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Abstract

Precise step length estimation (SLE) is a key necessity for not only navigation systems de-
sign but also gait health monitoring in neurological conditions. Among existing solutions,
non-invasive inertial sensor-based approaches operating without dedicated infrastructure
are more cost-effective. Many such methods, however, rely on bodily affixed inertial sensors
rather than freely held smartphone sensors. Traditional signal processing approaches, on
the other hand, offer varying accuracy across diverse gait patterns due to user parameter
calibration. This study, thus, proposes a regression-based SLE framework employing eight
regression algorithms: linear regression (LR), k-nearest neighbors, support vector machine,
decision tree, elastic network, random forest, histogram-based gradient boosting (HGB)
regressor, and artificial neural network (ANN). Their extensive and rigorous evaluations
across varied window sizes, using a dataset collected in normal and fast walking modes
with two device positions (hand-held and trouser-pocket) during three evaluation sce-
narios, demonstrate the HGB regressor’s outstanding performance, achieving the lowest
mean absolute error (MAE) below 1 cm across four different contexts under leave-one-out
cross-validation-based evaluation and three in the seen test evaluations. Moreover, the
findings report the ANN’s exceptional generalization capacity over other models and the
previous method IRT-SD-SLE in unseen test evaluations, with an MAE not exceeding 6.3 cm.
The extensive evaluations of training and testing times reveal the highest computational
efficiency for LR, moderate efficiency for the HGB regressor, and the highest training cost
for the ANN, indicating a clear trade-off between MAE and computational expense. Addi-
tionally, this study includes an insightful discussion on the performance results, including
the trade-offs between accuracy and efficiency.

Keywords: step length; regression; accelerometer; gait; MAE; training; test

1. Introduction
Precise step length estimation (SLE) is of paramount importance in the development

of various applications, including pedestrian dead reckoning (PDR)-based positioning and
navigation systems [1,2], health monitoring for patients with neurological disorders [3,4],
gait kinematics measurement [5], physical fitness tracking [6], and fall risk assessment [7],
among others. Inertial sensor-based PDR methods have demonstrated significant utility,
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not only in designing effective mobility aid tools for individuals with physical challenges,
such as the visually impaired [8], but also in providing location-based services (LBSs) in
regions lacking other signal sources [9,10]. The limited availability of sufficient subjects or
patients required for clinical trials of neurological conditions such as Alzheimer’s disease,
Cerebral Palsy, Amyotrophic Lateral Sclerosis (ALS), and Mild Cognitive Impairment
presents a potential obstacle to drug development for these neurological diseases [3].
Conversely, the measured gait parameters—such as step length and step duration—hold
promise for detecting these neurological conditions and monitoring their progression,
thereby serving as valuable biomarkers [11]. Low-cost non-invasive inertial sensors, as
opposed to instrumented walkways or optical motion capture systems entailing dedicated
infrastructure deployment, are more practical for measuring pedestrians’ step length
using gait pattern analysis across various motion modes in both home and laboratory
settings [12,13].

Among the existing inertial sensor-based solutions for SLE, those operating on signals
from inertial sensors affixed to body segments, like the foot, waist, or thigh, tend to
produce more reliable results than those relying solely on data from the built-in sensors
of smartphones held freely, as demonstrated by previous studies [14–17]. The device
orientation and posture dynamics during user movements pose significant challenges in
designing accurate and reliable SLE methods based solely on smartphone inertial data.
Consequently, this study concentrates on overcoming these limitations by processing only
the signals collected from freely held or placed smartphones.

To mitigate the adverse effects of the smartphone’s orientation and gravitational bias
on step detection (SD) and SLE accuracy, our earlier proposed method, IRT-SD-SLE [15],
initially transforms raw acceleration measurements from the device’s body coordinate
system to the Earth coordinate system and employs a sliding window-based low-pass filter
before peak–valley detection. Furthermore, our previous smartphone accelerometer-based
SLE method outperformed existing techniques, with an accuracy improvement of around
15% or more for both step detection and step length estimation by utilizing a peak–valley
detection scheme across different walking modes and device postures, as evidenced by
experimental results in [15]. However, it still requires calibration of certain user-specific
parameters to achieve optimal accuracy. Additionally, earlier findings indicated variability
in the precision of IRT-SD-SLE across various walking modes and device postures. To
eliminate the need for user-specific parameter calibration and curb the influence of device
orientation and walking mode, this study proposes a regressor algorithm-driven SLE
framework using smartphone accelerometer data. The adoption of machine learning not
only removes the dependence on user-specific parameters but also enhances stability and
reliability across different motion modes and device postures.

In recent years, numerous research initiatives have investigated SLE methods em-
ploying supervised learning [18], self-supervised learning [19], deep learning models like
CNNs, Gated Recurrent Units (GRUs), attention mechanisms, and Res2Net modules, and
so on [20–32], alongside dimensionality reduction techniques such as principal component
analysis (PCA) [33], to overcome the limitations inherent in traditional signal processing,
including the necessity for user parameter calibration. Many of these existing approaches,
however, depend on inertial measurement unit (IMU) sensors fixed to body segments
rather than the built-in inertial sensors of freely held smartphones [19,26–32].

Very few studies address the challenge of processing unconstrained smartphone sensor
data affected by continuous orientation changes during user movements, which signif-
icantly diminishes SLE accuracy. Among these, Vandermeeren et al. [18] analyzed the
influence of feature selection on ML-based step length estimation, demonstrating perfor-
mance improvements when relevant features were selected, although their approach was
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highly recursive. Another smartphone-based method proposed by Vezočnik et al. [33]
applied principal component analysis to derive step length from smartphone accelerometry,
evaluated in different positions such as pocket, hand, upper arm, and pelvis, achieving an
average absolute error of 6.44 cm. However, their experiments used sensor data from smart-
phones fixed to body segments rather than from unconstrained devices. Abiad et al. [34]
proposed a data-driven step recognition approach using a Histogram Gradient Boosting
decision tree model applied to accelerometer and gyroscope signals.

In a recent study, Shi et al. [35] introduced a method utilizing Ensemble Empirical
Mode Decomposition with adaptive noise (CEEMDAN) and SVM classifiers for step detec-
tion across diverse device postures and gait patterns. In our recently proposed smartphone
sensor-based SLE approach, in addition to converting sensor readings into the Earth coor-
dinate system using a quaternion, automated adjustment to direction and surface slope
is incorporated to make the proposed SLE approach slope-adaptive and perform well on
curved surfaces and staircases [36]. In another recent study, Xu et al. proposed a deep
learning approach using a smartphone’s inertial sensors for gait event detection and eval-
uated its clinical significance [37]. However, such models necessitate sufficient training
data, proper validation, and testing across different users, walking speeds, and smartphone
positions. Liang et al., on the other hand, reported the usefulness of smartphone sensor-
based gait assessment for estimating temporal gait parameters with accuracy dependent
on sensor placement, number of walking steps, and reliability of gait-event detection [38].

Additionally, SLE approaches employing certain deep learning models often demand
substantial computational resources and extensive training datasets, thereby rendering
them impractical for real-time applications on resource-limited devices. Conversely, the
effective application of feature selection methods with machine learning (ML) models, as
demonstrated in [18], and PCA, as presented in [33], facilitates feature set dimensionality
reduction, resulting in comparatively lower computational demands and greater suitability
for deployment on portable devices. However, the SLE model proposed in [33] was
evaluated and validated using inertial sensor data collected from a constrained smartphone
affixed rigidly to the upper arm, hand, hip, and thigh, rather than a freely held one, which
is more usual. Similarly, in [18], the researchers examined accelerometer and gyroscope
data collected from a smartphone during texting mode, without considering other device
positions or different motion modes (e.g., normal, fast, etc.).

Consequently, an extensive evaluation and performance analysis of the SLE method
employing various supervised regression algorithms, based on sensor data collected from
unconstrained smartphones across diverse motion modes and device positions, is absent
in the current literature. Therefore, to address this critical research gap in smartphone
sensor-based SLE models, the present study aims to develop a computationally efficient
SLE model exploiting machine learning regression algorithms such as linear regression
(LR), k-nearest neighbor (k-NN), support vector machine (SVM), decision tree (DTree),
elastic net (Els net), random forest (RF), histogram-based gradient boosting (HGB) regressor,
and artificial neural network (ANN). To demonstrate the improved performance of the
proposed regression model-based SLE method compared to the previous ones, an extensive
performance evaluation of the regressor models in terms of mean absolute error (MAE)
achieved for SLE, indicating their prediction accuracy along with training and test times for
measuring computational efficiency, is conducted using accelerometer data collected from
unconstrained smartphones across varied motion modes and device positions. Additionally,
this study includes an insightful discussion on the performance results, including the trade-
offs between accuracy and efficiency. The contributions of the present study are delineated
below in a listed form.
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• A simplistic regression model-based improved SLE method: This study presents
an improved SLE model devoid of any user-related parameters and insensitive to the
device’s orientation by utilizing several simplistic regression algorithms, ranging from
the simplest k-NN to ensemble methods like RF and HGB regressors, as well as a
multilayer perceptron (MLP)-based ANN.

• An extensive and rigorous comparative performance study: The study also includes
an extensive and rigorous comparative performance analysis of the considered regres-
sion algorithms in terms of MAE, along with the training and inference times, across
varied window sizes in diverse contexts of walking mode and device postures under
three evaluation scenarios to demonstrate their generalization capacity across diverse
gait patterns, walking modes and device postures in various conditions as well as to
explore the trade-off between the prediction accuracy and computational efficiency of
these models, which is still missing in the existing literature.

• Broad applicability: Sole reliance on the accelerometer sensor makes the proposed
method deployable on almost every smartphone.

• Stable and reliable accuracy: Insensitivity of the proposed method to the variation
in motion modes and device posture enables it to acquire reliable but stable accuracy
across the varying motion modes and device postures.

The structure of the paper is as follows. Section 2 presents the detailed design of
the proposed SLE framework. In Section 3, various regression models exploited by our
proposed SLE model are evaluated extensively across diverse scenarios, followed by a thor-
ough analysis with an insightful discussion in Section 4. Section 5 draws our conclusions
and presents the scope for further research.

2. Study Design
Our proposed regression model-based SLE model is presented in this section. The

workflow diagram of our proposed method is shown in Figure 1. The proposed SLE model
comprises five subprocesses: data acquisition, preprocessing, feature extraction, model
training with parameter tuning, and finally, step length prediction with model evaluation.
Each of these subprocesses is described in a separate subsection.

Figure 1. Flowchart of the proposed step length estimator.
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2.1. Data Acquisition

The proposed method needs to acquire the signal measurements from the smart-
phone’s built-in accelerometer. For data collection, we used an Android smartphone, the
Samsung Galaxy M13 model, and conducted a walking experiment in which ten partic-
ipants walked along a 30-m-long linear path at two different speeds, normal and fast,
with the smartphone either in hand or in their trouser pockets, as reported in our earlier
work [15]. The design details of the Android app used to collect data have already been
provided there. Unlike the previous case, only the raw triaxial acceleration components
recorded along the X, Y, and Z axes were used without transforming them from the sensor
coordinate system to the Earth coordinate system, making them independent of device
orientation. By combining two distinct motion modes (normal and fast) with two distinct
device positions (handheld and pocket), four different walking scenarios result: normal-
handheld (NH), normal-pocket (NP), fast-handheld (FH), and fast-pocket (FP). Alongside
the sensor readings across its three axes, the number of steps and distance walked by each
participant were also recorded in a separate CSV file for each of the four walking trials or
scenarios (NH, NP, FH, FP). The recorded data for all participants in a specific walking
trial constitute a separate dataset, yielding four different datasets named according to the
walking trial in which they were collected. The training, testing, and validation of the
considered regression algorithms are conducted on these four datasets.

Ten participants, including both males and females, aged 23 to 47 years, with heights
ranging from 160 to 180 cm and weights from 60 to 75 kg, depicted sufficient variability
in their gait patterns. The anthropometric and demographic data for each participant,
including height, body weight, age, and gender, along with the number of steps walked
and distance covered in four walking scenarios, are provided in Table 1 to showcase the
variability in the participants’ body characteristics and walking patterns. The sampling
rate for accelerometer readings was set to 50 Hz, and each participant walked for 32 to
48 s to cover the 30-m distance, depending on their walking speed, yielding a total of
1600–2400 samples in every walking trial.

Table 1. Anthropometric characteristics and walking details of the participants.

ID Age Gender Height (cm) Weight (kg)
Steps Walked

Distance Walked (m)
NH NP FH FP

1 45 Male 178.00 75 43 43 36 35 30.0
2 43 Female 150.00 53 49 48 43 42 30.0
3 44 Male 169.00 87 47 46 39 38 30.0
4 43 Male 170.68 72 42 41 33 34 30.0
5 24 Male 162.56 58 51 50 42 40 30.0
6 23 Male 167.64 80 45 46 42 41 30.0
7 25 Male 156.00 56 47 48 40 41 30.0
8 25 Female 157.00 59 47 47 41 41 30.0
9 44 Female 160.00 64 48 47 41 41 30.0

10 47 Male 176.78 81 46 45 40 38 30.0

2.2. Data Preprocessing

In this step, noise filtering is applied first to remove high-frequency components from
raw sensor readings, making the signal smoother. Then the filtered acceleration signal is
segmented into several equal-sized parts, each one corresponding to a single step or stride
based on the predefined window size.
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2.2.1. Noise Filtering

A Butterworth low-pass filter [39] allows low-frequency signals to pass through while
attenuating higher-frequency noise above a specified cutoff frequency. In this experiment,
the cutoff frequency is set to 10 Hz to filter out any frequency components above it. In our
experiment, the scipy.signal.butter [40] function is used to reduce noise in accelerometer
sensor data, yielding a smoothed signal more suitable for estimating step length or motion
analysis. Figure 2 illustrates the raw X, Y, and Z components, as well as the raw and filtered
acceleration magnitude.

Figure 2. Raw X, Y, Z axes components and magnitude of the accelerometer with filtered accelera-
tion magnitude.

2.2.2. Segmentation

The filtered sensor signal is divided into segments corresponding to each step or stride,
based on either a predefined window size or a pair of peak—trough sequences in the sensor
signal. Our proposed method partitions the filtered acceleration magnitude into several
distinct segments to extract important information related to gait patterns, cadence, step
frequency, etc., which are useful features for predicting the step length. Figure 3 shows the
segmented raw and filtered acceleration magnitude with peak–trough sequences detected.
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Figure 3. Segmented and filtered acceleration magnitude with detected peak–valley sequences.

2.3. Feature Extraction

A total of 49 features belonging to three different categories—time-domain, frequency-
domain, and peak–trough—are extracted from the segmented and filtered sensor signals
to train the regression models. These carefully crafted 49 features enable the machine
learning models in our proposed SLE framework to identify the hidden characteristics of
each dataset from four different walking trials used to train them and perform better than
the previous method in terms of estimation error by mitigating the influences of the device
orientation without involving such a transformation of the coordinate system. The distinct
properties and usefulness of these three feature types are outlined below.

(i) Time-domain Features: A brief description of various time-domain features con-
sidered in this study, including their mathematical formulae, is provided in tabular
form in Figure 4. Time-domain features such as mean, standard deviation, minimum,
maximum, median, mean absolute deviation (MAD), and interquartile range (IQR)
quantify basic signal behaviors for each axis. Higher-order features, such as kurtosis
and skewness, describe the distribution’s shape. Signal energy captures intensity, and
the signal magnitude area (SMA) summarizes the total motion magnitude, while axis
correlations provide structural insights.

(ii) Frequency-domain Features: Applying the Fourier Transform to sensor data enables
the extraction of frequency domain features, such as dominant frequencies, which
are crucial for understanding the periodic components of the data. By converting the
time-domain signal into its frequency components, the Fourier Transform reveals how
different frequencies contribute to the overall signal. Dominant frequencies, identified
as the peaks in the frequency spectrum, indicate the most significant oscillatory
patterns within the data, such as the regular rhythm of footsteps in gait analysis.
These frequency-domain features enable distinguishing different rhythmic patterns
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from eliminating noise, providing insights into the cyclic nature of movements, and
thus enhancing the accuracy of models used to estimate step length. The nine most
important such features considered by our proposed SLE model are shown in tabular
form in Figure 5.

(iii) Peak–Trough-related Features: Peak values represent the maximum accelerations or
forces experienced during a step, highlighting key moments of impact or exertion.
Conversely, trough or valley values capture the minimum accelerations or forces,
identifying points of least activity or relaxation. Together, these features provide a
comprehensive view of step dynamics, facilitating accurate analysis and modelling
for applications such as step length estimation and gait assessment. Six important
peak–trough-related features considered in this study, including the window size, i.e.,
the segment length, are briefly described in tabular form in Figure 5, following the
frequency-domain features.

Figure 4. List of time-domain features considered by our proposed SLE.

https://doi.org/10.3390/make8080222

https://doi.org/10.3390/make8080222


Mach. Learn. Knowl. Extr. 2026, 8, 222 9 of 32

Figure 5. List of frequency-domain and peak–trough-related features considered by our proposed SLE.

2.4. Model Training with Hyperparameter Tuning

Our proposed SLE model employs eight different regression algorithms, which include
LR, k-NN, SVM, decision tree, elastic net, RF, HGB regressor, and ANN, to predict the step
length in diverse motion modes and device postures. A brief outline of their regression
functionality is presented first, followed by a discussion on their training process with
hyperparameter tuning.

2.4.1. Machine Learning Regression Algorithms

Among the regression algorithms considered, linear regression (LR) leverages the
relationship between input and output variables to predict a continuous numerical value
for the latter. Such a model usually assumes a straight-line connection between the input
(independent variable) and the output (dependent variable) [41]. Unlike LR, k-NN does not
work based on the underlying pattern of the data. Rather, it predicts a value by finding the
‘k’ closest data points (neighbors) to a given input and averaging their associated outputs
in regression [42]. The third one, i.e., support vector machine regression, when combined
with a radial basis function (RBF) kernel, becomes more flexible and can model nonlinear
relationships between input and output variables [43]. Unlike linear regression, which fits
a straight line, RBF-SVM regression fits a smooth curve that can capture complex patterns
in the data [44]. Elastic net (Els net) regression, a combination of lasso regression (which
performs feature selection) and ridge regression (which shrinks coefficients to prevent
overfitting), applies both L1 and L2 regularization to the linear regression model [45].

On the other hand, Decision Tree (DTree) regression predicts a continuous numerical
value by splitting the data into several smaller groups based on certain rules or criteria [46].
In the decision tree generated by this regression model, each non-leaf node represents
an input feature, and the actual output values constitute the leaf nodes. The random
forest (RF) regressor, a type of ensemble machine learning model, combines the predictions
of multiple decision trees built on different aspects of the data [47] to generate its own.
Taking the average of constituent trees’ predictions as the final prediction makes the model
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more accurate and less likely to overfit noise. Another ensemble technique considered by
our proposed SLE model is the histogram-based gradient boosting (HGB) regressor [48].
The use of a histogram, i.e., an integer-based data structure, by such an ensemble model
to create the trees enables it to speed up processing larger input samples compared to
traditional gradient boosting tree regressors, which use sorted continuous values for the
same purposes [49]. Finally, artificial neural network (ANN) models, including a specific
variant, the multilayer perceptron (MLP), resemble the structure of the human brain in
design. They can learn complex relationships between input features and output targets,
even when non-linear relationships hold between them [50]. Such ML models consist of
three layers—input, hidden, and output. The input features enter the network through the
input layers. Then, computations are performed in the hidden layers to detect underlying
patterns in the data, and the final prediction is obtained via a single neuron in the output
layer [51].

2.4.2. Training with Hyperparameter Tuning

Each adopted model is trained using the training dataset constituted by the input
feature vector of 49 features reported in Section 2.3.

Assume L represents the set of m (m > 0) step segments, where each segment (denoted
as li ∈ L, where 0 < i ≤ m) is a sequence of multiple data points, as illustrated in Figure 3 in the
previous subsection. For each step segment, the feature vector is constituted by concatenating
all 49 features derived from the filtered acceleration signal components. Mathematically, the
feature vector (xi) for the ith step segment li is denoted by the following equation.

xi =
[

f i
1 f i

2 · · · f i
48 f i

49

]
(1)

where f j
i denotes the jth feature in the list of 49 features delineated in Figures 1 and 2,

and is derived from the ith step segment li. By collecting the feature vectors for all step
segments into a matrix, where each row corresponds to a feature vector, the input feature
matrix X is constructed. Mathematically, it is represented as follows.

X =


f 1
1 f 1

2 · · · f 1
48 f 1

49
f 2
1 f 2

2 · · · f 2
48 f 2

49
...

... . . .
...

...
f m
1 f m

2 · · · f m
48 f m

49

 (2)

Presuming each step segment denotes a single step, the vector of ground truth step lengths
is represented as SL = [sl1 sl2 · · · slk], which is taken as the true output for the above input
feature matrix. In this case, the average step length for each participant, calculated as the
total walking distance divided by the number of steps, is considered the ground truth for
the actual step length.

To tune the hyperparameters of the ML models considered by our proposed SLE frame-
work, we employ the ‘GridSearchCV’ function from the scikit-learn package [52]. Such a
search method tests all possible parameter combinations taken from the predetermined
hyperparameter space using a predefined cross-validation scheme [53]. The tuned hyperpa-
rameters for the regression models considered in this study are ‘n_neighbors’ and distance
metric for k-NN, ‘C’ and ‘gamma’ for RBF-SVM, ‘max_depth’ and ‘min_samples_split’ for
decision tree, ‘n_estimators’ and ‘max_depth’ for RF regressor, ‘max_iter’ and ‘max_depth’
for HGB regressor, and ‘alpha’ for ANN. We use a 5-fold cross-validation scheme to tune
the above hyperparameters.
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2.5. Step Length Prediction and Model Evaluation

The trained models with the tuned hyperparameters specified in the previous subsec-
tion are used to predict the step length and evaluate their performances also in terms of
mean absolute error (MAE). The seen and unseen data collected across different walking
modes and phone positions are used to evaluate all considered models, and their results un-
der various scenarios are presented in the next section. To compute the MAE, the following
mathematical equation is used.

MAE =
1
m

m

∑
i=1

∣∣∣sli − ŝli
∣∣∣, (3)

where sli and ŝli are actual step length observed and the same predicted by the regression
model corresponding to the ith step segment, with m denoting the number of step segments.

3. Results
To validate the effectiveness of our proposed SLE framework, specifically the models’

performance across diverse gait patterns, we adopted a leave-one-out cross-validation
(LOOCV) strategy for each participant, in which the participant constituting the test set
is fully excluded from the training set. To further demonstrate the generalizability of our
proposed step length estimator, we evaluate the considered regression models on the MAE
for estimated step length on the unseen test data, followed by the seen test data. The
calculation of MAE from the ground truth and the predicted step length is already shown in
Section 2.5. Apart from the MAE-based evaluation, all considered models are also evaluated
and compared in terms of training and test times to assess their computational efficiency.

The LOOCV for each of the four scenarios (NH, NP, FH, and FP) trains all considered
models on all participants’ datasets, except the one used as the test case, as illustrated in
Figure 6, collected in that specific scenario. On the other hand, evaluating the considered
regression models on all participants’ datasets collected in a specific context among the
four (NH, NP, FH, and FP), provided these were trained on the datasets collected in the
remaining three contexts, results in an unseen test data-based evaluation, while training on
the datasets collected in all four contexts for all participants makes it a seen test data-based
evaluation, as depicted in Figure 7. Additionally, to investigate the effect of window size,
which acts as an input feature for our proposed SLE model, the regression models are
evaluated on window sizes ranging from 40 to 100. Such an investigation helps in finding
the most appropriate window size for each context. The evaluation results of the regression
models under three different scenarios, i.e., evaluations using the LOOCV strategy as well
as the unseen and seen test data, are presented in Sections 3.1, 3.2 and 3.3, respectively.

3.1. Leave-One-Out Cross-Validation (LOOCV) Strategy-Based Evaluations

Evaluations of all considered models, using LOOCV for each participant across all
four scenarios (NH, NP, FH, and FP), were conducted to assess their performance under
diverse gait patterns. As stated before, this evaluation strategy for each of the four walking
contexts trains the models on all participants’ datasets, except for the participant used as
the test case, collected in that specific scenario. Figure 6 illustrates the LOOCV evaluation
strategy for our dataset, which includes 10 participants, thus showing 10 different test cases.
Since the datafile associated with a specific participant selected as a test case is not included
in the training dataset, which is constituted by concatenating the datafiles for the remaining
participants, and recorded sensor readings with walking data for each participant under
each of the four walking trials (NH, NP, FH, FP) are stored in a separate CSV file, as
reported in Section 2.1, it fully ensures no potential data overlap between the training and
test set occurs under each of the four walking trials in the LOOCV evaluation strategy. The
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achieved MAE for all considered regression models across window sizes from 40 to 100,
based on separate evaluations using the LOOCV strategy in the four scenarios—NH, NP,
FH, and FP—is compared in Figures 8, 9, 10 and 11, respectively.

Figure 6. Leave-one-out cross-validation-based evaluation on a dataset with 10 participants.

Figure 7. Evaluation scenarios using unseen and seen test data.
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Figure 8. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the LOOCV strategy in the normal-handheld scenario.

Figure 9. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the LOOCV strategy in the normal-pocket scenario.

Figure 10. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the LOOCV strategy in the fast-handheld scenario.
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Figure 11. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the LOOCV strategy in the fast-pocket scenario.

Figures 8–11 demonstrate that the HGB regressor achieves superior performance in
all four scenarios, outperforming the other considered models with an MAE below 0.5 cm,
1.0 cm, and 1.5 cm across window sizes in FH, NP, and NH and FP, respectively. Among
the other models, k-NN, unlike the context-wise evaluations, achieves better MAE results
in the NH and NP scenarios, with slightly degraded results in the other two scenarios. On
the other hand, ANN performs better for certain window sizes in each of the four scenarios,
and RBF-SVM performs worst in all scenarios except NH, while LR performs better than
Els net, DTree, and RF regressors, in all scenarios except FP.

The variation in training and test times across window sizes for the considered re-
gression models under all four contexts is shown in Tables 2–5. The reported training and
test times across window sizes indicate that, in most cases, they decrease with increasing
window size. The results reported in all four tables also show that the ANN, among the
considered models, incurs significantly high training time but relatively short test time,
where the training and test times of the considered ensemble methods (RF and HGB re-
gressors) are higher than those of the other models, except the ANN. It is further observed
from these tables that the training and test times incurred by the HGB regressor across the
window sizes are substantially shorter than those for the RF regressor, and k-NN, being a
lazy learner, incurs a higher test time than its training time, unlike the other models.

Table 2. Comparisons of training and test time across window sizes (40–100) for different models
using the LOOCV strategy in the normal-handheld scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.66 1.67 1.27 1.32 1.16 1.11 1.26 0.13 0.16 0.12 0.12 0.12 0.13 0.12
kNN 0.36 0.39 0.32 0.32 0.35 0.31 0.32 1.08 1.09 1.00 0.98 1.04 0.98 1.02
RBF SVM 3.21 2.23 1.77 1.58 1.19 1.12 0.98 1.88 1.53 0.90 0.81 0.65 0.49 0.41
DTree 3.07 2.21 2.00 1.79 1.68 1.55 1.46 0.18 0.15 0.15 0.15 0.15 0.14 0.14
Elastic Net 2.17 1.89 1.81 1.71 1.56 1.63 1.53 0.14 0.13 0.13 0.12 0.12 0.12 0.12
RF Reg. 239.28 209.95 198.81 177.27 168.42 165.46 154.92 5.95 5.92 5.62 5.60 5.52 6.19 5.41
HGB Reg. 162.06 163.59 166.67 133.63 122.81 114.39 102.76 3.97 3.94 4.00 3.03 2.79 3.05 2.70
ANN (MLP) 1109.13 885.07 1027.43 945.00 865.43 605.68 929.64 0.32 0.40 0.30 0.29 0.28 0.28 0.28
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Table 3. Comparisons of training and test time across window sizes (40–100) for different models
using the LOOCV strategy in the normal-pocket scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.92 1.39 1.36 1.37 1.29 1.02 1.07 0.16 0.12 0.14 0.13 0.14 0.12 0.12
kNN 0.41 0.33 0.33 0.34 0.31 0.31 0.29 1.31 1.05 0.97 1.12 1.01 0.95 0.92
RBF SVM 3.30 2.23 2.25 1.75 1.29 1.45 1.06 1.70 1.11 1.20 0.75 0.52 0.67 0.42
DTree 2.96 2.21 2.41 1.97 1.72 1.62 1.47 0.24 0.15 0.17 0.18 0.17 0.16 0.17
Elastic Net 2.82 1.92 1.89 1.96 1.64 1.78 1.54 0.18 0.13 0.12 0.15 0.13 0.13 0.13
RF Reg. 266.59 209.89 188.90 196.95 184.42 173.45 157.39 5.73 7.04 5.79 6.13 6.61 6.05 5.34
HGB Reg. 180.37 169.61 159.12 140.06 134.54 135.13 106.54 3.86 2.82 4.00 3.67 3.99 3.76 3.78
ANN (MLP) 1096.23 872.13 1022.18 1024.26 944.77 723.61 947.49 0.32 0.31 0.29 0.34 0.30 0.33 0.30

Table 4. Comparisons of training and test time across window sizes (40–100) for different models
using the LOOCV strategy in the fast-handheld scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.85 1.45 1.38 1.19 1.33 1.17 1.14 0.14 0.13 0.13 0.12 0.13 0.12 0.12
kNN 0.36 0.33 0.30 0.30 0.32 0.33 0.32 0.96 0.97 0.95 0.93 1.01 1.05 0.92
RBF SVM 3.25 2.24 2.36 2.23 1.31 1.27 0.97 1.10 0.71 0.74 0.63 0.40 0.35 0.30
DTree 3.22 2.30 2.24 2.39 1.65 1.56 1.50 0.21 0.16 0.16 0.17 0.14 0.14 0.19
Elastic Net 2.59 2.07 1.75 2.00 1.54 1.87 1.63 0.21 0.13 0.12 0.14 0.12 0.14 0.13
RF Reg. 249.35 218.63 200.72 228.51 189.05 182.47 156.96 5.47 5.81 5.60 7.49 6.15 5.43 5.15
HGB Reg. 220.13 158.05 158.30 174.90 131.99 133.41 115.83 4.83 2.87 3.30 3.86 3.87 2.49 3.39
ANN (MLP) 1150.18 947.29 1251.98 1087.93 866.39 717.18 1131.21 0.29 0.28 0.29 0.27 0.26 0.27 0.36

Table 5. Comparisons of training and test time across window sizes (40–100) for different models
using the LOOCV strategy in the fast-pocket scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.67 1.35 1.26 1.23 1.31 1.14 1.16 0.12 0.12 0.12 0.12 0.14 0.12 0.13
kNN 0.32 0.31 0.31 0.30 0.32 0.30 0.35 1.02 0.96 0.95 0.94 0.95 0.94 1.10
RBF SVM 3.09 2.24 2.16 1.37 1.24 1.12 1.13 0.93 0.70 0.57 0.41 0.36 0.33 0.33
DTree 2.74 2.21 2.13 1.77 1.71 1.60 1.45 0.16 0.16 0.15 0.16 0.15 0.15 0.14
Elastic Net 1.85 1.98 1.84 1.68 1.73 1.66 1.53 0.13 0.13 0.12 0.12 0.16 0.13 0.12
RF Reg. 238.20 210.98 199.94 175.39 178.17 159.59 155.84 5.71 5.38 5.25 5.21 5.78 5.25 5.31
HGB Reg. 164.21 155.07 152.91 129.51 130.37 113.30 98.55 2.91 3.40 4.78 2.76 4.16 4.07 3.02
ANN (MLP) 1077.95 871.93 1014.25 923.30 958.32 600.49 917.14 0.31 0.27 0.27 0.26 0.27 0.29 0.27

3.2. Evaluation Using Unseen Data

In this case, the regression models were trained on datasets collected from all four
contexts, except the one selected for the test dataset, selecting three out of four datasets, and
then evaluated on the dataset explicitly set aside for testing. Based on the specific context
of the selected test dataset, four unseen test evaluation scenarios appear—evaluation using
unseen NH, evaluation using unseen NP, evaluation using unseen FH, and evaluation
using unseen FP—as depicted by the red arrows in Figure 7. Since the walking context of
selected test data is not included in the training dataset, as depicted by the red arrows in
Figure 7, this ensures no potential data overlap between the training and test sets in these
evaluation scenarios, like in the previous LOOCV evaluations. The experimental results in
these categories are presented below.

3.2.1. Evaluation Using Unseen Normal-Handheld (NH) Test Data

Figure 12 and Table 6 compare the achieved MAE and training and test times, respec-
tively, for various regression models considered in this study, across window sizes from 40
to 100 in the unseen NH scenario. Unlike the LOOCV evaluation cases, ANN outperforms
the other models considered here at a window size of 50, achieving the lowest MAE in this
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scenario. At the same time, Els net and LR perform better than the other models across
window sizes and at window sizes below 80, respectively, in this scenario. It is also noted
from Figure 12 that the achieved MAE for k-NN, RBF-SVM, decision tree, and RF remains
almost the same across window sizes, whereas that of the HGB regressor is slightly lower
in this scenario.

Figure 12. Comparisons of MAE in step length predicted by various regressor models at different
window sizes in an unseen normal-handheld scenario.

Table 6. Comparisons of training and test time across window sizes (40–100) for different models
using unseen data under the normal-handheld scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.62 1.35 1.21 1.06 1.01 0.99 0.97 0.15 0.14 0.12 0.13 0.12 0.12 0.12
kNN 0.32 0.32 0.31 0.31 0.31 0.33 0.30 1.03 1.17 1.03 1.00 1.00 0.99 1.02
RBF SVM 2.43 1.62 1.25 1.11 1.00 0.93 0.87 2.23 1.22 0.85 0.69 0.57 0.47 0.42
DTree 2.21 1.82 1.67 1.53 1.40 1.34 1.29 0.17 0.15 0.15 0.14 0.14 0.14 0.15
Els Net 1.34 1.26 1.22 1.16 1.14 1.16 1.17 0.13 0.13 0.13 0.13 0.12 0.13 0.13
RF Reg. 207.31 179.89 170.72 156.62 151.35 147.73 142.77 5.96 5.78 5.84 5.53 6.03 5.85 5.81
HGB Reg. 160.50 131.88 126.74 105.38 92.87 100.96 89.61 3.45 3.23 3.48 3.73 2.54 4.45 3.47
ANN (MLP) 322.84 534.60 312.69 601.43 515.08 509.64 471.71 0.35 0.34 0.30 0.30 0.28 0.28 0.36

The comparison of training and test times for various regression models, as shown in
Table 6, reveals that ANN incurs the highest training time among the models considered
in this study and a relatively shorter test time across the window sizes in this specific
evaluation, as in LOOCV evaluation scenarios. On the other hand, the training and test
times for the HGB regressor across window sizes remain shorter than those for the RF
regressor but longer than those for other models except ANN, as observed in the previous
LOOCV evaluation scenarios.

3.2.2. Evaluation Using Unseen Normal Packet (NP) Test Data

The achieved MAE and training and test times for various regression models con-
sidered in this study, across window sizes from 40 to 100 in the unseen NP scenario, are
compared in Figure 13 and Table 7, respectively. In this scenario, ANN outperforms the
other models considered in this study for window sizes below 80, achieving the lowest
MAE at a window size of 70. Among the remaining models, Els net performs better than
the other models with decreasing MAE across window sizes, and LR outperforms all other
considered models at a window size of 80 in this scenario. It is also noted from Figure 13
that k-NN and RBF-SVM achieve similar results, and the results for DTree and HGB regres-
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sors remain almost the same across window sizes. Compared to them, the RF regressor
performs slightly better in this scenario.

The training and test times incurred by various regression models, as reported in
Table 6, reveal that their variation across window sizes and models in the unseen NP
evaluation follows the same trend observed in the unseen NH evaluation and previous
LOOCV evaluation scenarios.

Figure 13. Comparisons of MAE in step length predicted by various regressor models at different
window sizes in an unseen normal-pocket scenario.

Table 7. Comparisons of training and test time across window sizes (40–100) for different models
using unseen data under the normal-pocket scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.43 1.32 1.37 1.07 1.05 1.14 1.01 0.13 0.13 0.13 0.14 0.11 0.12 0.12
kNN 0.32 0.32 0.34 0.32 0.30 0.35 0.31 1.11 1.09 1.01 0.99 1.04 0.99 0.99
RBF SVM 2.14 1.58 1.35 1.15 1.02 0.95 0.92 1.74 1.21 0.89 0.69 0.59 0.51 0.44
DTree 2.26 1.98 1.74 1.71 1.47 1.40 1.37 0.14 0.15 0.15 0.15 0.14 0.14 0.14
Els Net 1.82 1.77 1.72 1.64 1.44 1.62 1.41 0.13 0.13 0.12 0.12 0.12 0.12 0.12
RF Reg. 216.18 190.57 175.89 165.74 159.60 150.87 154.40 5.72 5.94 5.92 5.77 5.76 6.33 5.69
HGB Reg. 168.32 132.99 126.51 120.11 108.35 103.14 101.66 3.01 3.23 4.42 3.65 3.20 3.47 2.90
ANN (MLP) 894.12 607.31 483.91 741.68 745.35 715.45 883.44 0.36 0.35 0.28 0.29 0.28 0.29 0.30

3.2.3. Evaluation Using Unseen Fast-Handheld (FH) Test Data

The achieved MAE and training and test times for various regression models con-
sidered in this study, across window sizes from 40 to 100 in the unseen FH scenario, are
compared in Figure 14 and Table 8, respectively. In this scenario, the ANN achieves the
lowest MAE at a window size of 100, outperforming the other models considered in this
study. However, compared to unseen NH and NP evaluations, all considered models’
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performance degrades, as their achieved MAE across the window sizes exceeds 6 cm. On
the other hand, the achieved MAE for elastic net across window sizes, and the same for
LR at certain window sizes, remain lower than those of the other models, except ANN at
window size 100.

The reported training and test times for various regression models, as shown in Table 8,
reveal a similar variation trend in training and test times across window sizes and models in
the unseen FH evaluation, as observed in the unseen NH and NP evaluations and all LOOCV
evaluation scenarios.

Figure 14. Comparisons of MAE in step length predicted by various regressor models at different
window sizes in an unseen fast-handheld scenario.

Table 8. Comparisons of training and test time across window sizes (40–100) for different models
using unseen data under the fast-handheld scenario.

Model
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.70 1.59 1.47 1.37 1.34 1.18 1.06 0.13 0.16 0.12 0.12 0.12 0.12 0.11
kNN 0.36 0.32 0.32 0.31 0.34 0.34 0.31 0.95 0.95 0.88 0.91 0.97 1.00 1.01
RBF SVM 3.30 2.13 1.91 1.24 1.14 1.09 0.93 0.79 0.79 0.43 0.34 0.30 0.29 0.25
DTree 3.03 2.29 2.09 1.77 1.66 1.59 1.43 0.15 0.19 0.15 0.14 0.15 0.15 0.14
Els Net 2.09 1.92 1.53 1.54 1.55 1.50 1.45 0.12 0.17 0.13 0.12 0.12 0.13 0.12
RF Reg. 248.75 211.02 190.41 180.25 167.72 162.41 152.34 5.95 5.83 5.46 5.42 5.40 5.39 5.52
HGB Reg. 171.83 146.71 136.79 134.36 107.57 104.67 105.57 3.49 4.44 3.78 4.03 2.49 3.52 2.93
ANN (MLP) 1057.31 840.13 946.51 843.29 700.16 868.92 873.28 0.29 0.39 0.27 0.27 0.26 0.26 0.26

3.2.4. Evaluation Using Unseen Fast-Pocket (FP) Test Data

Figure 15 and Table 9 compare the achieved MAE and training and test times, respec-
tively, for various regression models considered in this study, across window sizes from
40 to 100 in the unseen FP scenario. In this scenario, similar to other unseen evaluations,
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ANN achieves the lowest MAE at a window size of 70, outperforming the other models
considered here. Among the remaining models, Els net performs better than the other
models with decreasing MAE across window sizes, and LR performs better at window
sizes below 90 in this scenario. It is also noted from Figure 15 that k-NN and RBF-SVM
achieve similar results, and the results for RF and HGB regressors remain almost the same
across window sizes. Compared to them, the DTree regressor performs slightly better at
window sizes above 40 in this scenario.

The training and test times for various regression models, as reported in Table 9,
reveal that their variation across window sizes and models in the unseen FP evaluation
follows the same trend observed in the other unseen evaluations and all the LOOCV
evaluation scenarios.

Figure 15. Comparisons of MAE in step length predicted by various regressor models at different
window sizes in an unseen fast-pocket scenario.

Table 9. Comparisons of training and test time across window sizes (40–100) for different models
using unseen data under the fast-pocket scenario.

Models
Training Time (ms) Test Time (ms)

40 50 60 70 80 90 100 40 50 60 70 80 90 100

LR 1.64 1.67 1.43 1.46 1.28 1.17 1.25 0.12 0.17 0.12 0.12 0.13 0.12 0.12
kNN 0.36 0.37 0.33 0.36 0.34 0.36 0.34 0.96 1.02 0.87 0.83 1.01 0.98 1.00
RBF SVM 3.07 2.60 2.11 1.80 1.26 1.14 1.08 0.77 0.56 0.42 0.37 0.30 0.28 0.25
DTree 2.64 2.78 2.59 1.93 1.71 1.56 1.54 0.14 0.17 0.14 0.15 0.15 0.14 0.14
Els Net 1.63 1.53 1.77 1.79 1.50 1.45 1.53 0.13 0.14 0.12 0.12 0.14 0.12 0.12
RF Reg. 248.75 208.79 208.95 199.32 176.68 167.31 166.38 6.03 6.09 5.54 5.74 5.57 5.40 5.77
HGB Reg. 167.03 145.99 146.75 141.72 120.36 111.16 107.24 3.15 2.87 3.46 2.39 3.16 3.75 2.68
ANN (MLP) 872.42 896.20 1059.05 863.83 654.25 638.61 978.22 0.30 0.31 0.31 0.27 0.28 0.30 0.27
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3.3. Evaluation Using Seen Data

In this case, the regression models were trained on all four datasets collected in four
walking contexts and then evaluated on a single dataset from these four, resulting in four
evaluation scenarios: evaluation using NH, evaluation using NP, evaluation using FH,
and evaluation using FP test data similar to the previous unseen evaluation cases. Since
the walking context of test data is included in the training dataset, as illustrated by the
green arrow in Figure 7, these evaluations are based on seen test data and potential overlap
between the training and test sets. The training and test times for various regression models
across window sizes from 40 to 100 in these evaluations follow the same trend observed in
the previous LOOCV and unseen data-based context-wise evaluation scenarios. Thus, the
evaluation results concerning the MAE only for these four categories are presented below.

3.3.1. Evaluation Using Normal-Handheld (NH) Test Data

In this scenario, the regression models trained on datasets collected in all four contexts
were evaluated only on a dataset collected in normal walking mode with the device in a
handheld position. As outlined above, all regression models considered in this study were
compared in terms of MAE and training and test durations across a range of window sizes
from 40 to 100. Figure 16 compares the MAE for estimating step length across different
window sizes for the regression models considered in this study. Figure 16 depicts that the
HGB regressor achieves superior performance among the regression models considered
here, reducing the MAE below 0.5 cm across window sizes, with the lowest MAE at a
window size of 60 in the normal-handheld scenario. In contrast, the MAE for LR, decision
tree, random forest, elastic net, and ANN decreases as the window size increases in this
scenario. Among them, LR, DTree, and RF gain a noticeable improvement in error reduction
compared to other models.

Figure 16. Comparisons of MAE in step length predicted by various regression models at different
window sizes using the seen data in a normal-handheld scenario.
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3.3.2. Evaluation Using Normal-Pocket (NP) Test Data

In this scenario, the regression models trained on datasets collected in all four contexts
were evaluated only on a dataset collected in normal walking mode with the device placed
in a trouser pocket. The MAE achieved by the various regression models across window
sizes from 40 to 100 in this scenario is compared in Figure 17. Figure 17 shows that the
HGB regressor and LR achieve better performance across different window sizes than the
other models considered here, reducing the MAE to well below 1 cm in most cases, with
LR achieving the lowest MAE at the window size of 100 in the normal-pocket scenario.
It is also noted that the achieved MAE for LR, decision tree, elastic net, random forest,
and ANN decreases as the window size increases. At the same time, the opposite trend is
observed for the HGB regressor in this scenario, as in the previous one (i.e., NH). Moreover,
a slight improvement in MAE reduction was observed for most models, specifically ANN,
across different window sizes in this scenario compared to NH.

Figure 17. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the seen data in a normal-pocket scenario.

3.3.3. Evaluation Using Fast-Handheld (FH) Test Data

In this scenario, the regression models trained on datasets collected in all four contexts
were evaluated only on a dataset collected in fast-walking mode with the device in a
handheld position. Figure 18 compares the achieved MAE and training and test times,
respectively, for various regression models considered in this study, across window sizes
from 40 to 100. Figure 18 shows that the HGB regressor achieves superior performance
among the regression models considered here, reducing the MAE substantially below
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1 cm in this scenario, similar to NH. At the same time, the RBF SVM model performs the
worst, achieving an MAE of nearly 8 cm across all window sizes. In contrast, LR, decision
tree, random forest, and ANN models perform well with window sizes above 50, while
the achieved MAE for k-NN and Els net remain almost the same across window sizes in
this scenario.

Figure 18. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the seen data in a fast-handheld scenario.

3.3.4. Evaluation Using Fast-Pocket (FP) Test Data

In this scenario, the regression models trained on datasets collected in all four contexts
were evaluated only on a dataset collected in fast-walking mode with the device placed in
a trouser pocket. The achieved MAE for regression models considered in this study, across
window sizes from 40 to 100, is compared in Figure 19. It is evident from Figure 19 that the
HGB regressor performs better than the other models for window sizes below 80. At the
same time, the LR’s performance improves for window sizes of 80 or above, compared to
the HGB regressor in this scenario. Figure 19 also shows a significant reduction in MAE for
ANN compared to the other models, except for the HGB regressor and LR. At the same
time, SVM gains the worst performance, with MAE above 8 cm across window sizes in
this scenario.
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Figure 19. Comparisons of MAE in step length predicted by various regressor models at different
window sizes using the seen data in a fast-pocket scenario.

3.4. Comparative Results

The best performance of the considered regression models across all four walking
contexts, in terms of the lowest achieved MAE and the window size at which it was
achieved, is first compared separately for three evaluation scenarios (LOOCV, unseen
and seen) in Tables 10–12. Table 10 shows that four of the eight models considered here
achieve the lowest MAE at a window size of 100 in NH, NP, and FH contexts, whereas
six models perform best at this window size in the FP context under seen test evaluations.
However, the best-performing model in the NH, FH, and FP contexts, the HGB regressor,
achieves the lowest MAE at a window size of 60 and 50 in the normal and fast walking
modes, respectively. Table 10 also shows that the lowest MAE in all four contexts is 0.14 cm,
achieved at a window size of 100 by LR in the NP context.

Table 11 shows that five of eight models achieve the lowest MAE at a window size
of 50 in the NH context, whereas four models in the NP and FH contexts, and only two
in the FP context, perform best at the window size of 100. However, the best-performing
model in all four contexts, ANN, achieves the lowest MAE, ranging from 4.37 to 6.30 cm
at different window sizes, as shown in Table 11. Table 12 shows that four of the eight
models considered here achieve the lowest MAE at a window size of 100 in NH, NP, and
FH contexts, whereas six models perform best at this window size in the FP context under
seen test evaluations. However, the best-performing model in the NH, FH, and FP contexts,
the HGB regressor, achieves the lowest MAE at a window size of 60 and 50 in the normal
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and fast walking modes, respectively. Table 12 also shows that the lowest MAE in all four
contexts is 0.14 cm, achieved on a window size of 100 by LR in the NP context.

Table 10. Best achieved performance comparisons of the considered models across scenarios under
LOOCV evaluations.

Model
Normal-Handheld Normal-Pocket Fast-Handheld Fast-Pocket

MAE (cm) WS MAE (cm) WS MAE (cm) WS MAE (cm) WS

LR 1.97 80 1.88 100 1.32 100 2.92 100
KNN 1.30 100 1.19 100 1.89 90 2.15 100
RBF SVM 2.25 100 2.62 40 3.70 60 4.08 60
DTree 2.20 50 2.20 80 2.28 90 1.90 100
Els Net 2.43 80 2.38 100 3.19 100 3.30 90
RF Reg 2.22 50 2.12 90 2.44 90 2.09 100
HGB Reg 0.90 90 0.41 100 0.08 90 0.90 100
ANN(MLP) 1.57 50 1.51 90 1.91 100 1.94 70

Table 11. Best achieved performance comparisons of the considered models across scenarios under
unseen test evaluations.

Model
Normal-Handheld Normal-Pocket Fast-Handheld Fast-Pocket

MAE (cm) WS MAE (cm) WS MAE (cm) WS MAE (cm) WS

LR 6.10 50 5.10 80 6.59 50 6.18 80
KNN 8.06 50 8.99 40 8.72 60 9.99 60
RBF SVM 8.17 50 8.91 50 9.04 60 10.15 40
DTree 8.25 50 7.54 100 7.81 50 8.22 100
Els Net 7.01 40 5.14 100 7.00 100 6.51 90
RF Reg 7.90 40 6.72 100 7.73 100 8.60 100
HGB Reg 7.62 100 7.43 100 7.13 100 9.11 50
ANN(MLP) 5.12 50 4.37 70 6.30 100 5.25 70

Table 12. Best achieved performance comparisons of the considered models across scenarios under
seen test evaluations.

Model
Normal-Handheld Normal-Pocket Fast-Handheld Fast-Pocket

MAE (cm) WS MAE (cm) WS MAE (cm) WS MAE (cm) WS

LR 0.49 100 0.14 100 0.72 100 0.24 100
KNN 2.48 60 2.67 100 3.83 100 4.09 100
RBF SVM 3.62 60 2.19 40 7.83 40 8.54 90
DTree 1.31 90 1.16 100 0.98 100 1.62 100
Els Net 3.45 100 1.54 100 3.96 100 2.01 100
RF Reg 1.76 100 1.41 90 1.55 90 1.92 100
HGB Reg 0.17 60 0.17 60 0.16 50 0.20 50
ANN(MLP) 0.73 100 0.44 90 1.05 70 0.62 100

To demonstrate the superiority of our newly proposed regression model-based SLE
framework, its predictive performance is compared with our previously proposed peak–
valley detection-based SLE method [15], which was also evaluated in four diverse contexts,
in terms of achieved MAE. However, at this stage, the other existing machine learning-based
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SLE methods have not been considered, as they are designed to operate on measurements
from sensors other than the accelerometer, which is the only sensor our proposed method
uses, or a smartphone affixed to a specific body segment rather than a freely held one,
which is our case. For each of the four distinct contexts (NH, NP, FH, FP) under three
evaluation scenarios (i.e., LOOCV, unseen, and seen), the lowest achieved MAE is selected
for fair comparison. Alongside the MAE result, Table 13 also reports the regression model
that achieved the lowest MAE and the specific window size at which it was achieved. For
instance, in the normal-handheld condition, the HGB regressor achieves the lowest MAE
among the considered regression models in the evaluations with the LOOCV strategy and
seen test data, with an MAE of 0.9 and 0.17 cm at window sizes 90 and 60, respectively, as
reflected in the third row of Table 13. The reported comparison of the MAE results indicates
that the HGB regressor performs best in leave-one-out cross-validation and most seen-data
cases, and ANN performs best in the unseen-data evaluation condition.

Table 13. Comparison of the best MAE across scenarios (evaluations with seen data and unseen data,
LOOCV) with previously proposed IRT-SD-SLE [15].

Scenario
LOOCV Evaluation with Unseen Data Evaluation with Seen Data IRT-SD-SLE [15]

Model WS MAE (cm) Model WS MAE (cm) Model WS MAE (cm) WS MAE (cm)

Normal-Handheld HGB Reg. 90 0.9 ANN (MLP) 50 5.11 HGB Reg. 60 0.17 50 13.08
Normal-Pocket HGB Reg. 100 0.41 ANN (MLP) 70 4.37 LR 100 0.14 50 11.57
Fast-Handheld HGB Reg. 90 0.1 ANN (MLP) 100 6.30 HGB Reg. 50 0.16 50 16.09
Fast-Pocket HGB Reg. 100 0.9 ANN (MLP) 70 5.25 HGB Reg. 50 0.20 50 13.72

The MAE results for the IRT-SD-SLE reported in Table 13, and the same for various
considered models across the window sizes 40–100, shown in Figures 8–19, on the other
hand, reveal that the achieved MAE of the considered regression models under LOOCV
and seen test evaluation cases remain well below the same for the previous method in all
four walking contexts. However, in the unseen test evaluations, the achieved MAE for
LR and ANN, at window sizes 80–90 and 90–100, respectively, in the NH context, ANN
at window size 80 in the NP context, and LR at window size 100 in the FP context, is
larger than that of IRT-SD-SLE. All considered models outperform the previous method,
IRT-SD-SLE, in terms of MAE across all three evaluation scenarios (LOOCV, unseen, and
seen) in the FH context, indicating the superiority of the ML regression model over the
traditional signal-processing-based peak–valley method under the most challenging fast
handheld walking context.

4. Discussion
The reported results show notable variations in the MAE achieved by various models

and their training and test times across scenarios, varied window sizes, and evaluation
conditions. The MAE results for various models across varied window sizes in the four
distinct contexts of three evaluation scenarios are analyzed first. Then, the computational
efficiency, measured by training and test times, is analyzed, followed by a discussion of the
trade-off between prediction accuracy and computational efficiency.

4.1. Analysis of MAE Results

The performance of the considered regression models was analyzed under three eval-
uation scenarios, namely, leave-one-out cross-validation (LOOCV), unseen test evaluation,
and seen test evaluation. The results indicate a strong influence of the evaluation strategy,
walking condition, smartphone placement, and window size on the predictive performance
of the considered models.
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LOOCV strategy-based evaluations reveal that the HGB regressor achieves remarkable
results across varied window sizes in all four contexts, with an MAE sufficiently below
1.5 cm. Following the HGB regressor, k-NN also offers superior performance across varied
window sizes in all four contexts of such evaluation scenarios. The evaluation results
also indicate that all considered models perform better in normal-walking mode than in
fast-walking mode, as demonstrated in seen and unseen test evaluations.

Evaluation of the considered regressor models on unseen test data across four diverse
contexts, on the other hand, reveals that the ANN model outperforms the other models
at specific window sizes, achieving the lowest MAE below 5.3 cm in all contexts except
the FH. However, significant performance degradation at certain higher window sizes
for ANN occurs in NH and NP scenarios, exceeding the achieved MAE beyond 10 cm,
and the same is observed for LR in NH and FH. On the contrary, the elastic net model
in this evaluation scenario achieves stable performance across the considered window
sizes in all four contexts, with MAE not exceeding 8 cm, which is also exhibited by the
HGB regressor in the fast-walking mode only, though its achieved MAE remains below
9 cm in the normal walking mode. Among the remaining models, the decision tree and
RF regressors achieve similar stable performance across the considered window sizes in
all four contexts in this evaluation scenario. Likewise, the K-NN and RBF-SVM models
exhibit the same across all four contexts, with the achieved MAE further increasing in the
fast-walking mode. The evaluation results of unseen test scenarios further indicate that
all considered models perform better in normal-walking mode than in fast-walking mode,
with the lowest MAE in the NP context, as observed in seen test evaluations due to better
device stability in normal-walking mode than in fast-walking mode.

The evaluation results of various regression models on seen test datasets across four
distinct contexts, on the other hand, demonstrate that the HGB regressor achieves the
highest performance at smaller window sizes in all four contexts. Conversely, the LR model
exhibits commendable performance at larger window sizes, specifically beyond 50 in the NP
and FP scenarios. Among the other models, the ANN provides satisfactory results across
the considered window sizes in all contexts except FH, achieving an MAE adequately below
2 cm. In contrast, the MAE for RBF-SVM and k-NN models deteriorates in the fast-walking
mode under these evaluation conditions. The decision tree and random forest models in
such evaluation scenarios achieve comparable performance, with MAE not exceeding 3 cm
across the considered window sizes in all contexts. Meanwhile, the elastic net model shows
diminished performance in both fast and normal handheld scenarios, with MAE exceeding
4 cm at certain window sizes. Figures 7–10 also demonstrate that all considered models,
except the HGB regressor, achieve better results across varied window sizes under the NP
evaluation on seen data compared to the other three (i.e., NH, FH, FP), mainly because the
device remains more stable in this specific context, attaining less vibration noise in sensor
readings. For the same reason, they even perform better in normal-walking mode than in
fast-walking mode in such evaluations, as the results show.

Overall, the findings show that no single model performed best in all evaluation
settings. HGB Regression achieved the most robust performance in LOOCV evaluation,
ANN showed the best generalization performance in the unseen test evaluation, and
LR achieved the best single-case result in the seen test evaluation. Among the models
considered here, HGB Regression and ANN appear to be the most suitable models for
smartphone-sensor-based step length estimation. In contrast, k-NN and RBF SVM showed
comparatively higher MAE values, particularly in the unseen test evaluations, indicating
weaker generalization ability for this task.

Another crucial point is examining the effect of window size on the MAE achieved by
the considered models, since their performances not only differ across window sizes, but
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also the best result is not achieved at identical window sizes across four distinct contexts
in three evaluation scenarios. Under the LOOCV strategy, the best results are reported
at window sizes of 90 for NH, 100 for NP, 90 for FH, and 100 for FP. In the unseen test
data-based evaluations, the best results are reported at window sizes of 50 for NH, 70 for
NP, 100 for FH, and 70 for FP. In the seen test data-based evaluations, the lowest MAE
values are reported at window sizes of 60 for NH, 100 for NP, 50 for FH, and 50 for FP.
Those results indicate that no single window size is optimal for all contexts and evaluation
scenarios. Instead, the most suitable window size appears to depend on the scenario and
the evaluation protocol. Therefore, the choice of window size should be treated as an
important experimental parameter.

The predictive performance results reported in Tables 10–12 further indicate that
window size has a significant effect on model performance. In the LOOCV and seen test
data-based evaluations, larger window sizes such as 90 and 100 often produced better
results, possibly because larger windows capture more stable gait-related information.
However, in the unseen test evaluation, medium window sizes such as 50, 70, and 80
obtained better results for some models. Therefore, the optimal window size is not fixed
and depends on the model, walking condition, smartphone placement, and evaluation
scenario. Defining an optimal compromise window size for all four walking contexts
may thus entail formulating an optimization problem subject to predictive performance
requirements, computational efficiency, walking context, and the evaluation scenario.

Lastly, in terms of achieved MAE, the remarkable performance of the HGB regressor
in all four contexts of LOOCV and three of the seen data-based evaluations, that of LR
in the seen data-based NP context, and the superiority of the ANN in unseen data-based
evaluations, compared to the previously proposed IRT-SD-SLE, is reported in Table 13,
which justifies the effectiveness of several regressor models in predicting the step length
accurately across diverse gait patterns, walking modes and device postures compared to
the traditional signal processing-based peak–valley detection method, which is adopted in
IRT-SD-SLE [15].

4.2. Computational Efficiency Analysis

The computational efficiency of the considered models is measured by their training
and test/inference times. At first, their training times are interpreted, followed by the same
on test/inference time.

4.2.1. Training Time Analysis

The training time comparison shows a clear difference in computational cost among
the evaluated models. LR, k-NN, RBF-SVM, DTree, and Els net consistently show very
low training times across the reported window sizes. Among these models, k-NN and
LR, followed by Els net, are particularly fast to train. DTree and RBF-SVM require slightly
more training time than the simplest linear models, but their computational cost remains
low in absolute terms. In contrast, ensemble methods like RF and HGB Regressors have
substantially longer training times, in the range of hundreds of milliseconds. This indicates
a noticeably greater training cost for the ensemble-based models. Among all considered
models, the ANN has the longest training time in most of the reported cases, incurring
much higher training costs than classical machine learning models. Another trend visible in
the training time results is that training time often decreases as the window size increases.
Based on the reported values, this pattern is noticeable in all models except k-NN and ANN
at certain window sizes. As the window size increases, the number of training instances
decreases, which in turn keeps the training time for all classical regressor models except
k-NN (i.e., LR, RBF-SVM, Els net, and DTree) and ensemble models (i.e., HGB and RF)
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decreasing gradually with increasing window size. k-NN, being a lazy learner, consumes
very little training time, irrespective of the number of training instances [54].

4.2.2. Test Time Analysis

The test time results for various models across varied window sizes in different evalu-
ation scenarios reveal that LR, Els net, and DTree consistently offer very low inference times
across window sizes in most scenarios. Their relatively low and stable inference times make
them computationally attractive when judging from a deployment perspective. Although
ANN has the longest training time, it incurs relatively low inference time. This indicates
that its main computational burden is concentrated in training rather than inference. In
contrast, k-NN shows the opposite behavior. Even though its training time is very small,
its test time is higher than that of several other low-complexity models. During training,
k-NN stores the instances, which makes its training time very low. But it compares the
query instance to all training instances to select the closest neighbors during the test phase,
increasing inference time with the number of training instances [54]. Thus, k-NN is less
favorable when low inference time is an important requirement. The RBF-SVM shows
moderate test time, with a general tendency to decrease as the window size increases, since
the number of selected support vectors decreases with decreasing training dataset size.
The RF regressor followed by the HGB regressor consumes the largest test time among
the considered regressor models. This indicates that such ensemble models incur a high
prediction cost compared to the other models.

4.3. Prediction Accuracy vs. Computational Efficiency Trade-Off Analysis

The results on MAE and training and test times for various regressor models reported
in the previous section indicate a clear trade-off between prediction accuracy, measured by
MAE, and computational efficiency. The key insights about this trade-off are as follows.

• HGB regressor achieves the lowest MAE (i.e., best prediction accuracy) in most of the
seen test data and LOOCV-based evaluation scenarios, but its training and inference
times are higher than those of classical regressor models like LR, RBF-SVM, Els net,
DTree, etc.

• Among the HGB and RF regressors, the former outperforms the latter in terms of
achieved MAE and computation efficiency across varied window sizes in all evaluation
contexts because the former relies on a histogram, which enables it to speed up
processing larger input samples compared to the latter [49].

• ANN acquires the best achievable accuracy (i.e., lowest MAE) across all four con-
texts in unseen test evaluations, with low prediction cost, but its training time is the
highest overall.

• The linear model, like LR, not only has the highest computation efficiency since it
incurs relatively lower training and test times among the classical models, but also
achieves the lowest MAE in some cases, specifically in the NP context of the seen
test evaluations.

• The other classical regressor models, like Els net, RBF-SVM, DTree, etc., offer much
lower computational cost, although they do not always yield the lowest MAE (i.e.,
best accuracy).

These observations suggest that the most suitable model depends on the intended
application. If lower MAE is the primary objective in evaluations that ensure generalizabil-
ity across gait patterns (i.e., LOOCV-based evaluation), then the HGB regressor appears
favorable within the present comparison. On the other hand, ANN will be the most fa-
vorable model among the considered ones if the lowest MAE achievement in evaluations
that ensures generalizability across walking modes and device postures (i.e., unseen test
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scenarios) is the primary objective. However, if low training cost and faster prediction are
required, LR and Els net may be more practical choices, as both yield lower MAE results
than the other models in some cases. Therefore, model suitability depends on the balance
between prediction accuracy and computational efficiency.

5. Conclusions and Future Research Scope
This study introduces a machine learning regression-driven SLE framework utiliz-

ing a smartphone accelerometer to overcome limitations of traditional signal processing
approaches. Eight distinct regressor models, ranging from simple linear regression and
k-NN to ensemble models including RF and HGB regressors, as well as a multilayer
perceptron-based artificial neural network, are effectively employed within the proposed
SLE framework. Comprehensive performance evaluations of these models in terms of
MAE for step length prediction across varied window sizes from 40 to 100, within four
distinct contexts (NH, NP, FH, FP)—which result from the combination of two walking
modes and device postures—were conducted under three evaluation scenarios: using
LOOCV, unseen and seen test data. These assessments aimed to determine the models’
generalization capabilities across diverse walking modes, device postures, and gait patterns.
In addition to MAE, the models were evaluated based on training and testing times to
analyze their computational efficiency and explore the trade-off between efficiency and
prediction accuracy. A performance comparison between the regressor models and our
previously proposed IRT-SD-SLE method, regarding achieved MAE across all four contexts,
demonstrates that certain regressor models excelled at specific window sizes, surpassing
our earlier method that relied on hand-crafted signal processing. Furthermore, compre-
hensive and rigorous evaluations of various regressor models across different window
sizes and contexts provided several insights, as outlined below, into their performance and
applicability in diverse scenarios.

• The performance of various models significantly depends on window size, necessitat-
ing further investigation to identify optimal window sizes across different contexts.

• In LOOCV evaluations, which ensure generalization across diverse gait patterns,
alongside most of the seen test evaluations, the HGB regressor performed most ef-
fectively, achieving the lowest MAE below 1 cm across all contexts, but with lower
computational efficiency than other models, except for RF and ANN.

• Among the considered models, the ANN demonstrated the strongest generalization
capacity, with the lowest MAE across all four contexts (NH, NP, FH, FP), not exceeding
6.3 cm, accompanied by relatively low inference times in unseen test evaluations.
However, its optimal performance comes at the highest training cost.

• The linear model, such as LR, offers the greatest computational efficiency, while
sometimes yielding the lowest MAE in specific contexts during seen test evaluations.

• The selection of the most appropriate model in a given scenario depends on balanc-
ing prediction accuracy and computational efficiency, due to the inherent trade-off
between them.

• The superior device stability and reduced vibrations observed in normal walking
mode, compared to fast walking, result in lower MAE for all considered models,
including the previously proposed IRT-SD-SLE.

The present study, however, has several limitations: the absence of experimentation
with pathological gaits, the selection of an optimal window size for all three evaluation sce-
narios, the handling of models’ accuracy degradation during fast walking, and a practical
deployment strategy for computationally intensive ANN models, among others, which
provide further scope for research, as delineated below. The experimental design in the
present study involves participants with healthy gait walking at normal and fast speeds,
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which limits the validity of the proposed SLE framework for pathological gaits and its
applicability to gait monitoring in patients with neurological conditions. To address this
limitation, we plan to prepare a synthetic dataset generated from simulated pathological
gaits to evaluate and validate our proposed framework, followed by evaluation and valida-
tion on a dataset comprising real pathological gaits, subject to their availability. We intend
to carry this out in the near future. To address the problem of degraded predictive perfor-
mance, i.e., increasing MAE of all considered models during fast walking due to increased
vibrations during such movements, as noted in the MAE results given in the present study,
we plan to extend the proposed SLE framework pipeline by integrating advanced adaptive
noise filtering techniques during the preprocessing phase to compensate for such dynamic
motion artifacts in the near future. The optimal window size selection for all four walking
contexts considered in this study may entail formulating an optimization problem subject
to predictive performance and computational efficiency requirements, walking context,
and the evaluation scenario, requiring further investigation in the coming days. Lastly,
inspired by the experimental study on tiny model development by Mihigo et al. in [55], we
also envision exploring two architectures: designing an on-device inference architecture
based on model quantization/optimization, as well as adopting an edge intelligence-driven
client-server architecture, and comparing them in terms of their predictive performance,
resource consumption, inference delay, etc., in the near future to devise an optimal solution
to a practical deployment strategy for computationally intensive ANN models.
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