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ABSTRACT Real-world gait speed assessment, has recently gained recognition as an important health
indicator particularly in patients with chronic conditions such as Chronic Obstructive Pulmonary Disease
(COPD). This study proposes an Al-based method for estimating gait speed in the real-world context
in COPD patients using different combinations of three wearable devices: a smartphone, a smartwatch,
and a pair of sensorized shoes. An analysis pipeline is developed and trained using laboratory datasets,
then validated on an independent dataset acquired under free-walking conditions, demonstrating strong
performance in both walking detection and gait speed estimation with mean accuracies across different
device combinations of 0.81, 0.93, and 0.90 for resting, walking, and stair climbing activities, respectively,
as well as a mean RMSE of 0.118 m/s and an ICC of 0.80. The estimated speed, obtained by applying the
developed pipeline to daily life data of COPD patients, showed a strong and significant correlation with
the clinical standard of functional capacity, the six-minutes walking distance (6MWD) across 34 patients
(Spearman coefficient = 0.854, p-value = 1.38e-10). These findings highlight the feasibility of unobtrusive,
continuous gait speed monitoring in real-life conditions, offering a promising integrative tool to traditional
clinical assessments. The results suggest that wearable-based mobility monitoring could enhance remote
patient management and personalized care strategies for COPD and other chronic conditions.

INDEX TERMS Daily Life Monitoring, Gait Speed Estimation, Mobility Analysis, Smart Sensors,
Smartwatch, Smartphone, Smartshoes, Telemedicine, Wearable Devices, Six-Minute Walking Test, COPD.

I. INTRODUCTION rate, and body temperature. Despite its apparent simplicity
and ease of measurement, gait speed estimation has sig-
nificant methodological complexities that have persistently
challenged researchers, creating heterogeneous approaches
that are difficult to compare across different clinical and
real-world contexts. Variability in testing protocols - such
as differences in starting positions, walking speeds, and
distances - can affect the reliability of results. The available
literature suggests that real-world activity monitoring might
provide more objective, ecological, and reliable observations
of functional ability, in comparison with laboratory, offering
significant potential to improve clinical trials [4] [5]. In

OVING beyond traditional clinical settings, the as-

sessment of real-world mobility, with gait speed as a
primary indicator, is gaining prominence as a critical measure
of health, particularly for older adults and individuals with
chronic conditions. Gait speed represents a powerful predic-
tor of critical health outcomes, from disability to cognitive
decline, and ultimately mortality [1] [2]. It serves as a practi-
cal and informative tool for assessing health status, predicting
prognosis, and monitoring changes over time. It has been
referred to as the "sixth vital sign" [3], placing it on par with
fundamental health parameters such as blood pressure, heart
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particular, some studies [6] have shown that gait patterns
differ significantly between laboratory and real-world set-
tings, with older people walking more slowly and exhibiting
longer cycle times in real-world settings. These discrepancies
represent fundamental obstacles to valid clinical interpre-
tation, potentially leading to misguided treatment decisions
and incomplete understanding of mobility limitations. These
findings underscore the importance of ecological gait anal-
ysis in accurately assessing walking disorders, particularly
in older adults. In recent years, the Mobilise-D consortium
has made significant strides in leveraging advanced inertial
sensor technology for real-life mobility assessment, particu-
larly through the identification of digital mobility outcomes
(DMOs) for various health conditions, including Parkinson’s
disease, multiple sclerosis, femoral fracture recovery, and
COPD [7]. COPD, in particular, has drawn significant at-
tention, with recent advances in artificial intelligence and
digital health technologies showing promise for disease mon-
itoring and management [8] [9] [10], and with growing
evidence supporting the role of mobility metrics in disease
management and prognosis [11] [12] [13]. The relationship
between walking patterns and clinical outcomes in COPD
patients reveals profound insights into disease progression
and treatment efficacy. Moreover, a higher real-world walk-
ing cadence correlates with better outcomes in COPD, in-
cluding a reduced risk of severe exacerbations [14]. This
finding underscores the gait analysis potential as a valuable
prognostic marker. An open challenge lies in ensuring the
unobtrusive collection of real-life patient data and validating
the quality of extracted mobility parameters by comparing
them against clinically collected data. Despite the growing
interest in smartphone apps for health monitoring and activity
tracking, several studies have identified significant limita-
tions, particularly concerning reliability and accuracy in real-
world conditions [15] [16] [17]. Nevertheless, promising
advancements have been made in wearable technologies.
For example, accelerometer-based gait monitoring has been
shown to enhance fall risk assessment for individuals with os-
teoarthritis and Parkinson’s disease [18]. Additionally, high-
precision deep learning models for IMU-based gait analysis
have demonstrated robust performance, even in populations
with mobility impairments [19] [20]. Moreover, recent deep
learning approaches employing Transformers architectures
have also been succesfully applied to others gait-related tasks
[21], [22]. These and other studies on wrist sensors [23]
[24] and lower-back sensors [25] highlight the transforma-
tive potential of wearable devices in gait-related healthcare,
paving the way for innovative solutions to improve patient
outcomes. We believe that the key to reliable gait speed
estimation lies in using everyday objects that people already
use, turning them into passive medical data generators. This
approach embraces an ecological perspective, leveraging nat-
urally worn or carried devices without requiring users to
change their habits, perform manual calibrations, or initi-
ate measurements. The system should seamlessly adapt to
patient preferences, which may evolve over time or across
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different contexts. To achieve this, it must dynamically recog-
nize both the user’s activity and the available sensing devices,
ensuring continuous and unobtrusive gait speed estimation
in real-world conditions. Building on this foundation, our
previous work [26] demonstrated that a combination of wear-
able devices — including smartphones, smartwatches, and
sensorized shoes — could reliably estimate gait speed in
laboratory conditions. In this work, we present a compre-
hensive approach for ecological monitoring of gait speed
that addresses several critical barriers that have previously
limited real-world application through three key innovations:
(i) an adaptive sensor fusion architecture that dynamically
accommodates any combination of wearable devices accord-
ing to user preferences, operating effectively even when not
all sensors are simultaneously available, thereby ensuring
flexibility and adaptability under real-world conditions; (ii) a
deep learning model that operates passively without requiring
user interaction or subject-specific calibration, demonstrating
direct applicability to new datasets; and (iii) validation in the
daily lives of COPD patients under uncontrolled environmen-
tal conditions, demonstrating a strong correlation with the
functional capacity clinical standard in naturalistic settings.
This approach could help advance ecological monitoring by
enabling the system to seamlessly identify walking periods
and estimate gait speed while maintaining clinical accuracy
in real-world, free-living conditions. To develop and validate
our approach, we collected datasets in both laboratory and
free-walking conditions, thereby bridging the gap between
controlled assessments and ecological validity. Subsequently,
we applied the complete pipeline to data from COPD patients
recruited within the clinical study of the TOLIFE project [27]
[28] [29] over a two-week period during their daily activities,
generating new insights into real-world mobility patterns and
their clinical implications. The impact of our work extends
beyond technical achievement to potential clinical trans-
formation: enabling continuous, non-invasive monitoring of
real-world mobility in both healthy subjects and patients with
COPD, facilitating earlier therapeutic intervention, providing
objective measures for evaluating therapeutic efficacy, and
empowering patients through greater insight into their condi-
tion. This work represents a significant progress in our ability
to unobtrusively monitor and meaningfully interpret human
movement in the context of daily life, potentially improving
the management of chronic respiratory conditions and other
mobility-affected disorders.

Il. METHODS

A. WEARABLE DEVICES

In this study, we utilized the wearable device set from the
TOLIFE sensor platform [27] [29], specifically designed for
home monitoring of COPD patients. Figure 1 illustrates both
the device setup and the reference system. The selected
devices enable the collection of raw data related to mobil-
ity parameters, essential for Al-based algorithms aimed at
detecting COPD exacerbations and assessing health-related
quality of life. The wearable set includes a smartphone (Sam-
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sung Galaxy A14), a smartwatch (Samsung Galaxy Watch 5),
and smart-shoes. The smartphone and the smartwatch col-
lect inertial sensor data: accelerometers and orientation for
the smartphone, and accelerometers and gyroscopes for the
smartwatch. The smart-shoes, a research prototype tailored
for the TOLIFE project, integrate a 3-axis accelerometer,
gyroscope (LSM6DSL, STMicroelectronics), Bluetooth low-
energy module, and three pressure sensors (FSR 402, Inter-
link) under the insole to monitor foot-ground interaction [30].
Data collection is managed through two custom Android
applications, with the smartphone app also retrieving data
from the smart-shoes. Both applications timestamp the data
using device clocks synchronized to a common server, with
periodic resynchronization. All signals are acquired at a 50
Hz sampling frequency, with the accelerometer measuring
acceleration in m/s2, the gyroscope capturing angular velocity
in rad/s, the orientation sensor providing angular measure-
ments in degrees, and the pressure sensor recording values
in millivolts (mV). To ensure reliability and consistency for
subsequent analysis, the raw signals from the devices were
subjected to a series of preprocessing steps. First, a 4th-
order Butterworth low-pass filter (ft = 20 Hz) was applied to
remove high-frequency noise. The filtered signals were then
segmented into 5-second time windows. Within each win-
dow, the data were resampled by interpolation at a uniform
sampling rate of 20 Hz, resulting in a total of 100 data points
per window. Overlapping was applied to increase the number
of windows, with 80% overlap used in the first two datasets
and 90% overlap in the third one.

B. MODEL DEVELOPMENT AND DATA PROCESSING
PIPELINE

Two types of machine learning models were developed to
process and analyze motion data collected from the wearable
devices: (i) features-based models for walking recognition
and (ii) a deep learning model for gait speed estimation.
The Walking Recognition Models (WRMs) were designed
to perform device-specific walking detection with computa-
tional efficiency. Each WRM utilizes a single fully connected
layer applied to a vector of extracted temporal and frequency
domain features. Building upon the temporal segmentation
provided by the WRMs, the Gait Speed Estimation Model
(GSM) integrates data from up to four devices through a
deep learning architecture. As depicted in Figure 2, the GSM
employs a complex architecture that combines convolutional
neural network (CNN) layers for feature extraction, a self-
attention module for adaptive feature weighting, and fully
connected layers for the final regression output. The convolu-
tional layers extract temporal patterns from the synchronized
sensor streams, while the self-attention mechanism identifies
the most relevant features across the different sensor loca-
tions during various phases of the gait cycle. A key method-
ological innovation in the system is the implementation of
an adaptive sensor fusion approach. To accommodate real-
world scenarios where subjects may not consistently wear
all devices, a binary "wearing mask" is derived from the
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outputs of the WRMs. This mask indicates which devices are
actively providing valid walking data at any given time point.
The fusion process incorporates this mask to dynamically
adjust the architecture’s attention mechanisms and weighting
schemes, ensuring robust performance across varying device
configurations. This approach enables the system to maintain
estimation accuracy even when not all devices are worn,
addressing a significant challenge in longitudinal real-world
monitoring where device adherence may fluctuate.

The analysis pipeline consists of the cascading applica-
tion of these two types of models to 5-second signal time
windows. To support the development and evaluation of
the models, four different datasets were collected (Table
1), including both healthy individuals and COPD patients.
Three of these datasets were collected from healthy subjects.
The first two were acquired under laboratory conditions and
utilized to train the walking recognition models and the
gait speed estimation model. The third, collected under free-
walking conditions, served to validate the performance of the
learned algorithms. The fourth dataset was obtained from a
clinical trial conducted in the Tolife project involving COPD
patients. A total of 37 patients were enrolled and underwent
a recruitment visit (RV) during which they performed two
six-minute walking tests (6MWT). Then each patient was
provided with the Tolife kit [27] [29], which included a
smartphone, a smartwatch, and a pair of sensorized shoes
[30] [31]. The analysis pipeline developed from the first two
datasets was then applied to the third and fourth datasets.
For each patient, the mean gait speed was estimated based
on the data recorded during the first two weeks after RV.
To evaluate the performance of the pipeline, a correlation
analysis was performed between the estimated speed during
these two weeks and the mean distance walked during the
two 6MWTs performed at RV (see figure 3).

C. ACTIVITY RECOGNITION

1) Experimental Protocol

The first dataset is dedicated to train the activity recogni-
tion models and involved 15 healthy subjects (M: 7, F: 8§,
mean age: 27.3£3 years, 176.8+9.4 cm, 72.1£12.7 kg, BMLI:
23.0+3.37 kg/m?). Participants were instructed to perform
specific activities. These activities are resting, walking on
flat ground (level walking), and climbing stairs (ascending
and descending). Resting consisted of three distinct postures:
lying on a bed, sitting on a chair, and standing in a room.
While standing, participants were permitted to move freely
but were restricted from walking for more than 5 consecutive
seconds. Level walking included three sessions: two involved
walking in a straight line along a path of 180 meters, while
in the third session, the path was 450 meters long with
directional changes. Stair climbing consisted of continuous
ascending and descending of a staircase for a couple of
minutes. The data collected following this protocol were
processed to extract activity windows. These windows served
as input for training activity detection algorithms, with a
separate model developed for each device. The objective was
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FIGURE 1: TOLIFE wearable set: smartphone (left), smartwatch (center), smart-shoe (right). Local reference frames associated

with the inertial sensors are reported. The left shoe reference is defined symmetrically to the right shoe.
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FIGURE 2: The Gait Speed Estimation Model (GSM) architecture consists of four modules, each corresponding to a specific
wearable device. Each module processes raw sensor data to generate a feature vector, which is then analyzed by an attention
module. This module integrates these feature vectors with device usage information, represented by the WRMs as a binary

Wearing Mask, to produce the final gait speed estimate.

to independently determine whether each device was being
worn, and to provide this information, along with the raw
data, to the gait estimation model that will perform the gait
speed estimation. The smartphone could be worn in various
orientations. In this protocol, participants were instructed to
wear the smartphone in a consistent manner in their front
trouser pocket while varying randomly its orientation. This
approach aimed to enable the algorithms to recognize a wide
range of possible orientations. For the smartwatch, partici-
pants were allowed to wear it on their preferred wrist.

2) Walking Recognition Model Architectures and Training

WRMs are architectures consisting of a single fully con-
nected layer tailored to process device-specific features set.
They are designed to map the feature vectors to a 3-
dimensional output space representing the three possible

4

activities. The extracted features capture statistical, temporal,
and frequency-domain characteristics of the input signals.
In order to generalize the extracted features with respect to
the wrist on which the watch is worn, we used the absolute
value of the X axis. Acceleration along this axis (towards the
arm, see Figure 1) is inverted with respect to zero when the
wrist is changed, while the Y and Z axes remain unchanged.
To identify the most relevant features for the classification
task, we applied a feature selection technique based on L1
regularisation, also known as lasso. L1 regularisation pro-
motes sparsity in the model by driving the coefficients of
less important features to zero. Features were selected based
on a coefficient magnitude threshold of 1, retaining only
those with absolute values exceeding this limit. By enforcing
sparsity, this approach mitigates overfitting, ensuring that the
model is both interpretable and generalisable.
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FIGURE 3: Four datasets were involved in the development and validation of the pipeline. Dataset A: 15 healthy subjects
performed different activities; from these data the WRMs were trained and the performances are reported in Table 2. Dataset
B: 25 healthy subjects performed the 6BMWT; from these data the GSM (shown in Figure 2) was trained and the performances
are reported in Table 3. Dataset C: 10 healthy subjects were recorded in free-walking conditions; the pipeline was validated
on Dataset C and the results are reported in Table 4. Dataset D: 37 COPD patients’ daily-life activities over two weeks were
monitored; the correlation analysis between the estimated gait speed and the clinical 6MDW is reported in Figure 7.

TABLE 1: Summary of datasets used for activity recognition model training and validation.

Dataset N | Sex (M/F) | Age (years) Height (cm) Weight (kg) | BMI (kg/m?) | Acquisition conditions

Activity Recognition Dataset | 15 7/8 27.3+3.0 | 176.8 9.4 | 72.1 +12.7 | 23.0 £ 3.37 | Laboratory setup, ~ 20 minutes per subject
Gait Speed Estimation Dataset | 25 15/10 289+4.8 | 175.3+8.9 | 68.1 +10.8 | 22.1 + 2.4 | Laboratory setup, ~ 18 minutes per subject
External Validation Dataset 10 5/5 43.8£12.1| 169.0 + 9.6 65.7 £ 4.0 | 22.9 4 4.23 | Free walking, ~ 10 minutes per subject
Clinical Dataset 37| 23/14 |63.3+5.82|169.7£8.73 | 74.2 £ 15.62 | 25.6 &= 4.63 | Daily-life conditions, two weeks per subject

This model was trained for a total of 100 epochs with
an 80% window overlap. The learning rate was set to 0.01,
and the batch size was fixed at 256 samples per iteration.
The optimization process was guided by the cross-entropy
loss function, using the Adam optimizer. The performance
evaluation is carried out taking into account metrics such as
precision, recall, precision, and F1 score for every device.
The training and the performance evaluation process is car-
ried out with a leave-one-subject-out cross validation.

D. GAIT SPEED ESTIMATION

VOLUME 4, 2016

1) Experimental Protocol

The second dataset is composed of 25 healthy subjects (is
an extension of the previous published dataset [32] [26] (M:
15, F: 10, age: 28.944.8 years, height: 175.3+8.9 cm, weight:
68.1+10.8 kg, BMIL: 22.1+2.4 kg/m?) was devoted to the
training of the gait speed estimation model. This dataset was
collected in a laboratory setting using the smartphone, the
smartwatch and the sensorized shoes. The reference system
is the Awinda inertial motion tracker coupled with the MVN
Analyse software, both supplied by Xsens [33] (Enschede,
Netherlands). To each participant was asked to perform a
modified version of the 6MWT, a widely recognised and
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standardised assessment tool used to evaluate functional au-
tonomy, particularly in people with impaired lung function
[34]. The original clinical version of the test consists of
measuring the distance a person walks in six minutes along
a 30-meter flat path, walking as fast as possible [35]. Our
modified version took place on a 10 meter flat path, with a
turning radius of about 50 centimetres to change direction.
Each participant was asked to perform the test three times
at three different speeds: medium, slow and fast, to cover
a wider range of speeds (from 0.3 to 1.85 m/s). During
data collection, the phone and the watch were consistently
worn in the same positions: the phone was placed in the left
front trouser pocket, with its screen facing the thigh and the
microphone pointing upwards, while the watch was worn on
the left wrist.

2) Gait Speed Model Architecture and Training

The proposed GSM is specifically designed to estimate gait
speed using data from up to four devices in combination with
the output of the activity recognition models, the "Wearing
Mask". The model uses a modular architecture that processes
data from each device independently, allowing it to effec-
tively handle different combinations of device availability
(Figure 2). These combinations include the use of only the
phone, only the watch, only the shoes, any pair of devices
(phone and watch, phone and shoes, or watch and shoes), or
all three devices together. The model combines convolutional
layers, a self-attention module and fully connected layers to
extract and integrate features across the available devices.
To ensure robust performance, the model incorporates reg-
ularization techniques such as batch normalization which
mitigate overfitting and improve generalization. The model
takes as input raw data from the devices and employs device-
specific feature extraction modules. The GSM processes 5-
second window of sensor data from wearable devices using
accelerometer, orientation, and pressure data. Each device
module applies 1D convolutions (kernel size 10, output size
256, stride 2, padding 2) followed by ReLU activation, batch
normalization, and max-pooling. After flattening, each de-
vice produces 6,400 features, which are projected to a 64-
dimensional feature space via device-specific fully connected
layers. Specifically, all modules utilize accelerometer signals,
while the phone module also incorporates orientation data,
and the shoe modules include pressure signals. From the
phone, we extracted the magnitude signal from the three
accelerometer axes and the orientation sensor. This approach
was chosen because the phone is a wearable device that can
be oriented in various ways, and as a result, the meaning
of the axes may change depending on the device’s orienta-
tion. By computing the magnitude, we obtain a value that
is independent of the orientation facilitating generalization.
The watch utilizes all three accelerometer axes separately,
as do the shoes. Regarding pressure signals, the two signals
originating from the forefoot are averaged. Summarizing, the
phone has an input dimension of 2, the watch has 3, and
the shoes have 5. The four device-specific feature vectors
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are processed by a multi-head self-attention module with 4
attention heads. The Wearing Mask derived from the WRMs
is applied to zero out features from devices identified as not
worn during walking and is also integrated as a key padding
mask in the attention module, ensuring that such features
are excluded during fusion. This combined representation
passes through a fully connected network with progressive
dimension reduction (64—32—16—8—4), where each layer
includes batch normalization, dropout (rate=0.3), and ReLU
activation. Finally, a linear layer predicts gait speed. The
designed model contains 1.65 million trainable parameters
and requires 7.27 million FLOPs per 5-second input sample.
This model was trained for a total of 30 epochs with an
80% window overlap. The learning rate was set to 0.001,
and the batch size was fixed at 2048 samples per iteration.
The optimization process was guided by the mean squared
error loss function, using the Adam optimizer. To address
variations in orientation and the potential absence of devices,
a data augmentation strategy was employed by simulating all
possible rotations and missing data scenarios. Specifically,
we adopted two key augmentation techniques: simulated
device rotations, which account for natural variations in
device orientation, and simulated missing devices, which
enhance model robustness by randomly omitting devices. To
comprehensively capture these variations, we define a mask
for each possible device configuration: the phone can appear
in one of four positions or be absent (5 states), the watch can
be worn on either wrist or be absent (3 states), and each shoe
can be present or absent (2 states per shoe). This results in 60
possible configurations, 59 of which include at least one de-
vice. By training the model on this diverse set of conditions,
we ensure adaptability to real-world scenarios. The Root-
Mean-Square-Error (RMSE) and the Intraclass Correlation
Coefficient (ICC) [36] are used as performance metrics of the
gait speed estimation. These metrics are evaluated for each
possible combination of devices.

The Intraclass Correlation Coefficient (ICC) quantifies the
reliability or consistency among raters. The ICC of type (2,1)
is defined as:

MSr — MSg
MSg+ (k—1)MSg + £(MSc — MSg)
(1)
The calculation of ICC(2,1) [36] is performed using the
Python package pingouin, version 0.5.5 [37]. In this for-
mulation, M Sk represents the mean square between raters
(Mean Square for Raters), M Sk the mean square for error
(Mean Square for Error), k the number of measurements for
each object, n the number of objects measured, and M S¢ the
mean square for targets (Mean Square for Targets).

ICC(2,1) =

E. PIPELINE VALIDATION
1) Experimental Protocol

A free walking data collection session was then organized
in an outdoor environment. Ten new healthy subjects were
recruited, with a mean age higher than that of the subjects
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who participated in the acquisition of training datasets (M:
5, F: 5, 43.8+12.1 years, 16949.6 cm, 65.7+4 kg, BMI:
22.9+4.23 kg/m?). During the execution of this protocol,
participants were asked to keep the phone in their front
pocket in the position they preferred, and the watch on
their favorite wrist. Each of these participants followed a
protocol that involved the continuous execution of resting,
level walking, and stair climbing activities. Specifically, for
the level walking activity, each participant walked four times
along a straight path of known length (100 or 280 meters).
The path was predetermined, but participants were free to
walk at their own pace, and time stamps were annotated at
predetermined checkpoints.

2) Performance Evaluation

The evaluation metrics for both activity recognition and gait
speed estimation remained consistent with those previously
described. Classification accuracy was calculated using all
activity windows. For gait speed estimation, both the root
mean square error (RMSE) and the intraclass correlation
coefficient (ICC) were assessed for each walked path. These
metrics were evaluated in two ways: (i) by averaging the
estimated gait speeds across all windows within a given path
to assess the algorithm’s overall performance, and (ii) by
considering only the windows classified as walking, thereby
focusing on true positives identified by the WRM algorithm
and accounting for the entire processing pipeline. A total of
40 paths were analyzed, with each of the ten participants
walking four distinct paths. The reference gait speed was
derived from the known distance and time for each path,
yielding 40 data points. Since only four data points were
available per participant, a single ICC value was computed
for each combination. To further examine the robustness
of the reported performances against classification errors,
we introduced increasing percentages of false positives into
the validation dataset. These artificial misclassifications were
randomly selected from the windows originally identified as
false positives by the gait recognition algorithm. Finally, we
analyzed the impact of this manipulation on RMSE and ICC
by plotting their trends across different device combinations
as the proportion of false positives increased. In the described
validation we excluded windows showing more than 80%
missing data, which occurred in less than 5% of collected
windows, exclusively affecting the shoes due to occasional
Bluetooth connection interruptions.

F. VALIDATION ON REAL-WORLD DATA

1) Experimental Protocol

The pipeline was subsequently applied to data collected from
37 COPD patients from two clinical centers (sex: 23 M, 14 F;
age: 63.3 + 5.82 years; height: 169.7 £ 8.73 cm; weight: 74.2
+ 15.62 kg, BMI: 25.6+4.63 kg/m?) in daily life conditions.
Each participant underwent a clinical recruitment visit (RV),
during which they performed two 6MWT administered by
an expert pulmonologist. The average six-minute walking
distance from these two tests served as a reference value to
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assess the correlation with the estimated gait speed during
daily life walks. At RV, each patient received a kit containing
a smartphone, a smartwatch, and a pair of sensorized shoes.
Participants were instructed to use these devices freely in
their daily lives (both indoors and outdoors) under conditions
they found comfortable. For each patient, the two weeks
following the RV were analyzed, with data evaluated daily
between 5:00 AM and 10:00 PM. These 17-hour periods
were segmented into 5-second windows, for which an activity
mask was generated and subsequently used in the gait esti-
mation model. Daily analysis focused on identifying walk-
ing periods. Given the large number of windows analyzed
(12,240 in one day), a significant number of false posi-
tives —windows incorrectly classified as walking— were
likely. Furthermore, very short walks are less representative
of aerobic capacity or endurance, whereas longer walks,
closer in duration to the six-minute walking test, are more
likely to yield meaningful insights. To ensure a reliable daily
estimate of walking speed, the analysis prioritized walks
exceeding a defined minimum duration. The process began
with a threshold of 10 minutes. If not long enough walks
were detected, the threshold was iteratively reduced—first
to 9 minutes, then to 8 minutes, and so on—until walks
as short as 1 minute were accepted. Single-window gaps
("not walking" preceded and followed by walking windows)
were permitted to account for potential misclassifications and
avoid discarding informative walks. For each identified walk,
the average gait speed was calculated by averaging the gait
speed of all windows within the walk. If multiple walks were
identified in a single day, their gait speeds were averaged
to determine the daily gait speed. Finally, for each subject,
the daily gait speed estimates over the 14-day period were
aggregated by calculating the median of all daily values. The
whole approach is illustrated in Figure 4. We considered as
valid only windows with at least 80% of expected samples.

The dataset is available on Zenodo (https://zenodo.org/records/1694

accessed on 21 September 2025).

lll. RESULTS
A. ACTIVITY RECOGNITION

We selected the most relevant features using L1 regulariza-
tion, highlighting those most frequently used by different
devices. Shannon entropy (13), mean (12), and standard
deviation (12) emerged as the most common, followed by
range (8), number of peaks (4), root mean square (3), mean
crossing rate (1), and dominant frequency (1). The phone
and the right shoe utilized the highest number of features
(16), followed by the left shoe (13) and the watch (8).
These results illustrate how feature importance varies across
devices, providing valuable insights for the analysis.

To assess the WRM models performances we performed
leave-one-subject-out (LOSO) cross-validation on the 15
subjects of the activity recognition dataset (Dataset A). The
obtained results are reported in Table 2. In the table’s rows,
we presented the four different devices, providing a detailed

7

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and

IEEE Access

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2025.3648857

Author et al.: Preparation of Papers for IEEE TRANSACTIONS and JOURNALS

-

@—) Not Walking
@—) Walking

Median 5 Estimated Gait Speed )

( day N | dayN+1 [ day N+2
BY
Mean [ Mean Mean Mean
f—% (—Jﬁ 1 min
m 2mins|  30sec (3 mine m
Uy U qqyququyuuquyququyuyququyuyququyquqqyququyqquq)

.

FIGURE 4: The analysis pipeline processed all daily-life recordings for each patient, estimating gait speed over every 5-second
window with available data. These estimates were then aggregated by day, prioritizing the longest recorded walks, and the
median of the daily estimates was used to obtain the overall gait speed value.

overview of the average accuracies and the corresponding
standard deviations calculated for each individual activity.

B. GAIT SPEED ESTIMATION

The assessment of GSM performance is conducted using
leave-one-subject-out (LOSQO) cross-validation on the 25
subjects from the gait speed training dataset (Dataset B). This
process is repeated for each device combination, yielding
seven distinct performance evaluations. The first column of
Table 3 presents the mean and standard deviation of the
RMSE, while the second column reports the mean intraclass
correlation coefficient along with its standard deviation.

C. PIPELINE VALIDATION
Table 4 presents the performance results for both activity
recognition and gait speed estimation obtained on the val-
idation dataset (Dataset C). For activity recognition, accu-
racy scores are reported for each activity and every device
combination, providing an overview of classification perfor-
mance. Additionally, precision, recall, and F1 scores, which
offer a more comprehensive evaluation of the classifier’s
effectiveness, are detailed in the appendix (Table 4). For
gait speed estimation, RMSE and ICC were computed for
each walked path using two distinct approaches. The first
approach involved calculating the mean gait speed across
all windows within a given path, which provides an overall
assessment of the estimation algorithm’s performance. The
second approach considered only the windows classified as
walking, thus isolating true positives identified by the WRM
algorithm. This method allows for a more targeted evaluation
of the system’s accuracy while capturing the effectiveness of
the entire processing pipeline, from activity classification to
gait speed estimation.

To provide a clearer visualization of the agreement be-
tween the estimates and the actual speed values, we have
also included correlation and Bland-Altman (BA) plots and
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we added BA bias and limits to Table 4. We computed both
of them for all possible device configurations. The plot for
the configuration including all devices is shown in Figure 5.
A Spearman correlation coefficient of 0.763 was obtained,
with a bias of —0.032 and limits of agreement ranging from
—0.252 to 0.189. The remaining plots are presented in Figure
10 in Appendix I, showing correlation coefficients between
0.633 and 0.825. The only configuration exhibiting a positive
bias was the “Only shoes” configuration (0.028). The widest
range of limits of agreement was observed for the “Only
Watch” configuration [-0.349, 0.279], whereas the narrowest
range was found for the “Watch and Shoes” combination
[-0.201, 0.190]. Notably, the “Watch and Shoes” configu-
ration also demonstrated the best performance in gait speed
estimation (RMSE = 0.096).

1) Robustness Analysis

Figures 6a and 6b illustrate the results of the robustness
analysis, which investigates the impact of increasing false
positive rates on RMSE and ICC. Specifically, the false
positive rate was artificially varied from 0% to 100% in
2% increments to systematically assess how classification
errors influence gait speed estimation performance. Each
curve in the figures corresponds to a different device combi-
nation, as specified in the legend. This visualization enables
a comprehensive evaluation of how various device pairings
respond to increasing false positives, providing insights into
the resilience of the estimation pipeline under different er-
ror conditions. Comparison of RMSE and ICC versus false
positive rate in walking detection across all device combi-
nations. Beyond a 20% false positive rate, the RMSE of
all combinations begins to increase, reaching values above
0.15 between 40% and 60% false positives, except for the
"Only Watch” configuration, which starts at 0.15 and rises to
approximately 0.2. As the false positive rate increases further,
RMSE continues to rise, reaching up to 0.3. Similarly, the
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TABLE 2: Performance Metrics on Internal Testing for Activity Recognition

Resting Level Walking Stair Climbing
Accuracy [ Precision | Recall FI Accuracy [ Precision | Recall FI Accuracy [ Precision | Recall FI
Smartphone 0.97£0.064| 0.98+0.013] 0.9740.064] 0.974-0.036| 0.88+0.117] 0.8740.092] 0.88£0.117| 0.87£0.071] 0.8740.056| 0.8340.178| 0.8740.056| 0.8410.113|
Smartwatch [0.95+0.062] 0.9340.055] 0.9540.062] 0.9440.043] 0.82+0.101] 0.82+0.209] 0.8240.101] 0.8040.149] 0.84=+0.121] 0.80=0.138] 0.84+0.121] 0.804-0.082
Left Shoe 0.9940.016] 0.99£0.012] 0.9940.016| 0.9940.012] 0.9840.037| 0.9610.078| 0.98+£0.037| 0.97£0.043] 0.9640.061| 0.9740.046| 0.9610.061| 0.9610.036|
nght Shoe | 0.9940.012] 0.994-0.017] 0.994-0.012] 0.994-0.012] 0.924-0.087| 0.9140.194 0.9240.087| 0.9040.150 0.9340.112] 0.91+0.109| 0.93+0.112] 0.91+0.087
The table reports values in the format [MeanZstd].
Coeff.: 0.763 (p=1. 03e-08)§ Bland-Altman Plot
£ .
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FIGURE 5: Correlation (with Spearman coefficient, left) and Bland-Altman plot (right) of the configuration with all devices in

the Dataset D.

TABLE 3: Internal Testing Performances on Gait Speed
Estimation [RMSE]

L. . Intraclass Correlation
Condition Gait Speed [m/s] Cocfficient
Smartphone 0.139 + 0.0642 0.776 + 0.2090
Smartwatch 0.167 + 0.0504 0.697 + 0.2446
Shoes 0.093 + 0.0368 0.891 + 0.091

Smartphone and 0.120 % 0.0462 0.800 +0.2169
Smartwatch

Smartphone and Shoes 0.090 + 0.0372 0.893 + 0.9024

Smartwatch and Shoes 0.095 +0.0333 0.874 £0.1297

All Devices 0.096 + 0.0376 0.863 +0.1578

The table reports values in the format [MeanZstd].

ICC decreases as the false positive rate increases, dropping
from good to moderate agreement between 20% and 40%
false positives, and from moderate to poor for the “Only
Watch” combination.

D. REAL-WORLD VALIDATION ON TOLIFE’S DATA

Of the 37 initial patients, following the procedure illustrated
in Figure 4, it was possible to obtain an estimate of the
average gait speed for 34 of them. Figure 7 shows the
correlation between the daily-life estimated mean gait speed,
over the two week monitoring period, and the six-minute
walking distance at RV. The colored sections of the circles in
the correlation plot represent the proportion of the different
configurations in the subject’s daily data (Dataset D). The
circle size instead indicates the number of days (from 1 to 14)
for which a gait speed estimate was available for the subject.
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IV. DISCUSSION

This study addresses the critical need for unobtrusive assess-
ment of gait speed, a key biomarker of functional capac-
ity particularly in COPD, while acknowledging challenges
from methodological heterogeneity and limited comparabil-
ity between clinical and real world settings. Our primary
contribution focuses on the development and validation of
an integrated system capable of accurately estimating gait
speed in real-world environments, overcoming several lim-
itations inherent in the laboratory-based assessments. We
demonstrate the feasibility of continuous gait speed moni-
toring by using a combination of wearable sensors (smart-
phones, smartwatches, and sensorized shoes), by providing a
pathway for objective assessments of mobility in real-world
conditions. Our approach is based on a machine learning
framework, combining walking recognition with gait speed
estimation models. We validated our pipeline by testing it on
previously unseen individuals. With the external validation
dataset (Dataset C), we focused on assessing the accuracy of
our gait speed estimates, demonstrating the pipeline’s ability
to effectively process free-walking data. Our model provides
valuable insights into mobility assessment, as demonstrated
by its strong correlation with the 6MWD, a gold standard
clinical measure of mobility. This validation with the daily-
life clinical dataset (Dataset D) underscores the reliability
and applicability of our model in real-world scenarios, par-
ticularly for COPD patients. Notably, no changes to clinical
practice were required, as the devices seamlessly integrated
into participants’ daily activities. This unobtrusive and natu-
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TABLE 4: Activity recognition accuracies and gait speed estimation performances [RMSE] with Bland—Altman analysis on the
external validation dataset in all possible configurations

Activity Recognition Gait Speed — Overall Gait Speed — True Positives
. Level Stair .
Resting Walking Climbing RMSE [m/s] ICC RMSE [m/s] 1CC Bias [LL, UL] Cv
Smartphone 0.85+0.042 | 0.91+0.097 | 0.92£0.046 || 0.119£0.055 | 0.767 0.119+0.056 0.764 0.015 [-0.272, 0.241] 11.52
Smartwatch 0.81+0.070 | 0.68£0.272 | 0.74+0.185 || 0.144£0.071 | 0.708 0.154+0.059 0.677 0.035 [-0.349, 0.279] 14.20
Shoes 0.84+0.059 | 0.99+0.015 | 0.99£0.010 || 0.115£0.056 | 0.824 0.107+0.049 0.846 0.028 [-0.198, 0.255] 9.96
Smartphone and | 76, 176 | 0.9820.021 | 0.6820.173 || 0.122£0.065 | 0.763 0.122+0.067 0.760 -0.021 [-0.289, 0.247] 12.05
Smartwatch
Sma’tsfilh:e‘;e and 66210068 | 0.99:0.006 | 0.99:0.003 || 0.117£0.033 | 03816 0.11620.031 0.817 -0.035 [-0.262, 0.192] 10.29
Smar;"gg‘ecsh and 17940086 | 0.99:0.013 | 09940005 || 0.096£0.027 | 0.874 0.09520.030 0.874 -0.005 [-0.201, 0.190] 8.73
All Devices 0.77+0.082 | 0.95£0.050 | 0.99£0.013 || 0.11220.031 0.825 0.112+0.032 0.821 0.032 [-0.252, 0.189] 9.95
Values reported as Mean=std for RMSE; ICC = Intraclass Correlation Coefficient; Bland—Altman limits reported as Bias and [Lower Limit, Upper (%).

Limit], £1.96 SD; CV = Coefficient of Variation

TABLE 5: Comparison of Gait Speed Estimation Performances Reported in the Literature and in the Present Study (RMSE as
Performance Metric)

Reference Sensor RMSE [m/s]
Mannini and Sabatini [38] Accelerometer (thigh), subject-calibrated model 0.083
Mannini and Sabatini [38] Accelerometer (thigh), non-subject-calibrated model 0.194
Soltani and Aminian [39] Single inertial sensor (lower back) 0.10

Shresta and Won [40] Smartphone 0.16
McGinnis et al. [41] 3 accelerometers (sacrum, thigh, shank) 0.136
Soltani et al. [42] Wrist-worn sensor 0.10
Soltani et al. [42] Wrist-worn sensor (personalized model) 0.05
Zanoletti et al. [26] Smartphone, Smartwatch and Shoes 0.111
Smartphone 0.119

Smartwatch 0.144

Shoes 0.115

This study Smartphone and Smartwatch 0.122
Smartphone and Shoes 0.117

Smartwatch and Shoes 0.096

Smartphone, Smartwatch and Shoes 0.112

Values for this study are reported as Mean + Standard Deviation. Literature results are taken as reported in the cited
works. Best performances in each group are highlighted in bold.

Mean RMSE vs False Positive Rate in Walking Detection ICC vs false positive rate in walking detection
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—e— Shoel and shoer
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(a) Mean RMSE vs. false positive rate in walking detection (b) Intraclass correlation coefficient vs. false positive rate in
across all device combinations. walking detection across all device combinations.

FIGURE 6: Comparison of RMSE and ICC vs. false positive rate in walking detection across all device combinations. RMSE
increases and ICC decreases as false positives rise.

ralistic assessment not only minimizes the burden on patients but also allows for more frequent and continuous monitoring,
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Correlation coeff.: 0.854, p-value: 1.38e — 10, Number of subjects: 34
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FIGURE 7: Spearman correlation coefficient between the mean daily-life estimated gait speed and the clinical 6GMWD at the
recruitment visit. The different colors inside the circles represent the proportion of the different configurations in the subject’s
daily data. The circle size indicates the number of days (from 1 to 14) for which a gait speed estimate was available for the

subject.

enhancing the overall efficiency and effectiveness of clinical
practice.

Observing the performance metrics reported in table 2
along with the confusion matrices in figures 8 it can be
observed that the model achieves high accuracy in dis-
tinguishing between activity time windows (level walking
and stair climbing) and non-activity time windows (resting).
However, when examining the algorithm’s ability to discrim-
inate between level walking and stair climbing, some de-
vices —particularly phone and smartwatch— show slightly
worse performance. Nevertheless, both the phone and watch
maintain consistent accuracy levels. This behavior can be
reasonably attributed to the sensor placement: the smartwatch
positioned on the wrist and the phone located in the front
pants pocket may frequently interpret the limb and wrist
movements during stair climbing as similar to those of level
walking on flat terrain. In contrast, shoes, acquiring signals
directly on the feet where the actual gait pattern occours,
have a clear advantage in performing this classification and
show better performance. The performance metrics shown in
tables 4, 6, along with the cumulative confusion matrices for
all subjects in figures 9 reveal a slight decrease in perfor-
mance when coming to the validation dataset. This reduction
could be attributed, particularly for the smartwatch, to the
increased complexity of the task. During this acquisition,
participants received less guidance on the walking activity

VOLUME 4, 2016

than the 6GMWT performed in the training dataset acquisition,
where subjects were monitored in a controlled laboratory
environment and worn with Xsens instrumentation, likely
making them more conscious of their movements. In several
configurations, the accuracy in identifying resting dropped
below 80%. This misclassification may again be due to the
greater freedom allowed during this trial. In an outdoor set-
ting, as opposed to a controlled indoor lab, participants were
more likely to engage in brief movements, such as taking a
few steps during the resting position or keeping their hands
closer to the body without using the handrail, making activity
discrimination between level walking and stair climbing par-
ticularly challenging for the smartwatch. The smartwatch and
smartphone configuration (Figure 10 D) shows the poorest
performance, with nearly half of the windows labeled as level
walking actually from other activities.

In the Results, we identified the most informative features
across the four devices. Variability-based descriptors, includ-
ing Shannon entropy and standard deviation, were consis-
tently favored, with mean and range also frequently selected.
These findings indicate that entropy and statistical dispersion
capture the complexity and amplitude patterns most relevant
to activity classification.

As shown in Tables 3, 4 and 5, the gait speed estimation
demonstrates strong performance, achieving a mean RMSE
of 0.096 m/s for the best configuration (smartwatch and
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shoes). Our results are consistent with state-of-the-art meth-
ods reported in the literature, with RMSE values comparable
to or better than those achieved by single-sensor approaches
[39], [40], [41]. Notably, our method achieves these perfor-
mances without requiring subject-specific calibration. Some
approaches show improved accuracy when personalized [38],
[42]. The flexibility to use different device combinations
while maintaining competitive accuracy represents a key ad-
vantage for real-world applications where device adherence
may vary. In terms of reliability, all sensor combinations
show good ICC values in both internal testing (Table 3) and
external validation (Table 4). In the external validation under
free-walking conditions, ICC values range from 0.677 to
0.874 across configurations, with the smartwatch and shoes
combination achieving the highest value. The smartwatch
alone exhibits only moderate reliability in our study, likely
due to increased susceptibility to arm movements during non-
walking activities. Kirk et al. [25] reported ICC values of
0.91 (laboratory) and 0.88 (real-world) for correctly detected
walking periods, and 0.82 (laboratory) and 0.45 (real-world)
when considering all detected periods.

Given the significant variation observed among devices,
we considered it essential to assess the robustness of our esti-
mates in the presence of false positives (FP). It is important to
note that these percentages of false positives refer to the total
number of windows within the specific class: for example,
a false positive rate of 50% means that half of the non-
walking windows were incorrectly identified as walking. The
total number of false positives will therefore depend on the
distribution of different activities within the whole recording.
This variation highlights the importance of assessing model
performance under different conditions, as the presence of
false positives can significantly affect the reliability and
accuracy of the results. Regarding the robustness analysis
performed for both RMSE and ICC, it is observed that the
values remain quite stable up to about 20-30% of FP rate.
This means that a reasonable number of false positives would
not have a significant impact on the estimation of average
walking speed. This is probably due to two factors: firstly,
the neural network was trained on a large number of walking
windows with walking speeds ranging from 0.3 to 1.85 m/s;
secondly, we use the trimmed mean (threshold of 20%) to
calculate the average speed of a walking segment. However,
if within a day a subject were to climb stairs for extended
periods of time, an activity that is most easily confused with
walking, this could affect the estimation.

It is essential to notice that the training of the walking
detection, gait speed estimation and validation models was
carried out on three completely independent datasets. Not
only were these datasets collected from different subjects, but
the data were also collected in dissimilar environments, fur-
ther increasing the robustness of the analysis. The diversity in
both participants and environmental conditions contributes to
the generalisability of the models.

The proposed models are designed to be applicable to a
wide range of wearable devices that have characteristics sim-
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ilar to those used in this study. In particular, they are suitable
for devices that provide data types such as accelerometry,
gyroscope and pressure measurements. This ensures that the
methods outlined here can be adapted and extended to other
wearable devices that collect comparable sensor data. The
models can also be applied using a combination of any of
these devices, depending on the data available. This flexibil-
ity is particularly important in real-world monitoring contexts
where the sparsity of available data is a common challenge. In
such settings, the ability to work with incomplete data or data
from different sources significantly enhances the practical
applicability of these models, making them more versatile
and robust, and adaptable to user preferences.

A highly significant result emerging from these data is
the ability to reliably estimate the gait speed without re-
quiring active participation from the patients. Traditionally,
such measures would necessitate the patient’s presence in a
clinical setting, such as during the 6MWT. This finding is
particularly important for several reasons. Firstly, the ability
to obtain these measurements without requiring patients to
actively engage, such as traveling to a hospital or participat-
ing in a specific clinical assessment, highlights the potential
for continuous, unobtrusive monitoring. This method allows
for data collection in real-life settings without disrupting
patients’ daily routines. Moreover, this type of monitoring
holds great promise for personalized medicine and remote
patient monitoring, enabling healthcare providers to gather
clinical data much more frequently than would be possible
during periodic in-person visits.

Although the data were collected over a relatively short
period (two weeks) the strong correlation with the six-
minute walking distance shown in figure 7 (due to the non-
parametric distribution of the data we used the Spearman
correlation coefficient = 0.854, p-value = 1.38e-10) suggests
that data obtained via the wearable device could serve as
valid integrative information for assessing patients’ motor
function, potentially reducing the need for in-clinic measure-
ments. Despite its lower individual performance, the smart-
watch demonstrated the highest level of patient adherence,
highlighting that ease of use and patient acceptance are criti-
cal factors for ensuring long-term compliance in monitoring.
This is particularly important, as patient adherence remains
a key challenge in long-term monitoring. If we compare the
mean gait speed during the 6BMWT at RV with the estimated
mean gait speed in the subjects’ daily life we would observe a
mean bias of 0.23 m/s. This means that the speed observed in
the subjects’ daily life differs from the speed they maintained
during the 6MWT in the RV. The fact that patients walk
faster in the context of a clinical examination, where they
are encouraged to perform at their best, is reasonable and
consistent with what has been observed in literature [43]
[44] [45].

Furthermore, the observed bias between gait speed during
the 6MWT and daily life highlights the critical need to assess
patients in their natural environments, rather than relying
solely on performance in artificial clinical settings. These
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findings, consistent with prior research, emphasize the eco-
logical validity of our approach. Continuous gait speed mon-
itoring could complement traditional 6MWT assessments
(typically performed at 3—-6 month intervals) by enabling
real-time detection of functional decline, potentially allowing
timely identification of deterioration between clinical vis-
its, in line with the Digital Mobility Outcomes framework
from the Mobilise-D consortium [7], [25], [23], [14], [18].
Mobility is already a clinically established outcome, with
the 6BMWT serving as the in-clinic standard. In the patient
population we are considering in the TOLIFE project [27],
[28], [29] (i.e., COPD), we aim to leverage wearable-derived
gait speed estimates as one of the driving factors for the early
identification of exacerbations. Ultimately, achieving this
goal requires continuous assessment seamlessly integrated
into patients’ daily lives. This work represents a significant
step forward in real-world gait speed monitoring, offering
promising implications for chronic disease management,
rehabilitation, and personalized healthcare. By combining
wearable sensors with machine learning, we demonstrated
the feasibility of unobtrusive and continuous mobility as-
sessment in daily-life settings. Future research should aim
to validate these findings in larger and more diverse popula-
tions, explore integration with other wearable technologies,
and generate clinically meaningful insights to support both
patients and healthcare professionals.

V. CONCLUSION

In this study, we developed and validated an analysis pipeline
to estimate gait speed from one to three wearable devices,
namely smartphone, smartwatch, and sensorized shoes, that
is robustly designed without subject-specific calibration and
with improved handling of new datasets and variable data
inputs. In real-world monitoring over two weeks in 34 COPD
patients, estimated gait speed showed a strong correlation
with clinical GBMWD (Spearman coefficient = 0.854, p-value
= 1.38e-10), offering a valuable complement to traditional
in-clinic assessments and potentially reducing the burden of
resource-intensive clinical evaluations. Limitations included
a high rate of false positives in walking-period detection
in some scenarios, particularly with the smartwatch, which
often misclassified stair climbing as level walking; never-
theless, its non-invasiveness and ease of use yielded the
largest amount of collected data, highlighting its potential for
long-term monitoring. Overall, these findings demonstrate
the potential of wearable-based gait monitoring for remote
patient management, enabling passive, continuous estimation
of gait speed without patient intervention. Future work will
focus on improving activity-recognition algorithms, by ac-
quiring new datasets or integrating existing public datasets to
improve robustness across manufacturers, sensor placements,
and environments, expanding validation by extending the
monitoring period and including larger, more diverse popula-
tions, and integrating these solutions into clinical workflows.
Notably, while our current device selection is a first example,
the framework is designed to accommodate additional de-
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FIGURE 8: Confusion matrix over CV folds for phone (A),
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FIGURE 9: Confusion matrix over CV folds for only phone
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vices over time, expanding the scope of real-world mobility
monitoring and clinical applicability.

APPENDIX I: DETAILED VALIDATION PERFORMANCES
The confusion matrices for Dataset A are presented in Figure
8, while those for Dataset C are shown in Figure 9. Addition-
ally, the precision, recall, and F1-score metrics for Dataset C
are reported in Table 6.
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TABLE 6: Performance Metrics on External Validation for Activity Recognition

Device Resting Level Walking Stair Climbing
Precision Recall FI Precision Recall FI Precision Recall FI
Smartphone 0.9740.062 | 0.8540.042 | 0.9040.029 | 0.97+0.032 | 0.914+0.097 | 0.9340.051 | 0.59+0.223 | 0.92+0.046 | 0.694-0.173
Smartwatch |0.93+0.120 | 0.8140.070 | 0.86+0.064 | 0.90+0.068 | 0.68+0.272 | 0.754+0.227 | 0.29+0.114 | 0.7440.185 | 0.40+0.097
Shoes 0.98+0.051 | 0.844-0.059 | 0.9040.033 | 0.97+0.018 | 0.9940.015 | 0.984+0.010 | 0.92+0.071 | 0.994+0.010 | 0.954-0.039
Smartphone
and 0.984+0.052 | 0.7940.076 | 0.8740.044 | 0.92+0.029 | 0.9840.021 | 0.8540.017 | 0.75£0.128 | 0.68+0.173 | 0.694-0.107
Smartwatch
S;r:grgﬁg;te 1.00£0.000 | 0.8240.068 | 0.90+0.042 | 0.96£0.026 | 0.9940.006 | 0.98+0.013 | 0.8440.086 | 0.994+0.003 | 0.91£0.051
S;;lsréziz:sh 0.9940.001 | 0.794-0.086 | 0.8840.056 | 0.96+0.024 | 0.9940.013 | 0.9840.016 | 0.83£0.112 | 0.994+0.005 | 0.904-0.068
All Devices | 1.0040.000 | 0.7740.091 | 0.87+0.059 | 0.9640.029 | 0.99+0.002 | 0.984-0.015 | 0.84-£0.100 | 0.994-0.014 | 0.91+0.059

The table reports values in the format [Mean=Estd].

Figure 10 reports all correlation and Bland-Altman plots
related to Dataset C.

APPENDIX II: SELECTED FEATURES FOR EACH DEVICE
For the phone the 16 selected features are: the standard
deviation and Shannon entropy of the accelerometer on the
X-axis; the range and Shannon entropy of the accelerometer
on the Y-axis; the mean, standard deviation, Shannon en-
tropy, range, and number of peaks of the accelerometer on
the Z-axis; the mean, range, and mean crossing rate of the
orientation azimuth; the mean, range, and peak frequency of
the orientation pitch; and Shannon entropy of the orientation
roll. For the watch the 8 selected features are: the standard
deviation, range, and Shannon entropy of the accelerometer
on the X-axis; the standard deviation, root mean square, and
Shannon entropy of the accelerometer on the Y-axis; and the
standard deviation and Shannon entropy of the accelerometer
on the Z-axis. For the left shoe the 13 selected features consist
of: the mean and number of peaks of the accelerometer on
the X-axis; the mean, standard deviation, range, and Shan-
non entropy of the accelerometer on the Z-axis; the mean,
standard deviation, and number of peaks of pressure sensor
1; the mean and Shannon entropy of pressure sensor 2; and
the mean and number of peaks of pressure sensor 3. For the
right shoe the 16 selected features include: the mean and root
mean square of the accelerometer on the X-axis; the mean
and Shannon entropy of the accelerometer on the Y-axis;
the mean, standard deviation, range, and Shannon entropy
of the accelerometer on the Z-axis; the standard deviation,
range, and Shannon entropy of pressure sensor 1; the mean
and standard deviation of pressure sensor 2; and the standard
deviation, root mean square, and Shannon entropy of pressure
sensor 3.
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