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Abstract: Gait analysis with step length estimation is essential not only for assessing an individual’s health status,
mobility, and balance but also for designing a pedestrian navigation system in infrastructure-less environments.
This study presents an improved methodology for gait analysis and step length estimation (SLE) by applying a
sequential neural network (SNN), a kind of artificial neural network, to sensor data collected from a foot-mounted
inertial measurement unit. Our proposed methodology employs a Butterworth filter and normalization technique
to smooth the sensor signals. Key gait-related features are then extracted and fed to the SNN, predicting step
length without involving any user-specific parameter. The performance of our proposed SNN-based SLE method
is evaluated and compared with our previously developed peak-valley detection-based SLE in terms of accuracy.
Ten participants including both male and female (aged 24-50) took part in a walking experiment on a 60-meter
linear path, walking under two modes — normal and fast. The accuracy results show that our new SNN-based SLE
method achieves superior performance with accuracy exceeding 99.4% for each participant and demonstrates
greater resilience to variations in user dynamics compared to our previously developed traditional Peak-Valley

detection-based SLE method, confirming the proposed SNN-based approach as a superior solution.

Keywords: gait; step length; sensor; sequential neural network (SNN); accuracy

1. Introduction

Gait analysis and step length estimation are crucial for understanding human mobility offering
valuable insights into an individual’s overall health, balance, and overall mobility [1-3]. Abnormal gait
patterns often indicate various health conditions, including neurological disorders, musculoskeletal
injuries, and cardiovascular diseases [4]. For instance, individuals with Parkinson’s disease typically
display distinctive gait patterns, such as shuffling, freezing, and festination [5,6]. Similarly, athletes
with injuries or musculoskeletal imbalances may exhibit altered gait patterns, potentially increasing
their risk of further injury [7]. Beyond healthcare, gait analysis is also crucial in sports and robotics.
In sports, gait analysis can help athletes optimize their performance, reduce the risk of injury, and
enhance their overall efficiency. For example, analyzing the gait patterns of runners can help identify
areas for improvement, such as stride length, cadence, and foot strike pattern [8]. In robotics, gait
analysis plays a key role in the development of humanoid robots with human-like movement patterns,
enabling them to navigate complex environments and interact with humans more effectively [9].

Among various methodologies available for gait analysis and estimation of gait features like step
frequency, step length, etc., both optical motion capture systems and instrumented walkways require
dedicated infrastructure and are thus limited to laboratory environments or clinical settings only [10].
Light-weight and low-cost inertial sensors, however, offer a viable alternative due to their applicability
for use not only in clinical settings but also in home environments [11] as well as for different walking
modes [12]. This has led to growing interest in long-term health monitoring of patients with spinal cord
injury or neurological disorders outside of hospital or laboratory environments using inertial sensors
attached to body parts such as the foot, thigh, waist, arm, etc. [13-15]. Step length estimation (SLE)
also plays a crucial role in designing positioning and navigation systems using the dead reckoning
method [16,17].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Traditional SLE methods utilize either some biomechanical [18-21] or model-based techniques
[22-24] or rely on the empirical relationship between human gait and step/stride length [25,26].
Biomechanical models use the geometric relationship between step length and body segments whereas
model-based techniques leverage the relationship between acceleration variance or step frequency
and step length. However, these traditional methods depend heavily on the predetermined threshold
values and require calibration of user-specific parameters, as their performance can be severely affected
by the gait characteristics, walking mode, and the inertial sensor’s placement on the user. To address
these limitations, machine learning models, including deep learning, have effectively been applied to
estimate step/stride length and to design pedestrian navigation systems based on the processing of
inertial sensor measurements [27-34].

In [27], Wang et al., combined several machine learning models, including k-nearest neighbor
(KNN) [28], support-vector networks [29], decision trees [30], AdaBoost [31], LightGBM [32] and
extreme gradient boost [33] for recognition of the smartphone carrying or holding mode and estima-
tion of the user’s stride length. In this study, both time-domain and frequency-domain features of
accelerometer and gyroscope data collected during movement were used for stride length estimation.
To mitigate the negative effects of noisy sensor data and complex human movement on the perfor-
mances of the pedestrian navigation system, Zhang et al. integrated an online sequential extreme
learning machine (OS-ELM) [34] with the dead-reckoning method and used a sliding-window-based
scheme to process sensor measurements [35]. Sui and Chang proposed a self-supervised learning
scheme in [36] to train a convolutional neural network (CNN) model [37] using an unlabeled large
dataset for user’s stride length estimation in walking and running modes. Other researchers, such
as in [39], used stacked autoencoder [38] to make an SLE model adaptable to the user dynamicity
and smartphone carrying modes, while Ping et al. employed Bidirectional Long Short-term Memory
(LSTM) [40] for stride length estimation across various gait patterns and different walking modes [41].
A deep convolutional neural network [42] was used in [43] to generalize the step length estimation
method across different walking speeds, while Wang et al. [44] used a combination of LSTM [40] and
Denoising Autoencoder [45] to design a generalized SLE model for different movement patterns. In
[46], Park et al. combined bidirectional LSTM with CNN to generalize their SLE technique to different
users and motion patterns.

Despite the success of these SLE techniques, most require excessive training using large datasets to
achieve reliable results across different users and motion patterns. The signal measurements collected
from the inertial sensors are time series data whereas human gait patterns during walking are generally
cyclic in nature. Based on these two observations, the sequential neural networks present a promising
alternative. Sequential neural networks (SNNs) can be more effective in designing an SLE technique
capable of generalizing across gait patterns and walking modes, even while trained using a small
labeled dataset. Therefore, in this paper, we employ a sequential neural network (SNN) [47] to design a
robust SLE technique that addresses the heterogeneity in human gait and walking modes, avoiding the
need for training using a large dataset. Moreover, our proposed SLE model processes the sensor data
from an inertial measurement unit (IMU) mounted on a single foot rather than relying on smartphone-
integrated inertial sensors, reducing challenges related to smartphone carrying modes or placement
positions. The proposed SLE model’s performance was evaluated with ten pedestrian participants
across two walking modes and compared with our previously developed traditional peak-valley
detection-based SLE method [48] to demonstrate its superior performance. The key contributions of
our present work on the SLE method are as follows.

¢ In this study, we aim to develop a robust Step Length Estimation (SLE) technique by employing
a sequential neural network due to its significant potential to address challenges arising from
variations in human gait and waking modes, while also reducing the need for extensive training
using large datasets.

¢ The proposed SLE model uses a single foot-mounted inertial measurement unit equipped with
only a 3D accelerometer and a 3D gyroscope sensor.
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®  Performance analysis comparing the proposed SLE model to the previously developed traditional
SLE method demonstrates that the SNN based proposed SLE model achieves superior performance
results [48].

The paper is organized as follows. Section 2 describes the proposed methodology including the
functional architecture of the adopted SNN model and the detailed specification of the IMU used. The
performance evaluation of the proposed SLE method along with its comparative analysis is carried out
in Section 3. Section 4 presents the concluding remarks and indicates further scope of research in the
current domain.

2. Proposed Methodology

Our proposed SLE technique employs a Sequential Neural Network [47], which is a feedforward
neural network well-suited for regression tasks. The SNN model used by our proposed methodology
is trained using labeled input data collected from IMU sensors, i.e., a supervised learning approach,
specifically, regression is used to predict the step length by our proposed methodology. The flow chart
of our proposed SLE technique is shown in Figure 1. First, a detailed description of the functional
architecture of the machine learning (ML) model adopted in this study and its constituent layers is
presented in this Section. Then, the working procedure of the proposed SLE technique is described
comprehensively.

{ Data Collection J

{Duta Preprocessing (Filtering, Norl‘ualization)}

Feature Extraction (Segmentation, Mean, STD) ‘

{Madcl Training (Sequential Neural Ntrtwork)l

lModcl Evaluation (Mean Squared Error)J

Prediction (Step Length Estimation)

Figure 1. Flow chart of Proposed SLE model.
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2.1. Functional Architecture of Sequential Neural Network (SNN)

The visual representation of the architecture of the adopted ML model sequential neural network
(SNN) is given in Figure 2. The connections in the diagram are congested because the number of nodes
in the input and hidden layers is quite large (14 and 24 respectively). This creates a large number
of possible connections between the layers. The diagram shows a fully connected neural network,
meaning every node in the input layer connects to every node in the hidden layer. This leads to a large
number of connections. The model’s architecture is designed to learn complex patterns in the input
data and make accurate predictions of the step length.

Updating Weights

Input Layer

Dropout: 20%

Figure 2. Architecture of the Sequential Neural Network model.

2.1.1. Input Layer

A single input vector consisting of 14 features, which are derived from both acceleration and
angular sensor measurements, are fed into the network via this layer and then propagates through the
subsequent layers.

The 14 features are:

i.  Mean acceleration in the x-axis direction denoted by py.
ii. Mean acceleration in the y-axis direction denoted by iy,
iii. Mean acceleration in the z-axis direction denoted by ;.
iv.  Mean angular velocity in the x-axis direction denoted by jicy.
v.  Mean angular velocity in the y-axis direction denoted by py,.
vi.  Mean angular velocity in the z-axis direction denoted by ji.
vii.  Standard deviation of acceleration in the x-axis direction denoted by .
viii. ~ Standard deviation of acceleration in the y-axis direction denoted by oyy,.
ix.  Standard deviation of acceleration in the z-axis direction denoted by 0;.
x.  Standard deviation of angular velocity in the x-axis direction denoted by cg,.
xi.  Standard deviation of angular velocity in the y-axis direction denoted by cyy.
xii. ~ Standard deviation of angular velocity in the z-axis direction denoted by oy .
xiii.  Stride duration (ts) - it represents the duration of each stride segment in seconds and is calculated

as follows.
_ |srd_seg]|

t
sr .

(1)

where |srd_seg| is the number of samples in the current stride segment and f; is the sampling
frequency of the data, which is the number of samples per second.
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xiv.  Stride frequency (fs;) - it represents the frequency of the stride segment, i.e., the number of strides
per second. It is the reciprocal of the stride duration and thus, is calculated as

for=— )

tSV
The input vector is thus represented as follows.

X =[x X2 X3 X4 X5 X X7 X8 X9 X10 X11 X12 X13 X14]
= [,qu Hay Haz Bgx Hgy Hgz Oax Oay Uaz Ogx Ogy Ugz tsr fsr]

2.1.2. Hidden Layer

The hidden layers are the core of the neural network, where complex representations of the input
data are learned. The proposed model consists of two hidden layers, each with a specific configuration
as given below.

Dense Layer 1: This layer consists of 64 neurons or nodes. Each node applies a Rectified Linear
Unit (ReLU) activation function to the output of the previous layer. Such activation function is
commonly used in the hidden layers because it is faster to compute than other activation functions
like sigmoid or tanh and also allows the model to learn more complex relationships between inputs
and outputs. The ReLU activation function is defined as f(x) = max(0,x), where x is input to the
neuron. It returns 0 for when x is negative but the value of x itself in case x is positive or 0. The layer is
mathematically represented by

0 (Fon i o

where hgi) is the output of the ith neuron in the first hidden layer, f is the ReLU activation function, 1

is the number of input features (14 in this case), wllj is the weight connecting the jth input feature to the
ith neuron in the first hidden layer, x; is the jth input feature and bgl)
in the first hidden layer.

Dropout Layer 1: This layer applies a regularization technique that helps to prevent overfitting
by randomly dropping out 20% of the units during training. This forces the model to learn multiple

representations of the data and improves its generalization capabilities.

is the bias term for the ith neuron

Dense Layer 2: This layer consists of 32 neurons, each of which also applies the ReLU activation
function. The layer further transforms the output of the previous layer, learning more complex patterns
and relationships in the data. It is mathematically represented by

h(l (Zw *h ()>, 4)

where hg) is the output of ith neuron in the second hidden layer, f is the ReLU activation function, 1

is the number of neurons in the first hidden layer (64 in this case), w2 is the weight connecting the jth
neuron in the first hidden layer to the ith neuron in the second hidden layer, hg ) is the output of the jth
neuron in the first hidden layer and bgi) is the bias term for the ith neuron in the second hidden layer.

Dropout Layer 2: This layer applies the same dropout technique as before, randomly dropping

out 20% of the units during training, for the same reason as the Dropout Layer 1.
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2.1.3. Output Layer

The output layer is a fully connected layer with a single neuron, which gives the predicted step
length. It uses a linear activation function, where the target variable is continuous, making it suitable
for the regression tasks. The layer is mathematically represented by

y:f1("22wg*h§f>+b3>, )

j=1

where y is the predicted step length, f1 is the linear activation function, n; is the number of neurons
in the second hidden layer (32 in this case), wé is the weight connecting the jth neuron in the second

hidden layer to the output layer, hgj ) is the output of the jth neuron in the second hidden layer and b3
is the bias term for the output layer.

2.2. Working Procedure of Proposed SLE

The proposed step length estimation technique works in several steps as discussed below.

2.2.1. Step 1: Data Collection

The proposed SLE technique collects data from the IMU sensor mounted on a single foot as shown
in Figure 3. The MPU6050 chip used in this study integrates a three-axis accelerometer and a three-axis
gyroscope sensor and is also paired with an ESP32-WROOM-32D, enabling it to track the motion with
high accuracy and low power consumption. The gyroscope sensor measures the angular velocity,
while the accelerometer is used to measure the acceleration. The orientation of the sensor module’s
coordinate system is configured in such a way that its Y-axis points towards the toe, the Z-axis remains
normal to the foot’s surface, while the X-axis follows the right-hand rule. This configuration allows the
Y-axis acceleration to capture the foot’s forward and backward movements, the Z-axis acceleration to
detect the foot’s upward and downward movements, and the X-axis acceleration to sense the foot’s
left and right movements.

=
"IE o

Figure 3. Setup and Placement Position of IMU Sensor.

2.2.2. Step 2: Data Preprocessing

A low-pass filter is used to remove the high-frequency noise from the collected sensor measure-
ments followed by a normalization procedure to smooth out the signal.

Preprocessing via Low-pass Filter - A low-pass filter is a type of filter that allows low-frequency
signals to pass through while attenuating high-frequency signals. The Butterworth low-pass filter [49],
which is a type of recursive digital filter widely used in signal processing applications, is used in this
study. The cutoff frequency and sampling frequency used to design the Butterworth low-pass filter are


https://doi.org/10.20944/preprints202411.1993.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 November 2024 d0i:10.20944/preprints202411.1993.v1

7 of 15

10 Hz and 100 Hz respectively. The effects of applying the Butterworth filter on the Z-axis acceleration
signal and X-axis gyroscope signal are shown in Figures 4 and 5 respectively.

Accelerometer Signal

304
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0 2 l"l 6 8
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Figure 4. Raw and Filtered Z-axis Acceleration Signal.
Gyroscope Signal
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Figure 5. Raw and Filtered Z-axis Acceleration Signal.

Preprocessing via Normalization — The filtered sensor measurements are normalized to smooth
out the signal. The normalization process involves subtracting the mean of a set of data elements from
the individual data element and then dividing the subtracted value by its standard deviation. The
following equation defines the normalization process.

B—p

B = T (6)

where B is a vector of time series data having #n elements and represented as B = [by, by, - - -, by], p and
o are the mean and standard deviation of this time series data. The mean of B is computed as follows.

_ Liaqbi
]’l o n

)
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The standard deviation of B is calculated by the following equation.
n (b — u)?
o= Z:171 ( 1/; H ) (8)

The normalized Z-axis acceleration signal and X-axis gyroscope signal are illustrated in Figures 6
and 7 respectively.

18 1

= =
- =]
1 1
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Figure 6. Normalized Acceleration Signal.
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Figure 7. Normalized Angular Velocity Signal.

2.2.3. Step 3: Feature Extraction

The preprocessed data is segmented into strides, which are the basic units of movement. Each
stride is a sequence of data points that corresponds to a single step. The features are then extracted by
calculating the mean and standard deviation of the acceleration and angular velocity measurements
obtained in each stride segment along with the stride duration and frequency as pointed out in
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subsection 2.1.1. The feature extraction process for acceleration and angular velocity signals are
illustrated in Figures 8 and 9 respectively. Considering S be the set of k (k > 0) stride segments, where
each segment s; € S,where 0 < i <k, is a sequence of multiple data points as shown in Figures 8 and 9.
For each such segment s;, the mean and standard deviation are computed by applying equations 7 and
8 outlined in the previous subsection, whereas equations 1 and 2 given in subsection 2.1.1 are used to
derive the stride duration and stride frequency respectively. The feature vector for the stride segment
s; (denoted as f;, 0 < i < k) is then constructed by concatenating the mean and standard deviation
values of acceleration and angular velocity measurements corresponding to s; along with its stride
duration and frequency. It is represented as follows.

fi = ,”izx

©)

20

Moy Moz Hgx Mgy Mgz Uax Oay

i i i
Oz ng Ugy

oh ty fl ]
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Figure 8. Feature Extraction for Acceleration Signals.
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Figure 9. Feature Extraction for Angular Velocity Signal.

The feature vectors for all stride segments are then collected into a matrix F, where each row
corresponds to a single stride segment. The mathematical representation of feature matrix is given
below.

1 1 1 1 1 1 1 1 1 1 1 1 1 1
‘u;x ygy ‘ugz V%x ng V%Z O'IEX O'L;y 0’(;2 0’%7( o-gzy U%Z t;‘f sz'r‘
Hax Hay Moz Hgx Mgy Hgz Uax Jay Uiz ng Ugy ng tsr sr
F= . (10)
k k k k k k k k k k k k k k
Max  Hay Haz Hgx Mgy Hgz Uax (Tay Uaz ‘Tgx (Tgy ‘ng tor sr
The vector of observed step lengths, on the other hand, is represented by Y = [y1, y2, - - -, y«l,

based on the assumption that each stride segment represents one single step. Both the feature matrix
and observed step length vector are split into the training and test datasets based on the rule that 20%
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of the total dataset is included in the test dataset, whereas the remaining 80% constitutes the training
set.

2.2.4. Step 4: Model Training

The adopted SNN model is trained on the training dataset using a suitable optimization algorithm,
such as Adam [50]. Adam is a stochastic gradient descent optimization algorithm, which adapts the
learning rate for each parameter individually based on the magnitude of the gradient. The model
is trained for a predetermined number of epochs with a certain batch size. The number of epochs
indicates how many times the model is trained on the entire dataset, affecting how well the model
converges to a good solution. A subset of the entire training dataset, on the other hand, constitutes a
batch that is required to compute the gradient of the loss function and update the model’s parameters
as well, thereby affecting the computational efficiency and accuracy of the model.

2.2.5. Step 5: Model Evaluation

The test dataset is used to evaluate the performances of the trained model in terms of mean
squared error (MSE), which measures the average squared difference between the predicted and
observed step lengths. MSE is calculated as follows.

2
v (v - w)
MSE = - , (11)

where m is the number of data records in the test set, yf and y? denote the predicted and observed
step length for the ith data record in the test set. Model evaluation is conducted to validate the trained
model.

2.2.6. Step 6: Prediction of Step Length

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.

3. Experimental Results and Discussions

The performance of our proposed SLE technique, based on the SNN model, was evaluated in
terms of accuracy and compared with our previously proposed SLE method, which uses the Peak-
Valley detection algorithm [48]. A 60-meter linear walking path was chosen for the experiment, with
ten participants aged 24 — 50 taking part in the study. A leave-one-out cross-validation approach was
employed to assess the accuracy of our newly proposed SLE technique for each participant [51].
According to this approach, the gait features of each pedestrian used for step length prediction are
included in the test set, while those of the remaining nine participants form the training set for the
model. Additionally, the proposed method’s performance was tested under two different walking
speeds—normal and fast—for each participant to demonstrate its effectiveness across varying walking
modes.

The following equation calculates the accuracy of the proposed SLE method.

e __ o]0
Accuracy(%) = <1 — |SZSZOSZ> x 100, (12)

where s/° and s/’ denote the step length estimated by the proposed method and the observed step
length. At first, the experimental results obtained under normal walking and fast walking along with
the basic body characteristics of each participant pedestrian are provided in Tables 1 and 2 respectively.
Then the accuracies of our newly proposed SNN-based SLE method and previously proposed peak-
valley detection algorithm-based SLE method under two different walking modes, i.e., normal and
fast are reported in Tables 3 and 4 respectively.
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Table 1. Results of normal walking along with basic body characteristics of each participant pedestrian.

Participant ~ Walking Average Average Height (m) Weight Gender
Step (kg)
No. Distance  Length (m) MSE loss
(m)
1 60.2 0.599 0.03 1.706 80 M
2 60.2 0.593 0.03 1.706 67 M
3 60.4 0.667 0.06 1.803 75 M
4 60.1 0.628 0.04 1.803 57 M
5 59.8 0.609 0.07 1.706 58 M
6 60.3 0.591 0.06 1.706 60 M
7 60.4 0.612 0.04 1.625 56 M
8 60.6 0.552 0.03 1.574 40 F
9 59.9 0.562 0.08 1.752 70 M
10 60.8 0.588 0.02 1.706 70 M

Table 2. Results of fast walking along with basic body characteristics of each participant pedestrian.

Participant ~ Walking Average Average Height (m) Weight Gender
Step (kg)
No. Distance  Length (m) MSE loss
(m)
1 60.4 0.703 0.07 1.706 80 M
2 60.7 0.666 0.08 1.706 67 M
3 60.3 0.701 0.08 1.803 75 M
4 60.9 0.738 0.04 1.803 57 M
5 60.4 0.679 0.07 1.706 58 M
6 60.8 0.612 0.06 1.706 60 M
7 60.7 0.674 0.08 1.625 56 M
8 59.8 0.601 0.07 1.574 40 F
9 59.6 0.672 0.08 1.752 70 M
10 60.7 0.702 0.09 1.706 70 M

Table 3. Comparison of accuracy results under normal walking.

Participant No. Peak-Valley detection method SNN based method (%)
(%)
1 92.03 99.61
2 92.27 99.52
3 98.29 99.76
4 97.44 99.55
5 96.54 99.78
6 93.83 99.68
7 98.31 99.46
8 88.35 99.78
9 93.68 99.52
10 98.29 99.67
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Table 4. Comparison of accuracy results under fast walking.
Participant No. Peak-Valley detection method SNN based method (%)
(%)
1 96.62 99.52
2 96.4 99.55
3 93.43 99.46
4 98.37 99.61
5 97.6 99.52
6 92.77 99.56
7 97.79 99.67
8 93.94 99.61
9 96.3 99.46
10 94.78 99.52

The accuracy results reported in Tables 3 and 4 show that the newly proposed step length estimator
(Sequential neural network) boasts an impressive average accuracy exceeding 99.4%, with a negligible
average error rate of just 0.5%. This remarkable achievement outperforms the traditional method based
on the peak-valley detection algorithm, solidifying the proposed SNN-based approach as a superior
solution. It is also evident from Tables 3 and 4 that the SNN-based approach not only performs very
well under two different walking modes compared to the traditional peak-valley detection-based
approach but also the accuracy results of the former are not affected by user dynamicity. This happens
because the newly proposed ML model-based method does not involve any user-specific parameter,
thereby enhancing its resilience in its ability to adapt to the pedestrian’s dynamic pace changes,
frequently occurring during walking, without compromising its accuracy.

4. Conclusions

This study demonstrates the effectiveness of an advanced ML-based step length estimator in
delivering accurate step length estimates with minimal error. The proposed method is robust against
noisy acceleration and angular velocity data from low-cost IMUs, achieving a low error rate of just
0.5% over a 60-meter distance, as validated in experimental tests using a Sequential Neural Network
(SNN).

Unlike traditional SLE methods that rely on peak-valley detection algorithms, our proposed
SLE technique improves accuracy across different walking modes without requiring user-specific
parameters or calibration. Using a straightforward, foot-mounted IMU with time data, this approach
simplifies computations, enhancing performance overall. The accuracy and resilience of the SNN-
based SLE method make it well-suited for applications such as monitoring the health status of patients
with neurological disorders, and gait impairments, and also for the design of IMU sensor-based PDR
systems tailored for indoor navigation.

Currently, the performance of the proposed SLE technique has been evaluated only on a linear
path. Future research will extend this evaluation to non-linear paths with turns to assess its effec-
tiveness in diverse walking environments. Additionally, we plan to validate the applicability of this
method for monitoring gait health in patients with spinal cord injuries or neurological disorders by
testing on a dataset that includes gait data from individuals with impaired movement as well as a
wide range of ages and gait characteristics.
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