) [3] proposed a simplified two-phase model—comprising the stance
(or stand) and swing (or sway) phases—offering a broader yet effective categorization of gait for
practical applications. Such simplifications aid in developing computationally efficient gait detection
algorithms while maintaining reasonable accuracy.

In sensor-based gait recognition, several threshold-based detection techniques have been em-
ployed to identify these gait phases. For instance, acceleration thresholds utilized [25] from foot-
mounted IMUs to isolate stance phases due to their low fluctuation patterns. Other studies have
applied angular velocity thresholds [26,27], acceleration signal thresholds [28], and magnetic field vari-
ations [29] to achieve more robust phase segmentation. These methods, while effective, can be sensitive
to noise and require careful calibration depending on sensor placement and walking speed. In contrast
to prior works employing foot-mounted sensors, recent studies have explored alternative placements
such as the thigh or waist, which capture broader motion dynamics of the gait cycle. Thigh-mounted
sensors offer more consistent data during both stance and swing phases due to reduced impact noise,
thereby enhancing gait event detection in wireless and wearable systems.

2.2. Step or Stride Length Estimation

Step length and stride length are key gait parameters reflecting an individual’s walking rhythm
and stability. As defined by Godha et al. (2006) [30], stride length is the distance between two successive
heel strikes of the same foot, whereas step length represents half that distance. Reliable estimation
of these parameters is essential for applications in gait rehabilitation, sports performance analysis,
and indoor navigation systems. Alongside machine learning methods and/or biomechanical models,
traditional signal processing approaches were also employed for their estimation, as discussed below
in classified form.
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2.2.1. Integration-Based Methods

One of the most widely adopted methods for stride length estimation involves the double
integration of acceleration data from IMU sensors. This approach computes velocity and displacement
by integrating acceleration over time, thus determining step length. Studies by Bamberg et al. (2008)
[31], Rampp et al. (2015) [32], and Truong et al. (2016) [33] demonstrated that numerical integration
methods such as the trapezoidal rule or Simpson’s method can yield accurate results when combined
with proper error compensation. However, these techniques are often prone to drift errors caused by
sensor noise and require sophisticated filtering techniques, such as the Zero Velocity Update (ZUPT)
or Kalman filtering, to maintain accuracy.

2.2.2. Frequency and Acceleration-Based Estimation

Research revealed that stride length correlates strongly with walking frequency, speed, and body
dynamics [34,35]. Building on this, it was also developed that a linear relationship exists between
step frequency and stride length, simplifying the estimation process [35]. Although such models are
computationally efficient, they often fail to capture individual gait variability influenced by leg length,
terrain, and walking style [34]. Recent advancements in supervised learning methods now address this
limitation by allowing data-driven models to learn these variations directly from sensor inputs [36].

2.2.3. Machine Learning Based Estimation

In recent years, several machine learning methods, including deep learning, have been actively
explored for IMU-based step and stride length estimation in wearable gait analysis research. Zadka
et al. proposed a single lower-back IMU system combined with machine-learning regression to
estimate step length in both healthy individuals and patients with neurological disorders [36]. Their
study demonstrated promising accuracy and strong clinical relevance, supported by a large participant
cohort. However, the system was primarily evaluated in controlled walking environments, with limited
consideration for naturalistic free-living scenarios, turning movements, or varied terrains. Furthermore,
although a single-sensor configuration simplifies deployment, lower-back placement remains sensitive
to posture changes and may not fully capture segment-level gait dynamics. In contrast, Sui and
Chang (2022) [37] introduced a deep learning framework incorporating self-supervised pre-training
followed by fine-tuning for stride length estimation during walking and running. While this approach
effectively addressed the challenge of limited labeled dataset and achieved competitive accuracy, the
computational demands of deep neural networks present challenges for real-time, low-power wearable
devices. Additionally, the study primarily focused on healthy gait and controlled locomotion patterns,
limiting its applicability to diverse gait conditions.

Complementing these efforts, [38] developed a lightweight step length estimation model using
smartphone-based IMU signals and principal component analysis to extract relevant motion features.
Their investigation across multiple sensor mounting locations, including the pelvis and thigh, high-
lighted the importance of sensor placement in IMU-based gait estimation accuracy. The method
provided a computationally efficient alternative to deep learning models; however, the dataset size
was limited to healthy individuals in structured environments, and the potential effects of loose sensor
attachment and natural movement variability remained insufficiently addressed.

While recent studies have demonstrated substantial progress in IMU-based step length estimation, existing
work reveals persistent limitations related to wired or posture-sensitive sensor configurations, reliance on
computationally intensive deep learning architectures, and restricted evaluation under controlled laboratory
conditions. These gaps highlight the need for practical systems that support unconstrained movement, maintain
low computational overhead, and employ strategically chosen sensor placement to improve signal robustness. In
this context, a wireless, thigh-mounted IMU coupled with efficient supervised learning techniques presents a
promising direction for achieving accurate and user-friendly step length estimation in real-world settings.
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3. Proposed Step Length Estimation Method
This section presents our proposed step length estimation approach, which leverages a

multi–model machine learning framework to process sensor data collected from a single thigh-mounted
Inertial Measurement Unit (IMU). The proposed approach incorporates four models—Artificial Neural
Network (ANN), Sequential Neural Network (SNN), k-Nearest Neighbors (k-NN), and Support Vector
Machine (SVM)—to compare performance and identify the most effective method. All models are
trained in a supervised regression setting, aiming to predict step length from features extracted from
the IMU data. A simplified flow chart of the methodology is illustrated in Figure 1.

Figure 1. Flow-chart of the Proposed Step Length Estimator.

3.1. Data Collection

The IMU sensor module, containing a 3-axis accelerometer and a 3-axis gyroscope, is mounted
on a single thigh. Data is recorded wirelessly during walking trials at a sampling frequency of 100
Hz. The coordinate axes are aligned in such a way that the X and Y axes represent movements along
the left-to-right and forward-to-backward directions, respectively, whereas the Z-axis represents the
vertical movement. Acceleration and angular velocity are recorded along each axis for the duration
of the walk. The dataset used in this study contains multiple walking sequences with varying step
lengths and cadences. In our proposed approach, the MPU6050 chip is interfaced with the ESP32-
WROOM-32D for data recording. This chip combines a three-axis accelerometer and a three-axis
gyroscope, allowing precise motion tracking with minimal power usage. The accelerometer detects
linear acceleration, whereas the gyroscope measures angular velocity. The site used for data collection
and experimentation, as illustrated in Figure 2, is a pedestrian pathway in our University Campus. Such
a site is a suitable environment for testing and validating the proposed system, enabling performance
evaluation under real-world conditions.
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Figure 2. Filtered acceleration data.

3.2. Data Preprocessing

The raw data obtained from the inertial measurement unit (IMU) sensors required preprocessing
to remove noise and scale the features appropriately before being used for model training. This crucial
stage ensures that the subsequent feature extraction and machine learning models operate on a clean
and standardized dataset. The preprocessing pipeline consisted of two main steps: low-pass filtering
and normalization.

3.2.1. Low-Pass Filtering

To remove high-frequency noise, a 5th-order Butterworth low-pass filter [39] with a cutoff fre-
quency of 10 Hz is applied separately to each accelerometer and gyroscope axis. denoted as ωc, is
computed as:

ωc =
fc

0.5 × fs
(1)

where fc is the cutoff frequency and fs is the sampling frequency. Filtering smooths the raw sensor data
while retaining essential gait dynamics. A smoothing filter was applied to the raw Z-axis acceleration
and X-axis gyroscope signals. The resulting filtered data are presented in Figures 2 and 3.

Figure 3. Filtered angular data.

3.2.2. Normalization

After filtering, features are normalized to zero mean and unit variance using the standard scaler
from scikit-learn [40]. The normalized yield, denoted as x′ of a time series data x, is obtained as
follows.

x′ =
x − µ

σ
(2)

where µ and σ are the mean and standard deviation of the data x. The normalization process
ensures that all features are weighted equally during model training.

3.3. Feature Extraction

A peak detection algorithm was applied to detect the step boundaries, based on which the
continuous data were segmented into a set of steps. The same set of fourteen features, which were
effectively used in our proposed SNN-based prior SLE model based on the foot-mounted IMU data
[18], was considered as a potential feature set to be extracted from each segmented step in this work.
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The mean and standard deviation of both the acceleration and angular velocity components along their
three axes, X, Y, and Z, respectively, constitute 12 features, and the other two are step duration and
step frequency. Their detailed definitions are provided in our earlier work [18]. Thus, the computed
feature matrix F, which is a collection of all feature vectors, each one corresponding to a single step
segment, is mathematically formulated as

F =


f 1
1 f 1

2 · · · f 1
13 f 1

14
f 2
1 f 2

2 · · · f 2
13 f 2

14
...

f k
1 f m

2 · · · f k
13 f k

14

 (3)

where k is the number of step segments.

3.4. Model Training

Our proposed SLE model considers four distinct supervised learning algorithms, which are
k-nearest neighbors (k-NN), support vector machine, artificial neural network, and the sequential
neural networks (SNNs) to regress the step length. The working methodology alongside the training
procedure of each considered supervised learning algorithm is provided in a separate subsection.

3.4.1. k-Nearest Neighbors (k-NN)

The k-NN is a simple yet effective non-parametric machine learning method used for both
classification and regression tasks. Unlike other ML models involving a dedicated training phase,
k-NN operates on a lazy learning principle, i.e., not explicitly learning from the data during training
[41]. Based on a distance metric, like Euclidean distance, it calculates the distance of all data points
in the training set from the query point to identify the ‘k’ nearest or most similar data points to the
query point, and their target values are used to predict the output. In regression problems, such as
predicting step length, k-NN computes the average of the target values from these nearest neighbors
to produce the final output. In our implementation, the number of nearest neighbors (k), denoted by
the parameter ‘n_neighbors’, was set to 3. This approach is intuitive, easy to implement, and often
performs well on datasets where similar input features correspond to similar outputs. However, its
effectiveness can depend on the choice of ‘k’ and the scaling of the input features.

3.4.2. Support Vector Machine

A Support Vector Machine (SVM) is not only a robust but also a flexible machine learning
algorithm widely used for both classification and regression tasks. In the context of regression,
often referred to as Support Vector Regression (SVR), the goal of the model is to find an optimal
function that best fits the data while maintaining predictions within a specified margin of tolerance,
defined by the epsilon (ϵ) parameter [42]. Unlike many other algorithms that rely on all training
data points, SVM focuses only on a subset of critical data points, known as support vectors, which lie
closest to the decision boundary (or regression line) and play a key role in defining its position and
orientation. Depending on only these influential samples, SVM achieves a high level of efficiency and
generalization, even with complex or high-dimensional data. In our implementation, the parameter
kernel is set to ’rbf’ (which means radial basis function), enabling the model to capture nonlinear
relationships between input features and the target variable. This kernel projects the original input
data into a higher-dimensional space, where the model can identify more complex patterns that a
simple linear function might fail to do. Overall, SVM combines mathematical rigor with computational
efficiency, making it a powerful choice for predicting step length and other continuous variables,
especially when the underlying relationships in the data are nonlinear and multidimensional.
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3.4.3. Artificial Neural Network (ANN)

An Artificial Neural Network (ANN) is a computational system inspired by the information
processing strategy of the human brain, consisting of a network of interconnected units, i.e., neurons,
grouped into layers. These layers work together to learn patterns and relationships within data
through mathematical operations and iterative adjustments [43]. Such a network receives information
through its input layer, where each neuron corresponds to a specific feature out of the fourteen gait
features considered by our proposed SLE framework. At the hidden layer, the data undergoes several
transformations as each neuron applies a nonlinear activation function after combining inputs from
the previous layer through weighted connections before passing it to the next layer. Through this
process, the hidden layers enable the network “learn” abstract representations of the gait features
that are useful for predicting the target variable, i.e., step length in this case, at the output layer. The
network’s architecture, which includes layers such as Dense(64, · · · ) and Dense(32, · · · ), classifies it
as a deep neural network because it contains multiple hidden layers. These additional layers allow the
model to capture more sophisticated relationships between the input features and the output. During
training, the model makes predictions and then computes an error or loss by comparing them to the
actual values to tune the internal parameters known as weights and biases, in small steps over time for
error reduction. This optimization process is typically guided by algorithms like Adam or stochastic
gradient descent (SGD). By repeatedly analyzing examples, the ANN learns to approximate complex
relationships within the data, acting as a powerful pattern recognition system.

3.4.4. Sequential Neural Network

A Sequential Neural Network (SNN), implemented using Keras’ Sequential API [44], is a linear
stack of layers where data flows from the input layer through multiple hidden layers to the output
layer. This structure makes it ideal for regression tasks such as predicting step length from gait features.
In this model, input data with 14 gait features passes through three hidden layers with 128, 64, and
32 neurons, each one leveraging the ReLU activation function to introduce nonlinearity and capture
complex relationships in the data. The output layer, consisting of a single neuron without an activation
function, produces a continuous prediction of step length. The detailed architecture of this model was
provided in our earlier work [18].

The target variable is scaled using the same scaler applied to the training data to maintain
consistency. The model is compiled with the Adam optimizer and trained using the Mean Squared
Error (MSE) loss function over 50 epochs with a batch size of 16. A 10% validation split helps monitor
the model’s performance and reduce overfitting. After training, the predictions are inverse-transformed
to their original scale. The model’s accuracy is evaluated using standard regression metrics such as
MSE and root mean square error (RMSE), along with a step-length-based accuracy measure. In
summary, this SNN effectively learns and models the nonlinear relationships between gait features
and step length, providing accurate and reliable predictions of the latter.

3.4.5. Model Evaluation

All the considered models are evaluated using mean squared error (MSE), which is one of the
most common ways for measuring the performance of a regression model. It shows, on average, how
far the considered model’s predictions are from the actual values and makes larger errors have a higher
impact on the result by squaring the differences. Thus, a smaller MSE value indicates better accuracy
in the model’s predictions. Mathematically, it is formulated as follows.

MSE =

√
∑n

i=1

(
yo

i − yp
i

)2

n
, (4)

where, n is the total number of data points, yo
i and yp

i denote the actual (ground truth) step length
value and its predicted value from the considered model.
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3.4.6. Step Length Prediction

Once the trained model is validated, it is then used to estimate the step length of a user based on
a new input feature set.

SLpred =
∑n

i=1 yp
i

n
, (5)

where n is the total number of predictions and yp
i is the predicted value for ith observation

The formula computes the arithmetic mean of all predicted values, which is simply the total of all
predictions divided by the number of predictions.

4. Results and Discussions
The performance of the proposed SLE technique, developed using both the traditional super-

vised learning models (k-NN and SVM) and deep learning models (ANN and SNN), was rigorously
evaluated in terms of accuracy. The results were then compared with our previously proposed wired
SLE method, which uses the Peak-Valley detection algorithm and SNN model. The accuracy of the
previously and newly proposed SLE methods under each considered ML model is computed as
follows.

Accuracy(%) =

(
1 − |slp − slo|

slo

)
× 100, (6)

where sle represents the model-predicted step length, and and slo represents the ground truth
(i.e., observed) step length measured during the experiment. The formulae for accuracy measure
the closeness of the predicted step length to its true value. The smaller the difference between the
estimated step length and its ground truth counterpart, the higher the accuracy. An accuracy of 100%
means the predicted step length perfectly matches the observed one, while lower percentages indicate
greater error. In simple terms, accuracy evaluates how perfectly the model can estimate a person’s step
length compared to the ground truth value.

4.1. Experimental Evaluation of Wired Setup

For experimental validation, a 60−meter straight walking track with a device mounted on the foot
was selected, and data were collected from ten participants aged between 24 and 50 years, including
both males and females, with heights from 160 to 180 cm and weights from 40 to 80 kg. To ensure
robust performance evaluation and minimize bias, a leave-one-out cross-validation (LOOCV) strategy
was adopted for each participant, in which the model was trained with all participants’ data except the
one used for the test case. Furthermore, the proposed SLE technique was examined under two distinct
walking conditions, normal and fast gait speeds, for all participants. This dual-speed assessment
was conducted to verify the adaptability and consistency of the proposed method across varying
locomotion patterns. Table 1 shows the achieved accuracy of all four ML models considered by our
proposed SLE framework, alongside our previously proposed peak-valley detection-based SLE method
under normal walking conditions. The same results obtained under the fast-walking condition by our
newly proposed ML model-based SLE framework and the previous SLE method are presented in Table
2.
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Table 1. Accuracy comparison of four ML models and peak-valley detection-based SLE method under normal
walking in a wired setup.

Participant
No.

Peak-Valley
Detection (%) SNN (%) ANN (%) k-NN (%) SVM (%)

1 92.03 99.61 96.87 96.40 96.17
2 92.27 99.52 90.92 90.34 90.53
3 98.29 99.76 87.89 87.13 88.48
4 97.44 99.55 91.30 93.85 93.72
5 96.54 99.78 98.18 96.19 95.18
6 93.83 99.68 96.49 96.40 97.35
7 98.31 99.46 98.70 98.54 98.71
8 88.35 99.78 92.42 93.45 91.64
9 93.68 99.52 91.60 89.83 91.48

10 98.29 99.67 90.84 90.90 89.93

Table 2. Accuracy comparison of four ML models and peak-valley detection-based SLE method under fast
walking in a wired setup.

Participant
No.

Peak-Valley
Detection (%) SNN (%) ANN (%) k-NN (%) SVM (%)

1 96.62 99.52 84.53 85.38 83.73
2 96.4 99.55 98.39 98.32 98.27
3 93.43 99.46 82.03 82.44 82.91
4 98.37 99.61 87.69 87.83 87.27
5 97.6 99.52 93.66 92.56 93.13
6 92.77 99.56 87.02 84.68 84.21
7 97.79 99.67 92.10 91.75 92.90
8 93.94 99.61 97.34 98.40 97.92
9 96.3 99.46 94.67 92.96 93.09

10 94.78 99.52 93.70 93.41 93.66

The accuracy results reported in Tables 1 and 2 demonstrate that the SNN-based SLE approach
outperforms the other three ML models as well as the previously proposed peak-valley detection-based
SLE approach under both walking conditions. With a very low average error rate of only 0.5%, the
proposed step length estimator employing SNN has an amazing average accuracy of over 99.4%. The
findings also show that although the SNN-based method is the most accurate, the combination of ANN,
K-NN, and SVM in the SLE framework provides a great trade-off between accuracy and computational
economy. Moreover, the evaluation across a set of ten participants with sufficient variability in their
ages, heights, and genders reveals the SNN model’s strong robustness and resilience across diverse
gait patterns, indicating its enormous strength for possible use in actual gait monitoring and step
length estimation tasks.

Furthermore, the inconsistency in the achieved accuracy for the ML models k-NN, SVM and ANN
across the diverse gait patterns as well as their accuracy drop under the fast walking condition reveals
that these three models are affected by both the gait pattern and gate speed, where the performances
of the SNN model remain almost uninfluenced by such factors as it achieves a consistent average
accuracy above 99.4% across the diverse gait patterns and speed. Another noticeable point is that,
like the k-NN, SVM, and ANN, the accuracy of previously proposed peak-valley detection-based SLE
methods falls somewhat under the fast-walking condition, which can be attributed to the reduced
signal fluctuation and smoother sensor communication at moderate walking speeds of the pedestrians.
This phenomenon can be attributed to the fact that with an increase in gait speed, the sensor readings
are contaminated with more noise.
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4.2. Experimental Evaluation of Wireless Setup

The performances of the four machine learning models – k-NN, SVM, ANN, and SNN -in terms
of achieved accuracy were also thoroughly assessed under the wireless setup using a thigh-mounted
IMU. For experimental validation, data were collected from five individuals aged 24 to 50 years,
including both males and females, with heights from 166 to 180 cm and weights from 53 to 64 kg,
during their walk along a 60-meter straight path with an IMU mounted on their thigh. To ensure
reliable evaluation and reduce potential bias, a leave-one-out cross-validation (LOOCV) method was
also implemented in this case, as performed under the wired setup. In addition, the performance of
the proposed SLE framework was tested under two different gait conditions, normal and fast walking
speeds, for every participant in this case as well. This comparative evaluation aimed to demonstrate
the model’s adaptability, accuracy, and stability across varying walking patterns. Table 3 presents the
achieved accuracy of all four ML models considered by our proposed SLE framework, evaluated in the
wireless setup, under normal walking conditions. The same results obtained under the fast-walking
condition by all four ML models in the wireless setup are reported in Table 4.

Table 3. Accuracy comparison of the newly proposed four ML models-based SLE method under normal walking
in a wireless setup.

Participant No. SNN (%) ANN (%) k-NN (%) SVM (%)

1 98.13 94.10 97.18 96.74
2 99.09 96.80 98.27 97.66
3 96.64 95.60 94.2 94.23
4 94.92 94.34 93.49 93.03
5 93.66 92.85 92.77 93.28

Table 4. Accuracy comparison of the newly proposed four ML models-based SLE method under fast walking in a
wireless setup.

Participant No. SNN (%) ANN (%) k-NN (%) SVM (%)

1 92.54 91.32 91.91 91.39
2 93.54 88.10 89.40 90.42
3 93.78 90.81 91.13 89.71
4 83.58 82.96 82.87 80.89
5 90.73 86.34 87.49 88.28

As shown in Tables 3 and 4, the Sequential Neural Network (SNN) model achieved the highest
overall accuracy in both scenarios, averaging above 90% for fast walking and exceeding 95% for normal
walking. This demonstrates the robustness and stability of the SNN in handling gait data transmitted
wirelessly. The ANN, K-NN, and SVM models also produced commendable results, indicating that
wireless data transmission had minimal impact on model precision. Notably, all models performed
slightly better during normal walking compared to fast walking, as also observed in the wired setup.

However, the performance of all four models, including the SNN, in terms of achieved accuracy,
somewhat degrades in the wireless setup when experimented with a thigh-mounted IMU compared
to the same carried under a wired environment with a foot-mounted IMU. Such a phenomenon can
be attributed to two reasons. Firstly, noise contamination in wirelessly transmitted sensor readings is
more common than in wired settings. Perhaps the second one is that an IMU mounted on the foot
probably has greater capability in recognizing gait phases and events than the same affixed to the
thigh.

5. Conclusions and Future Scope of Research
Based on two traditional supervised learning models (k-NN and SVM) and two deep learning

models (ANN and SNN), a step length estimation (SLE) framework is proposed in this study. The
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proposed SLE framework is evaluated across diverse gait patterns and two distinct walking speeds
(normal and fast) in two different contexts: a wired setup equipped with a foot-mounted IMU and a
wireless setup with a thigh-mounted one. The evaluations in both contexts demonstrate their high
accuracy, stability, and adaptability across different walking speeds and connectivity modes. In the
wired setup, the models achieved strong overall performance, with an average accuracy of 99.56%
for the SNN, 90.16% for ANN, 91.37% for k-NN, and 90.03% for SVM during fast walking, while the
normal walking trials recorded 99.63% (SNN), 93.03% (ANN), 93.03% (k-NN), and 93.12% (SVM). These
results indicate the excellent precision of the proposed models under stable, wired data transmission
conditions. Similarly, during wireless connectivity testing, the system maintained competitive accuracy,
averaging 92.32% (SNN), 87.91% (ANN), 88.56% (K-NN), and 88.14% (SVM) for fast walking. Under
normal walking conditions, the accuracy further improved to 96.49% (SNN), 94.34% (ANN), 95.20%
(K-NN), and 94.59% (SVM). The slight reduction in performance during wireless operation can be
attributed to minor transmission delays or signal interference, yet the overall accuracy remained above
87% for all models, confirming strong reliability. In summary, the findings validate that the proposed
SLE system maintains high accuracy and robustness across both wired and wireless configurations. The
marginal accuracy difference is less than 5–7% between the two setups, establishing the framework’s
capability for real-time, portable gait analysis applications without significant loss of precision.

Future developments of the proposed Step Length Estimation (SLE) system can focus on incorpo-
rating more advanced deep learning techniques, such as convolutional and recurrent neural networks,
to enhance prediction accuracy and adaptability across diverse walking patterns. Expanding the
study to include a wider range of participants—varying in age, height, and mobility levels—will help
improve the model’s generalization. Additionally, refining the wireless communication framework
can further reduce latency and ensure smoother real-time data transmission. The system also holds
strong potential for clinical and rehabilitation use, where it could be integrated with wearable IoT
devices or mobile platforms to provide continuous, personalized gait monitoring and analysis.
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