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Estimating Gait Speed in the Real World With a
Head-Worn Inertial Sensor

Paolo Tasca , Francesca Salis , Samanta Rosati , Member, IEEE, Gabriella Balestra , Member, IEEE,
Claudia Mazzà , and Andrea Cereatti , Member, IEEE

Abstract— Head-worn inertial sensors represent a valu-
able option to characterize gait in real-world conditions,
thanks to the integration with glasses and hearing aids.
Few methods based on head-worn sensors allow for
stride-by-stride gait speed estimation, but none has been
developed with data collected in real-world settings. This
study aimed at validating a two-steps machine learning
method to estimate initial contacts and stride-by-stride
speed in real-world gait using a single inertial sensor
attached to the temporal region. A convolutional network
is used to detect strides. Then, stride-by-stride gait speed
is inferred from the detected cycles by a gaussian process
regression model. A multi-sensor wearable system was
used to label over 100,000 strides recorded from 15 healthy
young adults during supervised acquisitions and real-world
unsupervised walking. The stride detector achieved high
detection rate (F1-score > 92%) and accuracy (mean abso-
lute error < 40 ms). Very strong correlation between target
and predicted speed (Spearman coefficient > 0.86) and
low mean absolute error (< 0.085 m/s) were observed.
The method proved valid for the quantitative evaluation of
stride-by-stride gait speed in real-world conditions. These
findings lay the technical and analytical groundwork for
future clinical validation and application of gait analysis
frameworks that integrate inertial sensors with head-worn
devices.

Index Terms— Gait speed, head-worn IMU, machine
learning, unsupervised walking, wearable sensors.

I. INTRODUCTION

REAL world gait, and gait speed in particular, are highly
targeted measures both in health- and disease-related

applications [1], [2]. These can be continuously collected
with wearable inertial measurement units (IMU) [3]. While
IMU dedicated to this endeavor are typically worn on the
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wrist [4], [5], [6], lower limbs [7], [8], or trunk [9], [10],
[11], recent advances in optical or audiology devices rep-
resent a promising solution to reduce users’ burden while
increasing potential of gathering high density data [12], [13].
To achieve this goal, however, robust algorithms based on data
collected from the head in unconstrained real-world scenarios
are needed. Several methods to estimate gait spatio-temporal
parameters with head-worn IMU (H-IMU) were validated in
both healthy [14], [15], [16], [17], [18], [19], [20], [21], [22]
and pathological cohorts [23], [24], [25], [26], reporting errors
from 0.3 to 4% for temporal parameters and from 6 to 15% for
spatial parameters. Yet, none were validated against real-world
data i.e., data collected in unsupervised free-living conditions,
which present greater complexity and variability compared to
controlled laboratory settings [27].

Existing approaches for gait speed estimation often uti-
lize fixed-time windows [28], [29]. However, stride-by-stride
parameters might improve the estimation of the gait parame-
ters of interest, provide additional insights into aspects such
as gait variability [30], and allow for further applications,
such as those involving real-time feedback [31] and robotic
control [32]. For the estimation of gait speed on a stride
basis, strides have to be preliminarily segmented by detecting
stride-related gait events, such as initial contacts (ICs) [33].
These can be detected by exploiting signal heuristics i.e.,
peaks or zero-crossings of the angular rate and/or acceler-
ation signals along specific axes [34]. Then, gait speed is
typically calculated by combining the temporal information
derived from the IC timings (e.g., stride duration, cadence)
with the spatial information derived from acceleration (e.g.,
stride length) [35]. Although this approach proved valid in
laboratory settings, the uncertainty of the sensor-to-segment
alignment in unsupervised conditions and the added com-
plexity of real-world gait signals caused by activity levels
and environmental contexts often limit its applicability out-
side controlled environments [8]. Previous studies showed
that machine learning methods can outperform traditional
approaches in these scenarios, providing a strong rationale for
their use in real-world gait analysis applications [36]. The aim
of this study is to assess the ecological validity of a method
based on a H-IMU and machine learning in the estimation of
stride-by-stride gait speed in real-world conditions. The main
contributions of this study are the development of a method for
stride-by-stride gait speed estimation with data of a head-worn
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Fig. 1. The H-IMU frame (x, y, z) was roughly aligned to a coordinate
system based on the main anatomical axes: ML (medial-to-lateral),
V (vertical), and AP (posterior-to-anterior).

IMU. The novelty of the work lies in its validation against
a multi-sensor wearable reference system under real-world
walking conditions, including both indoor and outdoor walking
during daily-life activities.

II. METHODS

A. Experimental Protocol and Setup
Fifteen healthy participants (7 females and 8 males;

from 21 to 30 years old) were recruited for the study after
providing written informed consent. The number of partic-
ipants was determined as a trade-off between the rapidity
of data collection and processing, and the need to gather a
sufficient number of strides to train robust machine learning
algorithms (see Section II-B) [37]. Each participant performed
two acquisition sessions. First, subjects were asked to walk
straight along a 12-meter corridor at three self-selected speeds,
and at comfortable speed around a 24-meter oval walk path.
Each trial was repeated thrice (Lab-Based dataset). Then, sub-
jects underwent a 2.5-hour acquisition period in the real world
with no supervision (Real-World dataset). During this session,
participants were asked to engage in their usual activities with
no specific restrictions [11]. The purpose of this acquisition
was to introduce walking factors that are hardly reproducible
in structured settings, such as fast turns, distractors (e.g.,
sounds, signs), or obstacles (e.g., cars, other people). Subjects
were equipped with the INertial module with DIstance sensors
and Pressure insoles (INDIP) system [38]. The INDIP system
is a wearable multi-sensor system for motion analysis that
incorporates piezo-resistive pressure insoles, magneto IMU
and time-of-flight distance sensors. The INDIP system has
been extensively validated for daily life use [38], and adopted
as reference system for real-world gait in a number of stud-
ies [4], [8], [9], [10], [11], [39]. The adopted configuration
included three magneto IMU (feet and lower back) and two
pressure insoles. One additional IMU was fixed on the left
temporal region of the head (H-IMU), a common positioning
site for head-worn inertial sensors [40] (Fig. 1). All sensors
sampled at 100 Hz. The experimental protocol conformed with
the Declaration of Helsinki and was reviewed and approved
by the Ethics Committee of the University Hospital of Cagliari
(Prot. PG/2021/1195).

B. Data Preparation
First, level gait sequences including at least two left and

two right strides, referred to as walking bouts (WBs), were
segmented using a validated gait sequence detection algorithm
based on the INDIP system [38]. Acceleration and angular
velocity recorded by the H-IMU during WBs were used as
inputs to the method (predictors), while the INDIP system
generated the target ICs and target gait speed through a vali-
dated algorithm [38]. The Real-World dataset consisted of over
2200 minutes of data, including almost 1000 WBs. The WBs
of all participants accounted for more than 100.000 strides,
a reasonably high number of instances to describe gait char-
acteristics, compared to similar studies [41], [42]. Real-world
gait exhibited greater complexity than walking in structured
settings. This was reflected by WBs duration: one third of the
Real-World dataset included WBs shorter than 10s, which may
be associated to movements in confined indoor spaces such
as the home environment [9]. WBs duration of Real-World
data also showed greater variability (coefficient of variation:
1.91) compared to Lab-Based data (coefficient of variation:
0.16). In addition, the distribution of range of motion values
showed consistently greater variability and median values
for Real-World WBs (roll: 28.8◦, yaw: 68.7◦, pitch: 43.0◦)
compared to Lab-Based WBs (roll: 12.4◦, yaw: 16.0◦, pitch:
19.6◦). Gait speed values as measured by the INDIP system
ranged from 0.12 m/s to 2 m/s, covering the whole needed
range of speeds for the analysis.

Once the WBs were detected by the INDIP system, data
from ten participants were randomly assigned to a con-
struction set (774 Real-World WBs, 120 Lab-Based WBs,
77821 strides), while data of the remaining five constituted
the test set (380 Real-World WBs, 60 Lab-Based WBs,
27498 strides), which were not used at training. Participants,
and consistently all of their WBs, were assigned randomly
after verifying that the target variable (gait speed) was simi-
larly distributed across all participants. The data preparation
steps were performed with the licensed software Matlab (v.
2022a, The Mathworks Inc., Natick, MA, USA). Recorded
data is available at https://ieee-dataport.org/documents/towalk.

C. Method Overview
At inference, the method was fed with acceleration and

angular velocity (predictors) recorded by the H-IMU during
an input WB. Typical gait-related fluctuations in head inertial
signals are associated to frequencies lower than 5 Hz [21],
[43], [44]. Therefore, predictors were filtered upstream of
each block with a 10th order Butterworth low-pass filter with
5 Hz cut-off frequency. The method included two main blocks
(Fig. 2):

1) Stride detector: Detects the time steps at which ICs occur
within the input WB and uses them to identify the strides
within it. It returns the predicted ICs in the input WB.

2) Gait speed estimator: Calculates features on a stride-to-
stride basis and processes them to estimate gait speed.
It returns predicted stride-to-stride gait speed values.

To limit error propagation, the two blocks were trained sepa-
rately i.e., features fed to the gait speed estimator were derived
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Fig. 2. Overview of the method for ICs and gait speed estimation. Acc:
acceleration; gyro: angular velocity.

from strides segmented by the INDIP system. Code examples
are available at https://github.com/H-MOVE-LAB/headgait.

D. Step 1 - Stride Detector
Previous methods for ICs detection were developed on

heuristics under controlled conditions and their applicability to
real-world gait might be critical [8]. Generalization of these
methods under real-world conditions is expected to be even
more problematic when IMU are fixed to body segments
whose movement is not directly related to gait progression
(e.g., head, wrists) [4]. Machine learning algorithms can
overcome such limitation by detecting gait events directly from
ecological labeled data rather than relying on heuristic rules
derived from specific experimental observations. For example,
Hidden Markov models [45], support vector machines [46],
decision trees [47], and neural networks [48] were proposed to
detect gait events. In contrast to traditional machine learning,
the deep learning approach is less demanding in terms of
handcrafting of features and required model assumptions (e.g.,
the number of states for Hidden Markov models), allowing
greater versatility with respect to shallow machine learning
models [37]. Recently, convolutional neural networks were
successfully applied to ICs detection with foot-mounted IMU
in structured [22], [39] and real-world settings [8].

In the present study, a similar architecture is proposed to
detect ICs and segment strides from data recorded by a single
H-IMU. The algorithm was developed using the Python library
Keras.

1) Preprocessing: Predictors were filtered and scaled by
their mean and standard deviation (SD) in each WB and frag-
mented into equal-length windows of size N (N = 200 data
points) with a 50% overlap to get one prediction per second.

2) Temporal Convolutional Network:
a) Architecture: ICs were detected by a deep learning

model trained to return an output sequence (the IC likelihood)
given a predictors’ input sequence. The model consisted in a
Temporal Convolutional Network (TCN) [49] with a 1D-fully
connected architecture [50] followed by a fully connected
dense layer. The TCN performed non-causal convolutions
between layers and 1D filters (kernels). Convolutions were
dilated by an exponentially increasing dilation factor to
increase the size of the receptive field of the network and
recruit information about remote time instants [51]. The TCN
featured with residual blocks (Fig. 3). Every residual block
included two sequences containing a dilated 1D convolutional
layer [52], a batch normalization layer [53], a rectified linear
unit (ReLu) activation layer, and a spatial dropout layer [54].

Fig. 3. The architecture of the deep learning model for ICs detection.
A 1 × 1 convolution of the input array (i.e., convolution with a scalar)
was optionally performed to ensure that elementwise addition received
compatible arrays [51].

TABLE I
GRID SEARCH SPACE FOR HYPERPARAMETERS TUNING

A residual connection was used to add the convoluted input to
the input of the residual block [55]. The array returned by the
TCN layer was fed to a dense layer with sigmoidal activation
that returned the IC likelihood in the range [0,1].

b) Training: Target ICs were used to label the predictors.
Specifically, a predictor array (of size 6×N) and its corre-
sponding label (of size 1×N) constituted an instance. The TCN
was trained with the instances of the construction set, divided
into a training set (data of nine participants) and a validation
set (data of the remaining participant). Instances of the training
set were used to train the network, while instances of the
validation set were used to compute the validation loss over
training epochs and prevent overfitting. Since the number of
non-IC points in an instance was from 50 to 100 times greater
than that of ICs, a weighted mean squared error (wMSE) was
adopted as loss function to compensate for the unbalance (1):

wM SE =

(
1

N D

N D∑
i=1

yi − ŷi

)(
1

N D

N D∑
i=1

yi + α

)
(1)

where N is size of the input window (N = 200), D is the
batch size (D = 16), α is a weighting factor (α = 0.003), and
ŷ and y are the predicted and target responses for a training
batch.

c) Hyperparameters tuning: To select the optimal archi-
tecture, the number of kernels, the kernel size, and the
dilation factors were optimized with a grid search strategy
(Table I). For robustness, a leave-one-participant-out protocol
was adopted i.e., the model was trained iteratively on data of
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Fig. 4. Overview of the leave-one-participant-out cross-validation
process with data of the construction set.

the training set and its performance validated on the participant
of the validation set (Figure 4). This process was repeated
until every participant was used in the validation set once.
Therefore, given a combination of hyperparameters, ten mod-
els were trained. Optimal hyperparameters were chosen as the
combinations that resulted in the lowest average percentages
of missed and extra ICs.

3) ICs Detection: Once trained, the network returned the
predicted IC likelihood for each instance, consisting of an
array of size 1×N . Likelihood peaks with a minimum likeli-
hood of 0.04, a minimum prominence of 0.01, and a minimum
interpeak distance of 0.2 s were regarded as detected ICs and
used to segment strides in the WB. The threshold values were
tuned via grid search. The i th stride of a WB was defined
as the time interval between the i th and the (i + 2)th ICs.
No distinction was made between left and right strides.

E. Step 2 – Gait Speed Estimator
Stride-by-stride gait speed is strongly related to stride

length, typically estimated by double integration of the accel-
eration signals which is prone to high errors, especially in
long recordings [56]. Drift errors can be partially mitigated
by zero-velocity update [57] or biomechanical models [58],
although these techniques are effective when the IMU is fixed
on the foot. As an alternative, feature-based machine learning
algorithms can be used to directly infer stride-by-stride gait
speed from accelerometers and gyroscopes readings during
previously segmented strides [20], [36], [59]. Gaussian process
regression (GPR) has proved to be valid for estimating gait
speed on a fixed-time window basis with data of an IMU on the
lower-back [28] and head [21]. Unlike other machine learning
algorithms, GPR does not assume a fixed functional form for
the mapping between input features and output variables. This
flexibility makes GPR well-suited for capturing complex, non-
linear relationships, such as those between IMU features and
gait speed.

In the present study, a similar algorithm is used to estimate
gait speed from acceleration and angular velocity on a stride
basis, by feeding it with features derived from the previously
segmented strides. The algorithm was developed using Matlab.

1) Preprocessing: For each detected stride, the norms
of triaxial acceleration and angular velocity were low-pass
filtered. For each stride, 37 features including time-based
statistics (e.g., mean, variance, duration, covariance, etc.)
and frequency-based parameters (e.g., dominant frequencies,
etc.) were calculated from acceleration and angular velocity,
based on previous studies [28], [29], [36], [60], [61], [62].

Fig. 5. Flow chart of the wrapper feature selection method based on
the GPR model.

Additionally, height and weight were included in the initial
feature space [60], for a total amount of 39 features. All the
features were scaled using their construction set range.

2) Gaussian Process Regression:
a) Model: GPR models are a class of non-parametric

kernel-based probabilistic models, allowing for non-linear
relationships between variables and hence suitable for complex
data analysis [63]. The properties of the Gaussian process used
to fit the data are set by the covariance function - or kernel –
and its hyperparameters - typically the length scale and the
signal and noise standard deviations [64].

In the present study, a GPR model with a squared exponen-
tial kernel was used. The length scale (2.06), signal standard
deviation (0.58), and the noise standard deviation (0.11) were
optimized via random search.

b) Feature selection: To reduce the computational cost
associated to a machine learning method, dimensionality
reduction should always be pursued [37]. In this study, a for-
ward wrapper feature selection method was employed (Fig. 5).
This method aims to maximize the informative content of
a predefined set of features without generating new ones.
While this may overlook some lesser-known relevant features,
it is particularly useful when prior knowledge identifies fea-
tures likely to be most informative. Initially, features of the
construction set were ranked based on their relevance using
the Pearson correlation coefficients calculated between each
feature and the target gait speed for all training subjects.
Features with higher absolute Pearson correlation values were
considered more relevant for predicting gait speed. Starting
with an empty feature set, features were iteratively added to
the GPR model, with the next most relevant feature added
to the current feature subset in each iteration. To ensure
robustness and prevent overfitting, for each candidate feature
subset, the GPR model was trained using leave-one-subject-out
cross-validation (Figure 4). The performance of each feature
subset was evaluated based on the average Mean Absolute
Error (MAE) of the predicted gait speed of the cross-validation
folds. The feature subset of lowest dimensionality that resulted
in an average MAE lower than 0.1 m/s was selected as the
optimal set of features for the GPR model. The best features
space included nine time-domain features derived only from
acceleration (Table II).

F. External Validation and Statistical Analysis
A predicted IC was considered a true IC if it was the

closest detected IC from a target IC and their temporal distance
was lower than 0.2 s. Unmatched predicted and target ICs
were considered extra and missed ICs, respectively. From the
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TABLE II
FINAL FEATURES SPACE

numbers of true, missed, and extra ICs, sensitivity (2), positive
predicted value (PPV) (3), and F1-score (4) were derived:

Sensitivity =
true ICs

true ICs + missed ICs
(2)

PPV =
true ICs

true ICs + extra ICs
(3)

F1-score =
2 × PPV × sensitivity

PPV + sensitivity
(4)

For true ICs, the time agreement between predicted and target
ICs was evaluated in terms of MAE, mean error (ME), SD and
median absolute error (MDAE). For detected strides, agree-
ment between predicted and target gait speed was evaluated
in terms of MAE, ME, median error (MDE), error SD and
correlation index. Normality of the distributions of gait speed
values and errors was evaluated with the Anderson-Darling
test [65], which resulted in the distributions not being normal
(p < 0.001). Consistently, the Spearman correlation coefficient
(ρ) was chosen to measure correlation. Agreement between
the predicted and target gait speed values was also evaluated
for both the Lab-Based and the Real-World test sets through
error plots, where average values are plotted against their
differences [66]. Additionally, to assess the robustness of the
method in the estimation of gait speed across different walking
conditions, a statistical comparison was performed between
Lab-Based and Real-World absolute errors using bootstrapping
with 10000 iterations at 95% confidence interval [67]. The
gait speed errors of the Real-World test set were analysed to
test whether gait speed or WB duration significantly affected
the final error. Gait speed errors were grouped by target
speed in slower (<1 m/s), medium (1 m/s-1.5 m/s) and faster
(>1.5 m/s) speed regimes, according to [21]; and by WB
duration in very short (<10 s), short (10 s-30 s), medium
(30 s–60 s) and long (> 60 s) WB durations, according
to [9]. The three speed regime groups were graphically
compared through boxplots. Boxplots whose notches did not
overlap had different medians with 5% significance level [68].
The four WB duration groups were graphically compared
through histograms, and statistically analysed with the non-
parametric Kruskal-Wallis test, with 1% significance level
adjusted post-hoc with the Bonferroni correction to account
for multiple comparisons [69]. All statistical analyses were
performed with Matlab and R 4.3.1.

TABLE III
RESULTS OBTAINED BY THE STRIDE DETECTOR

TABLE IV
RESULTS OBTAINED BY THE GAIT SPEED ESTIMATOR

III. RESULTS

Classification of ICs resulted in a F1-score close to 93%
with the Real-World test set and 96% with the Lab-Based test
set (Table III). True ICs were detected with a ME less than
10 ms for both conditions, with SD between 20 and 40 ms.
The MDAE did not exceed 20 ms. Since the H-IMU sampled
at 100 Hz (sampling interval = 10 ms), errors in ICs detection
were rounded to tens of milliseconds. Overall, gait speed was
estimated with a ME less than 0.04 m/s and a MAE around
0.08 m/s (Table IV). The Spearman correlation coefficient
between target and predicted gait speed was over 0.87 for both
the Lab-Based and Real-World test sets. For both conditions,
the interquartile range (IQR) of errors were smaller than
0.13 m/s (Fig. 6). The bootstrapping analysis comparing the
MAE between Lab-Based and Real-World conditions yielded
a 95% confidence interval for 1MAE of [−0.0031, 0.0026],
indicating no significant difference between the two condi-
tions. The median errors on gait speed values in the Lab-Based
and Real-World test sets were 0.08 m/s and 0.06 m/s for the
slower speed regime, 0.03 m/s and 0.01 m/s for the medium
speed regime, 0.06 m/s and −0.08 m/s for the faster speed
regime (Fig. 7). For both test sets, medians in the three speed
regimes showed significant differences, as their notch regions
did not overlap. Gait speed errors of the Real-World test set
were grouped by WB duration into four groups (Fig. 8). Very
short, short, medium, and long WBs accounted for 38.5%,
32.4%, 15.4%, and 13.8% of WBs; and for 2.8%, 8.8%,
15.1%, and 73.3% of strides, respectively. The Kruskal-Wallis
test for the multiple comparison between the four groups of
WB duration resulted in a p-value greater than 0.01, thus
accepting the null hypothesis of errors coming from the same
distribution. The performance of the proposed method was
directly compared to that of other established methods for
ICs detection and/or gait speed estimation based on a single
IMU. Table V included results reported by studies based on a
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TABLE V
METHODS BASED ON A H-IMU FOR ESTIMATION OF ICS AND/OR GAIT SPEED OF HEALTHY PARTICIPANTS

Fig. 6. Difference of predicted and target gait speed values against
their mean. The 5th, 25th, 50th, 75th, and 95th percentiles were −0.152,
−0.023, 0.043, 0.091 and 0.162 m/s for the lab-based test set and
−0.153, −0.041, 0.027, 0.086 and 0.171 m/s for the real-world test set.

single head-worn inertial sensor. Studies reported in Table V
presented methods that were validated under structured super-
vised settings; therefore, their results were compared to those
obtained by the proposed method with the Lab-Based dataset,
corresponding to similar experimental conditions. Table VI
included methods based on a single IMU validated in unsu-
pervised real-world conditions. Since no other studies based
on H-IMU methods were validated in real-world settings, per-
formance of the proposed method with the Real-World dataset

Fig. 7. Boxplots of the distribution of gait speed errors for the lab-based
and real-world test sets at by speed regime. Black crosses repre-
sented outliers. Shaded areas represented the notches, corresponding
to MDE±(1.57×IQR)/

√
n, where n was the number of observations.

Fig. 8. Histograms of the distributions of gait speed errors for the
Real-World test set grouped by WB duration. The number of bins was
set to 100.

were compared to previous studies conducted in unsupervised
real-world conditions based on different well-established IMU
locations such as the lower back, wrist, and lower limbs
(Table VI). Due to the different testing approaches adopted
by each study, the reported performance metrics and their
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TABLE VI
IMU-BASED METHODS VALIDATED IN REAL-WORLD CONDITIONS FOR ESTIMATION OF ICS AND/OR GAIT SPEED OF HEALTHY PARTICIPANTS

dimensions are not consistent throughout the Tables and do
not allow a direct comparison between the methods. However,
at least one metric of bias and one of variability were reported.
When available, sensitivity of ICs detection and metrics of cor-
relation between predicted and target gait speed were reported
as well. For studies involving both healthy and pathological
participants, only results referring to healthy participants were
included in the Tables, as the application of the proposed
method to diseased gait goes beyond the goals of the study.
For studies with multiple experimental conditions, either the
results of the condition most similar to the present study or
the aggregated results (when available) were considered.

IV. DISCUSSION

This study proposed and validated a machine learning
method for stride-by-stride gait speed estimation from real
world gait data of healthy subjects recorded by a head-worn
IMU. To this end, participants were equipped with a IMU on
their head (H-IMU), and with the INDIP system, including
pressure insoles for both feet and magneto IMU for feet and
lower-back. Data were recorded during a set of lab-based
walking trials as well as 2.5-hours unsupervised real-world
acquisitions, allowing to record a variety of activities of daily
life in an ecologically valid environment. Data from the INDIP
system were used to generate target timings of ICs and target
gait speed, while acceleration and angular velocity recorded
by the H-IMU were used as input to the method to i) detect
ICs and use them to segment strides, and ii) estimate stride-
by-stride gait speed. The overall accuracy of ICs detection on
the training set, as quantified by the F1-score, was high (Lab-
Based: ≈97%, Real-World: ≈96%), and the deep learning

model showed robust generalization skill on unseen data of
the test set (Lab-Based: ≈96%, Real-World: ≈93%). The
high values of sensitivity (≈98%) and PPV (≈94%) with the
Lab-Based test set denoted the ability of the model to detect
ICs with few missed and extra events. As expected, slight
drops in PPV (93.3%) and sensitivity (92.1%) were observed
with the Real-World test set due to the increased complexity
of gait. Regarding gait speed, the proposed method resulted
in small errors for all the analysed conditions (Lab-Based
MDE: 0.027 m/s; Real-World MDE: 0.043 m/s), although a
greater number of outliers was found in the Real-World test
set (Fig. 6). Nevertheless, by assuming a clinically significant
minimal change in gait speed between 0.1 and 0.2 m/s [74], the
proposed method seems to be a promising solution for clinical
applications. The walking environment did not seem to affect
accuracy, as demonstrated by the results of the bootstrapping
analysis on gait speed absolute errors across the two conditions
(CI of 1MAE between −0.0031 and 0.0026 m/s).

Statistically significant differences were found at different
speed regimes (Fig. 7) suggesting that the method perfor-
mance was affected by speed. Interestingly, the model resulted
in lower errors with strides at speed between 1 m/s and
1.5 m/s (median error: 0.015 m/s), while the magnitude
of errors increased at lower (median error: 0.058 m/s) and
faster (median error: 0.082 m/s) speeds. A potential way
to mitigate this effect would be to train separate models
tailored to specific gait speed ranges [21]. On the other
hand, gait speed errors resulted in similar distributions for
the four groups of WB duration (Fig. 8). According to the
Kruskal-Wallis test, no significant differences were found
between error distributions of groups of WB duration i.e.,
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the method performance was not affected by the duration of
the processed WB. Surprisingly, the most effective features
for the GPR model were derived uniquely from acceleration
data, suggesting that, in the experimental conditions of this
study, rotational movements played a less critical role than
linear movements in determining gait speed. This allows gait
speed to be estimated without the need to collect data from
the gyroscope, reducing power consumption, which is a crucial
aspect for wearable systems. Conversely from previous studies
utilizing a head-worn IMU for gait analysis, this paper vali-
dated the new proposed approach in unsupervised conditions
and without adopting a structured gait protocol. This is a sig-
nificant step forward, given that the motion of the head when
moving in daily context is predominantly nondeterministic and
largely affected by contextual factors and the environment.
In structured gait protocols, participants usually walk facing
the direction of progression without encountering external
stimuli, resulting in minimal head movements and rotations.
In contrast, real-world conditions involve a variety of external
stimuli and interactions, causing the head to move and rotate in
response [75]. This leads to more complex and variable inertial
signals recorded at the head level. The limitations of structured
gait protocols in capturing these real-world behaviors highlight
the necessity for robust algorithm development tailored to
the unique challenges of head-worn sensors, especially for
accurate gait analysis in everyday environments. The perfor-
mance of ICs detection in the lab-based environment was
comparable or better than those of previous studies using
H-IMU - with only [19] and [22] achieving a slightly higher
sensitivity. For gait speed estimation, the proposed method
matched the performance of previous methods, with only [21]
reporting slightly better values of correlation coefficient and
relative MAE (Table V). As expected, methods based on
IMU worn on the lower limbs [8], [73] resulted in higher
sensitivity in real-world conditions (Table VI). Focusing on
true ICs, the proposed method resulted in time errors in
the same range of previous studies. Surprisingly, errors of
the gait speed estimator with the Real-World test set (MAE:
0.02 m/s) were similar to those reported by Kirk et al. [9]
and Ionescu et al. [72], despite using a sensor mounted
on the head instead of the lower back. However, while the
present study considered only gait data during level walking,
the above-mentioned studies included inclined walking as
well (climbing stairs or ramps); therefore, caution may be
exercised when comparing the methods. Among other meth-
ods validated in real-world conditions, the best performance
was achieved by the work of Baroudi et al. [7], proposing
subject-specific models to estimate gait speed. This was not
surprising, as the use of a thigh-worn IMU is expected to
result in more robust gait speed estimates with respect to
a H-IMU.

The head is a promising site for wearable sensors due to its
usability, with devices like glasses, earbuds, and hearing aids
being widely used and easily standardized for placement, even
by non-experts [24], [71]. However, gait-related oscillations
are dampened at the head to preserve the proper functioning
of the vestibular and proprioceptive systems [71], [76], and
non-gait-related movements introduce confounding factors,

requiring robust algorithms to accurately interpret data in real-
world environments.
One limitation of the present study is that only data from
WBs detected by the INDIP was used. This means that the
correct identification of gait sequences influenced the detection
of ICs [77]. However, methods for reliably detecting gait from
data of head-mounted sensors were previously reported [78],
[79]. Another limitation is that the method was trained on
level walking only and therefore, results cannot be generalized
for activities including climbing stairs in buildings or walking
on ramps. The experiments conducted as part of this study
aimed at evaluating the general applicability of the proposed
method to gait analysis in real-world conditions; therefore, the
effect of potential confounding factors such as turns, stops and
walking on challenging terrains, was not specifically analysed.
Future studies are needed to address these limitations and
assess the generalization skills and the clinical applicability
of the proposed method to subjects with different gait patterns
and diseases causing motor impairments.

The proposed method demonstrated accuracy in real-world
conditions comparable to structured settings, suggesting its
potential for applications such as telemonitoring, telerehabili-
tation, and clinical trials, where naturalistic data can provide
valuable insights into the efficacy of drugs or interventions.
It may also support large-scale studies of population health and
mobility, aiding in the development of targeted interventions
and mobility aids. These findings emphasize the importance of
validating gait analysis methods in real-world environments to
bridge the gap between controlled experiments and practical
use.

V. CONCLUSION

This paper presented a method that accurately and robustly
detected initial foot-to-ground contacts and stride-by-stride
gait speed from a head mounted inertial sensor, even in the
presence of the confounding factors typical of real-world gait,
and also in previously unseen data. The error committed
by the proposed method was found to be affected by the
speed regime but not by the duration of the walking bouts,
suggesting that the method maintains consistent accuracy over
varying walking bout durations but may require further tuning
for different walking speeds. The proposed method matched
the performance of other algorithms based on sensors placed
on the lower limbs, wrist, or pelvis in similar populations.
The use of a single head-mounted IMU may be helpful in
long-term gait studies in ecological conditions, with head-worn
instrumented devices such as hearing aids or smart glasses,
being already integrated in the daily life of young and elderly
people. In conclusion, the proposed method opens the door to
further exploitation of new technologies embedded in smart
head-worn devices for digital mobility assessment.
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