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Abstract
Background: Freezing of gait (FoG) is a complex, frequent, and disabling motor symptom of Parkinson’s disease (PD).

Wearable technology has the potential to improve FoG assessment by providing objective, quantitative, and continuous

monitoring.

Objective: This study aims to develop a robust FoG detection algorithm that can be embedded in a simple and unob-

trusive wearable sensor system and can lead to a reliable unsupervised home assessment.

Methods: Twenty-two subjects with PD and FoG were enrolled, equipped with four inertial modules on the ankles, back,

and wrist, and asked to perform different tasks. Feature-driven and data-driven machine learning approaches were imple-

mented, optimized, and evaluated. Further testing was conducted on two external datasets including a total of 545 FoG

episodes.

Results: Sixteen subjects experienced FoG, providing a total number of 101 FoG events. Results demonstrated that a single

sensor on the ankle, with an adequate algorithm of data analysis based on machine learning, can provide a non-invasive

approach for accurate FoG detection. The model proved robust on the independent datasets, with 88–95% FoG episodes

correctly detected. Interestingly, while FoG can be easily discriminated from walking, static positions, and postural transitions,

turning represents a significant challenge. The high number of false alarms still represents the main limitation of the FoG rec-

ognition algorithms.

Conclusions: The collected dataset includes data from different sensors at different body positions. This, together with

detailed labeling of tasks, activities, FoG episodes and their severity, can be a significant contribution to research on auto-

matic FoG detection and characterization.
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Introduction
Parkinson’s disease (PD) is the second most common neurode-
generative disease, with over 10 million people affected in the
world.1,2 One of the most disabling PD symptoms is freezing of
gait (FoG), which is a relevant cause of gait impairment,
instability, and falls. Management of FoG is an unmet need.
It is often poorly recognized because of its episodic nature,
the variability of triggering situations, and the reporting bias
of patients and caregivers.3,4 Difficulties in reliable assessment
and monitoring of FoG have hampered the research on the
intricate pathophysiology of FoG, particularly its management.
Pharmacological treatments for FoG are limited to those asso-
ciated with off and wearing-off states.3,5 Administration of cues
with different sensory modalities (e.g., auditory, visual, pro-
prioceptive) can be used to prevent/reduce FoG episodes.6

However, continuous external cueing may compromise effi-
cacy, while personalized on-demand cueing (i.e., stimulation
upon FoG detection) has proved effective in reducing FoG dur-
ation in both supervised laboratory experiments and unsuper-
vised daily life.7 The current standard for FoG assessment,
both in clinical and research settings, is based on validated
questionnaires, which are limited by recall bias and can only
capture in general the severity of FoG episodes during an
extended period of time.8,9 Moreover, FoG questionnaires are
considered not adequate as an outcome measure for clinical
trials due to their low accuracy in detecting changes in FoG fre-
quency and severity.10,11

In this context, wearable inertial sensors have been
employed in research settings to detect the presence of
FoG episodes.12–14 Although wearable devices hold
promise for low-cost data acquisition, the information they
generate requires processing to extract clinically meaningful
information. Consequently, the large volume of data can be
effectively managed by applying artificial intelligence and
data analysis methodologies. In particular, machine learning
(ML) has emerged as a key component in the creation of
remote monitoring systems based on wearable devices. ML
algorithms offer the ability to examine sensor data, enabling
the extraction of valuable insights or the revelation of hidden
patterns in a semi-automated manner.15 Feature-driven ML
relies on the extraction and selection of relevant features
from the input data.16 These features are carefully crafted
and chosen based on domain knowledge and understanding
of the problem at hand. In essence, the success of feature-
driven approaches heavily relies on the expertise of human
practitioners in identifying the most informative aspects of
the data,17,18 although many libraries exist that can automate
feature extraction and selection processes on time series data
(e.g., tsfresh19 or tsflex20). In contrast, data-driven deep
learning (DL) harnesses the power of artificial neural net-
works to automatically learn hierarchical representations dir-
ectly from the raw data. In this paradigm, the model
autonomously discovers intricate patterns and features
during the training process.21 DL methods, such as

convolutional neural networks (CNNs), recurrent (e.g.,
long short-term memory – LSTM, gated recurrent units –
GRU) and Transformer neural networks, are particularly suit-
able for capturing complex relationships within large
datasets.22

Recent advances in ML and DL have provided promising
results in automatic FoG recognition from wearable sensors
data.22–28 Furthermore, recent studies have explored the
importance of sensor placement, task-related factors, patient
preferences, and user acceptance in both laboratory and
unsupervised real-world applications to advance the detection
and management of FoG.26–30 Despite these advances, there
is a significant lack of consensus on the best procedures for
FoG detection, including variations in the number and types
of sensors used for data collection.22 In addition, there is evi-
dence of a paucity of publicly available datasets containing
FoG data. At present, only five public datasets exist.26,29,31–33

Some of these datasets include only accelerometer record-
ings, devoid of contextual information regarding activity
during FoG events.34 However, there is evidence that artifi-
cial intelligence algorithms may fail to generalize to new
tasks and activities.27 In this context, information on context-
ual activities (e.g., walking, turning, stopping) can provide
valuable insights into FoG detection errors and help to
better design training strategies. Moreover, few studies
have comprehensively evaluated the performance of FoG
detection algorithms on external and independent datasets.22

This gap is critical to realistically evaluate the performance
and generalization ability of these algorithms.35,36

The present study aims to collect a dataset with acceler-
ometers and gyroscopes strategically placed at various loca-
tions on the body. Careful identification of the beginning
and end of each FoG episode is ensured, and common activ-
ities are meticulously labeled to establish a contextual back-
ground for FoG manifestations. Feature-driven and
data-driven ML approaches are implemented and opti-
mized, and the effect of sensor location, sensor type, and
different activities is evaluated. The effectiveness of the
algorithms on external datasets is evaluated to assess their
generalization ability. Finally, a comprehensive evaluation
of FoG detection is conducted, including the analysis of
false positives and the calculation of prediction time and
detection delay for possible closed-loop automatic applica-
tion of cues to help subjects with PD to overcome FoG.

Materials and methods

Study design and participants
Twenty-two patients affected by idiopathic PD according to
the international Movement Disorder Society diagnostic cri-
teria, were enrolled in this study from two university move-
ment disorders clinics (University Hospital Trust of Torino,
Department of Neurosciences and Mental Health, Turin,
Italy; University Hospital Trust of Verona, Department of
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Neurosciences, Biomedicine and Movement Sciences,
Verona, Italy). Inclusion criteria were: (a) diagnosis of idio-
pathic PD,37 (b) H&Y score between 2 and 4, (c) daily
FoG episodes reported in the last month according with a
score of 1 on Question 1 and score ≥ 2 on Question 2 of
the New Freezing of Gait Questionnaire,38 (d) to be under
stable PD treatment for more than one month, (e) to be able
to walk continuously and independently (the use of walking
aids like a cane or a rollator was permitted) for at least
fifteen minutes, and (f) no dementia, relevant musculoskel-
etal, cardiovascular, psychiatric or other neurological condi-
tions that may have significantly affected the gait.
Participants were asked not to take their last medication
since the day before experiments, and so evaluated in the
morning in the so-called OFF therapeutic condition (> 12 h
since the last intake of dopaminergic drugs, avoiding pro-
longed release pills intake and/or removing patches the
night before the experiment when applicable). All clinical
evaluations have been conducted in the morning, and fol-
lowed by the data acquisition process.

All participants provided written informed consent prior
to their inclusion. The study received approval from the
institutional review boards and has been performed in
accordance with the Declaration of Helsinki. The study
received approval from the ethics committee for clinical
trials of the provinces of Verona and Rovigo (approval no

3670CESC), Italy and Città della Salute e della Scienza di
Torino (approval no 0086153), Italy.

Participants were asked to perform different tasks, with a
self-selected rest between them. They were instructed on
how to perform the task before data collection started.
Moreover, they were free to quit the experiments whenever
they wanted. Table 1 reports the tasks performed in this
study. Task 1 consisted of the timed-up-and-go test,
which requires the user to stand up from a chair, walk
back and forth for 10 meters, and sit in the same chair. In
task 2, the subject was asked to keep a static upright pos-
ition for one minute. Tasks 3 to 6 consist of a 10-meter
walking back and forth task with or without dual-task
and/or obstacles. Specifically, task 3 represents the standard
walking task. Task 4 included a passage through a doorway.

In task 5, a motor dual task was included, which required
patients to carry a glass full of water in their hand. Task 6
included a cognitive dual-task, in which subjects were
asked to count backward from 100 to 0 while walking.
Finally, task 7 involved 360-degree turns in both directions.

Instrumentation
Participants were equipped with four inertial measurement units
(IMU). Each IMU (Nordic Thingy 52 - NRF6936, Nordic
Semiconductor) is a compact device measuring 6×6 cm and
weighing 47 grams. The IMU integrates a 9-axis motion-
sensing module, which includes a 3-axis accelerometer, gyro-
scope and compass. It also has a Bluetooth low-energy inter-
face for data transmission and a power supply. In addition to
motion sensors, the device includes a microphone and
speaker, and humidity, temperature, pressure, gas, color and
light sensors. However, only the accelerometer and gyroscope
sensors were used in this study. The accelerometer presents a
settable full-scale ranging from ±2 g to±16 g and a sensitivity
of 4800LSB/g, while the gyroscope presents a settable full-
scale in the range ±250 dps to ±2000 dps. In this study,
IMUs were configured with the following settings: the full-
scale was set to ± 8g for the accelerometer and ± 2000dps
for the gyroscope; data from both sensors were recorded
with a sampling rate of 60Hz. These settings were chosen to
ensure accurate and reliable data collection for our application.
The data collection was performed using the wireless body area
network (WBAN) presented in Demrozi et al.39 and Turetta
et al.40 The WBAN utilizes an Android smartphone, which
has the capability to connect simultaneously to between one
and twelve standalone nodes. Additionally, the smartphone
can record video through its integrated camera, with the
video being synchronized with the nodes’ data streams.

The recorded data from each IMU were sent to a smart-
phone (Realme Pro 7), which served as a gateway for data
collection. An application running on the smartphone facili-
tated the data collection process. Furthermore, the same
smartphone application was utilized for simultaneous video
recording at a sampling rate of 30 frames per second (fps)
(Figure 1). The smartphone was placed in a specific, prede-
fined location to ensure consistent data collection across all
participants. This location was chosen to maximize the visi-
bility and capture of all FoG episodes. The recorded videos
were visually inspected in the subsequent data annotation
process, providing visual context to the sensor data. The
placement of the IMUs on the body is shown in Figure 2.
Two sensors were positioned on the outer part of the lower
legs, just above the ankles, while another sensor was placed
on the lower back at the level of L3-L5 vertebrae.

The remaining sensor was positioned on the wrist of the
most affected side. This sensor setup allowed for capturing
detailed motion data from specific body parts and synchron-
ize it with video footage, enhancing the accuracy and
context of the collected sensor data for further analysis.

Table 1. Tasks included in the experimental protocol.

Task ID Activity

1 Timed up and go test

2 Keep a static upright position for 1 minute

3 Walk back and forth for 10 meters

4 Walk back and forth for 10 meters with passage

through a doorway

5 Walking back and forth for 10 meters carrying a glass

full of water

6 Walking back and forth for 10 meters counting

backward

7 360 degree turn

Borzì et al. 3



To assess participants’ satisfaction with the system, the
Quebec user evaluation of satisfaction with assistive tech-
nology (QUEST) questionnaire was administered to partici-
pants.41 Specifically, a score between zero and five was
assigned to each item concerning the device, namely
comfort, weight, durability, adjustments, simplicity of use,
dimensions, effectiveness, and safety.

Clinical rating of FoG
Two neurologists (CAA, RAB) experts in PD and move-
ment disorders independently annotated activities and
FoG episodes based on an accurate visual inspection of
video recordings, according to a predefined, standardized
assessment protocol. The definition of FoG (i.e., inability
to produce effective steps) and types of FoG (i.e., start hesi-
tation, turn hesitation, FoG during turning, hesitation in

tight quarters, destination-hesitation or open space hesita-
tion) were selected according to the literature.42,43 The eva-
luators identified the exact start of the FoG episode as the
frame corresponding to the end of the last effective step pre-
ceding FoG; the end of the FoG episode was identified as the
frame corresponding to the first effective step after FoG. The
severity of FoG episodes was assigned with a score from 1 to
3, according to the following evaluation: 1: shuffling forward
with small steps, 2: trembling in place with alternating rapid
knee movements, 3: complete akinesia without limbs or
trunk movement. If multiple manifestations were observed
within the same FoG episode, the severity score was assigned
based on the most severe manifestation.44

Video recordings were resampled to 10 fps to ease the
annotation process and save time, by using a reduced
number of frames. It is worth noting that the sampling fre-
quency was selected to ensure a time resolution of 100ms in
activity and FoG identification. The Python video–annota-
tor software45 was used for annotating activities, FoG epi-
sodes, and FoG severity for each episode. The resulting
labeled data were exported in CSV format and subsequently
analyzed. In case of discrepancies in the identification of
start, end, or duration of FoG episodes, the two raters
were asked to meet and solve inconsistencies, providing a
final unique label for that specific episode. Specifically,
the discrepancy was identified in the following cases: (a)
one rater marked a FoG episode while the other did not
(b) there was less than 80% overlap between the episodes
identified by the two raters, or (c) a difference of more
than 0.5 s in the FoG onset was identified between the
two raters. In the remaining cases (i.e., episodes with highFigure 1. Data recording settings.

Figure 2. Sensor position and orientation.
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inter-rater agreement), the final FoG label in terms of FoG
onset and end was calculated as the average of the indica-
tions (onset, end) of the two raters. The inter-rater agree-
ment was calculated using the following metrics: (a)
intra-class correlation coefficient (ICC) calculated on the
number of episodes manifested by each subject; (b) ICC
on the percent time spent with FoG (%TF) computed
from each subject. In addition, agreement at recording
level was detailed for each of the discrepancies.

Data processing
Two approaches were implemented for FoG detection, con-
sisting in a feature-driven ML processing pipeline and a
more advanced data-driven DL algorithm. The two
methods differ for the pre-processing procedures and the
classification model. In the former case, feature extraction,
feature selection, and data augmentation are carried to
prepare data for input to the ML model. In the latter case,
the DL algorithm automatically extracts and selects the
most significant features, and performs classification in an
end-to-end fashion. For both approaches, data were pre-
processed as in Figure 3.

Data were filtered using a forth-order zero-lag
Butterworth band-pass filter with cut-off frequencies of
0.5Hz and 20Hz. This allows for removal of gravity and
low-frequency trends, and discards high frequency noise.
The filtered data were segmented using 2 s-long windows
with 75% overlap (0.5 s slide), resulting in a total of
11,280 sliding windows (observations). The window
length was selected following previous studies,35,46 while
the large overlap (small slide) has the advantage of provid-
ing high temporal resolution in FoG recognition. In add-
ition, isolated windows, i.e., windows classified as FoG/

non-FoG while adjacent windows were classified as
non-FoG/FoG can be safely discarded (i.e., by using
moving mean or majority voting). This is better explained
in Figure 4, where a FoG window completely overlaps
(grey area) with two adjacent non-FoG windows. This is
likely to represent a false positive.

The mean value was removed from each component of
each window separately. The generated dataset was split
into a training, validation, and test sets, with a proportion
of 0.5 (11 subjects), 0.25 (5 subjects) and 0.25 (6 subjects),
respectively. Additionally, each subset included at least one
non-freezer participant (e.g., 4 in training, 1 in validation
and 1 in test). The division was performed by matching sub-
jects in the three sets by age, H&Y, total MDS-UPDRS
part-III score, and FoG Questionnaire. Models were
trained and optimized on the training set, while perform-
ance was evaluated on the validation set. Specifically, the
selection of the classification model and its parameters,
the sensor location, and sensor type was based on the valid-
ation set (Figure 3). The best configuration (i.e., that

Figure 3. Schematic of the data processing steps.

Figure 4. Data segmentation process, consisting in dividing the

original signal into 2 s-long windows sliding with 0.5 s advance.

Borzì et al. 5



providing the best performance) was saved and used for
testing on the test set, which included new subjects who
were not previously assessed. Finally, the model was
further tested on two external datasets that included data
collected from different subjects in different conditions.
This allows us to assess possible over-fitting and obtain a
real estimate of the model performance and generalization
capability.

Feature-driven approach. Figure 5 schematically reports the
feature-driven processing pipeline. A set of features was
extracted from the segmented data.

All the pre-processing steps described below were based
on the training set and applied to the other sets, thus ensur-
ing independent sets. This is particularly important, as the
feature selection, normalization, and data augmentation
can generate biased results if carried on the entire dataset
prior to the training-test split. Each individual processing
step is described in the following.

Feature extraction. Table 2 reports the list of temporal
and spectral features extracted in this study. Features were
extracted from each sensor separately, and from all acceler-
ation and angular velocity components.

For each sensor, a total number of 15 time-domain fea-
tures were extracted from the preprocessed signals and 16
frequency-domain features were calculated from the fast
Fourier transform (FFT). Features were extracted from
each signal component (αx, αy, αz, ωx, ωy, ωz), providing a
total of 186 features. The additional 30 features derive
from the principal component analysis coefficients (36 in
total).

Feature selection. Features were selected using the
minimum redundancy – maximum relevance (mRMR)
algorithm.47 The algorithm works by selecting the relevant
features while controlling for the redundancy within the
selected features and is known to be effective in several
classification tasks. Based on the training set only, features

were ranked in order of importance, and the first Nf were
selected for the classification task.

Normalization. Feature scaling was performed to
uniform the different range of features. Range normalization
was employed, defined as in equation (1)

f ′ = f − f tmin
f tmax − f tmin

(1)

where f is the original feature, f tmin and f
t
max the minimum and

maximum values from the training set, and f ′ the normalized
feature.

Data augmentation. The number of FoG samples is
smaller than that of the other activities (e.g., walk, turn,
static postures), generating an unbalanced class distribu-
tion. The synthetic minority oversampling technique
algorithm48 was used for class balancing. It works by over-
sampling the minority class by generating artificial
samples obtained as a combination of the original real
samples. The over-sampling ratio was obtained as the
rounded value of r = Mt

mt , where Mt and mt correspond to
the number of instances in the most (non-FoG) and least
(FoG) represented class in the training set, respectively.
This ensures optimal class balancing in the training set
while keeping the validation/test data unchanged.
Moreover, this prevents bias in the results and allows for
accurate comparison between feature-driven and data-
driven approaches.

Training and classification. A random forest algorithm
was used for classification. It represents a well-known and
widely used algorithm that has provided top performance
in FoG detection.12,24 The Gini impurity index was set as
split criterion. Other model parameters such as the
number of estimators (i.e., decision trees), maximum
depth, maximum number of splits, and minimum leaf size
were optimized, as well as the number Nf of selected fea-
tures. The hyper-parameter optimization procedure was
carried using a grid-search approach on a stratified 40%

Figure 5. Overview of the feature-driven processing pipeline. FE: feature extraction; FS: feature selection; DA: data augmentation.
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of the training (evaluation set), fine-tuning model hyper-
parameters, and selecting those providing the best perform-
ance on the evaluation set.

Data-driven approach. The segmented data were input to a
CNN. This was selected as data-driven model due to its cap-
ability of learning high-level features from large data sets
while simplifying the training process and speeding up
the computation during inference.22,49

The implemented model architecture is schematically
represented in Figure 6. The CNN has two consecutive con-
volutional layers followed by a max-pooling layer. A third
convolutional block is followed by a max-pooling layer,
while the last convolutional layer is connected to a global
average pooling layer. The latter is fully-connected to a
dense layer, followed by the single output neuron.

Rectified linear unit activation function was used in all
layers except for the output, where a sigmoid activation
function determines the class probability. Dropout rate of
0.4 and L2 regularization of 0.001 were used in all layers
to prevent over-fitting.

The model was trained using a batch size of 64, maximum
number of iterations of 120, binary cross-entropy loss-function,
and area under the receiver operating characteristic (AUROC)
curve metric. Model weights were optimized with the adaptive
moment estimationwithweight decay algorithm,with an initial
learning rate of 8·10−3 andweight decay of 4·10−4. The hyper-
parameter optimization procedure was carried using a grid-
search approach on a stratified 40% of the training (evaluation
set), fine-tuning model hyper-parameters, and selecting those
providing the best performance on the evaluation set. To
avoidover-fitting, an early stop conditionwas set that quit train-
ing when a decrease in the validation loss of at least 10−3 was
not observed over 10 consecutive epochs. The optimized
hyper-parameters included the number of filters (min: 8,
max: 32, step: 8) and kernel size (min: 3, max: 11, step: 2)
for convolutional layers, pool size (min: 1, max: 4, step: 1)

Table 2. List of extracted features. Features were extracted from

each component (x,y,z) of each sensor (accelerometer, gyroscope)

at each body position (ankles, back, wrist).

ID Name Description

1 Mean Average value

2 Median Median value

3 STD Standard deviation

4 RMS Root mean square value

5 Range Range of values

6 Min Minimum value

7 Max Maximum value

8 Quantile1 25th percentile

9 Quantile2 75th percentile

10 Entropy Shannon entropy

11 AAVD Average absolute value of the first derivative

12 PCA Principal components analysis coefficients

13 Intensity Sum of the absolute values of the first

derivative

14 Energy Sum of the absolute value of the signal

15 Corr Correlation between accelerometer

components and gyroscope components

16 Loco-power Sum of the FFT in the frequency band 0.5–3
Hz

17 Freeze-power Sum of the FFT in the frequency band 3–8
Hz

18 Freeze-index Ratio of Freeze-power to Loco-power

19 Freeze-ratio Percentage of power in the 3–8Hz band
20 sPeak Value of the maximum FFT peak

21 sEntropy Spectral Shannon entropy

22 fEntropy Spectral Shannon entropy in the 0.5–3Hz
band

23 sKurtosis Spectral kurtosis

24 fKurtosis Spectral kurtosis in the 0.5–3Hz band
25 sSkewness Spectral skewness

26 fSkewness Spectral skewness in the 0.5–3Hz band
27 nPeaks Number of spectral peaks

28 fHarmonic Dominant frequency

29 wHarmonic Width of the principal harmonic

30 aHarmonic Area of the principal harmonic

31 pHarmonic Ratio of the height of the principal harmonic

and the average harmonics height

FFT: fast Fourier transform.

Figure 6. Schematic representation of the implemented one-dimensional convolutional neural network architecture.
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for pooling layers, and number of units (min: 8, max: 64, step:
8) for the dense layer.

External datasets
Two publicly available datasets29,31 were selected due to the
common sensor locations employed in the present study. In
O’Day et al.,29 seven subjects with PD (four men and three
women) were enrolled, with an average age of 58.4 ± 5.1
years and a disease duration of 10.1 ± 2.4 years. All seven
participants wore six IMUs on the tops of both feet, the
lateral side of both shanks, and the lumbar (L5) and chest
regions. Moreover, four of them were equipped with five
additional sensors on the head, wrists, and thighs.
Participants provided different walking sessions through a
turning and barrier course specifically designed to elicit
FoG. Each walking trial consisted of two ellipses and two
figures of eight around tall barriers. Participants completed
all trials OFF medication and OFF deep brain stimulation.
Accelerometer and gyroscope recordings were collected
with a sampling frequency of 128Hz, and video-recordings
were synchronized with the IMU system. The experiments
were carried out over 2 to 6 clinic visits separated by up to
44 months. A total of 89 minutes of data were collected
and 211 FoG episodes were identified, accounting for 24%
of the total recording duration.

In Guo et al.,31 twelve subjects with PD (six men and
six women) were enrolled, with an average age of 69.1 ±
7.9 years and a disease duration of 9.3 ± 6.8 years. All
participants wore three IMUs on the lateral side of both
shanks, and the lumbar (L5) region. Participants provided
different gait tasks designed to trigger FoG, including
rapid turning, approaching obstacles, and walking into
narrow spaces. Participants completed all trials OFF
medication. Accelerometer and gyroscope recordings
were collected with a sampling frequency of 500 Hz.
Additionally, electroencephalographic signals were
recorded using a 32-channel wireless system. However,
these data were not used in this study. A video of each
walk was synchronized with the IMU system. A total of
222 minutes of data were collected and 334 FoG episodes
were idendified, accounting for 40% of the total recording
duration.

Data from the two external datasets were uniformed to
that of the present study. Specifically, data were resampled
to 60Hz, and axes orientation and unit of measurement
were adjusted to match the system configuration of this
study. Data underwent the same pre-processing (i.e., filter-
ing and segmentation) of the main dataset. The datasets
were employed as independent test sets, meaning that
their data were not included in the training or validation pro-
cedure. This allows one to get a real estimate of model per-
formance when tested on data from new unseen subjects,
collected using a different wearable sensor and under differ-
ent experimental procedures.

Performance evaluation
The performance of ML and DL methods was evaluated and
compared. Moreover, the effect of the sensor location, sensor
type, tasks, and activities was evaluated. Sensitivity (equa-
tion (2)), specificity (equation (3)), precision (equation (4)),
accuracy (equation (5)), and F–score (equation (6)) were
computed as follows:

sensitivity = TP

TP+ FN
(2)

specificity = TN

TN + FP
(3)

precision = TP

TP+ FP
(4)

accuracy = TP+ TN

TP+ TN + FP+ FN
(5)

F − score = 2 · sensitivity · precision
sensitivity+ precision

(6)

where true positives (TP) and true negatives (TN) correspond
to correctly recognized FoG and non-FoG windows, respect-
ively; false positives (FP) and false negatives (FN) represent
non-FoG windows classified as FoG and FoG windows clas-
sified as non-FoG, respectively. The F-score is computed as
the harmonic mean of sensitivity and precision. It is preferred
to accuracy in the case of unbalanced data, because accuracy
can be misleading and often reflects high values simply for
the prediction of the majority class. In addition, the
AUROC was calculated, which measures the overall diag-
nostic capability of the prediction model. The classification
metrics were calculated by selecting the classification thresh-
old that minimizes the equal error rate. The latter represents
the point on the ROC curve where sensitivity equals specifi-
city. This is because a classification threshold of 0.5 is not
appropriate in the case of very unbalanced classes.

Statistical tests were conducted to identify significant
differences in the performance of different models (e.g.,
models trained with data from different sensors or combina-
tions of sensors). To this end, ROC metrics (true positive
rate and false positive rate) were calculated for each
model using fixed threshold values (i.e., from 0 to 1 with
0.01 increments). The Mann-Whitney U-test was used to
compare any differences in performance, with a statistical
significance level of 0.05.

In addition to the window-level performance evaluation
described above, episode-based performance was computed
as follows. Starting from the model outputs, consecutive
windows classified as FoG were aggregated to form a
FoG episode. The overlap between real and detected FoG
episodes was used to compute the following metrics. Real
FoG episodes in which no windows were classified as
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FoG were considered missed/false negatives (Figure 7). On
the other hand, FoG episodes detected by the model but not
corresponding to real FoG were considered false episodes/
false positives (Figure 8). The number of detected episodes
(Figure 9) was computed. In this case, the detection delay
was computed as the temporal difference (A) between the
FoG onset and the beginning of the detected FoG ( i.e.,
end of the first window classified as FoG). The proportion
of FoG episodes correponds to the proportion of detected/
real FoG episodes (C/B). Finally, predicted FoG episodes
(Figure 10) were identified as real episodes that were pre-
dicted before their actual occurrence. In this case, the pre-
diction horizon was computed as the temporal distance (A)
between the beginning of the detected FoG (corresponding
to the end of the first window predicted as FoG) and the
beginning of the real FoG episode (as identified by the

clinical raters). Again, the proportion of FoG episodes
detected can be calculated as C/B.

The experiments were performed on a computer with a
2.3GHz processor, 16GB RAM and 4GB GPU. Pre- and
post-processing were performed in Matlab (version
R2023a), while ML and DL model training and optimiza-
tion were carried out in Python (version 3.11.6), using
keras (version 2.12.0) with tensorflow backend (2.12.0)
and scikit-learn (version 1.2.2) packages.

Results

Demographic and clinical characteristics of the
sample
Table 3 reports the demographic and clinical information of
the subjects enrolled in this study.

Twenty-two participants (12 males and 10 females) were
included in this study, with a mean age of 71.3 ± 9.2 years,
disease duration of 10.8 ± 6.0 years, Hoehn and Yahr stage
of 2.7 ± 0.8 , Movement Disorder Society modified version

Figure 7. Missed episode of duration B.

Figure 8. False episode of duration C.

Figure 9. Detected episode. A: detection delay; B: true episode

duration; C: detected episode duration.

Figure 10. Predicted episode. A: prediction horizon; B: true

episode duration; C: detected episode duration.

Table 3. Demographic and clinical information of patients

enrolled.

Average STD Min Max

Age (years) 71.3 9.2 54 86

Disease duration (years) 10.8 6.0 4 25

H&Y 2.8 0.8 2 4

MDS-UPDRS part-I 17.3 4.6 10 27

MDS-UPDRS part-II 19.2 7.1 10 38

MDS-UPDRS part-III 38.7 14.4 18 69

FOG-Q 18.1 5.3 7 27

MOCA 21.3 3.8 15 29

FES-I 36.5 26.4 11 100

PDQ-8 14.2 6.8 3 29

STD: standard deviation; H&Y: Hoehn and Yahr stage; MDS-UPDRS:

Movement Disorder Society-unified Parkinson’s disease rating scale;

FOG-Q: freezing of gait questionnaire; MOCA: Montral cognitive

assessment; FES: fall efficacy scale; PDQ-8: Parkinson’s disease
questionnaire.
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of the unified Parkinson’s disease rating scale part I 17.3 ±
4.6, part II 19.2 ± 7.1, and part III 38.7 ± 14.4 (18–69),
FoG questionnaire 18.1 ± 5.3, Montreal cognitive assess-
ment 21.3 ± 3.8, fall efficacy scale international 36.5 ±
26.4, PD questionnaire (PDQ-8) 14.2 ± 6.8. Participants
were very satisfied with the wearable technology used for
data acquisition. Specifically, the total QUEST score
related to the devices was 38.2 ± 1.9 (min = 34, max =
40), with 40 being the highest score.

Data
Four wearable IMUs recorded three-axis acceleration and
angular velocity signals from both ankles, lower back,
and wrist, providing a total of 91.4 minutes of data. Figure 11
shows the total duration of each activity included in the experi-
mental protocol.More than an hour of gait was recorded, com-
prising a similar duration of walking and turning. Static
positions account for 18 minutes, where subjects were sit
(5 minutes) or in an upright position (13 minutes). A total of
5 minutes of postural transitions (i.e., stand-to-sit and
sit-to-stand) and 18 minutes of FoG were recorded.

From the total sample of twenty-two subjects, sixteen
(73%) experienced FoG during the experiments while six
(27%)didnot.Figure12reports thehistogramofFoGepisodes
duration. A total of 101 episodes were recorded, with a mean
duration of 9.2 s (median: 5.3 s, standard deviation: 16.9 s,

interquartile range: 2.6 s–11.6 s, range: 0.6 s–108 s). Two epi-
sodes lasted more than 100 s, and manifested during
360-degree turn in two patients with an Hoehn & Yahr of
4. FoG severity was balanced across classes, with approxi-
mately 30% of mild FoG, and around 35% of moderate and
severeFoG(Figure13).More than80%ofFoGepisodesman-
ifested during turning, with only 10% of start hesitations and
10% of FoG during straight-line walking.

Rater agreement
Raters 1 and 2 identified 125 and 99 episodes of FoG, respect-
ively. After resolving the inconsistencies, they finally agreed
in identifying 101 episodes. The ICC between the two raters
was 0.80 for the number of FoG episodes and 0.88 for %TF,
which show good-to-strong agreement between raters.50,51

Interestingly, rater agreement varied across tasks, with strong
agreement on the %TF during gait tasks (ICC = 0.80–0.92)
and significantly lower agreement in the 360-degree task
(ICC = 0.49). From the total number of video-recordings
(n = 130), both evaluators did not identify any FoG in 42.3%
of cases (n = 55). From the remaining recordings (n = 75),
the discrepancy in the total number of labelled FoG episodes
was identified in 66.7% of cases (n = 50). From the remaining
records (n = 25), a difference of more than 0.5 seconds in the
onset of FoG was identified in 56% of cases (n = 14). Of
these, there was less than 80% overlap between the episodes
identified by the two evaluators in 50% of the cases (n = 7).

It is worth noting that in some cases, especially during
turning, two different episodes of FoG occurred with a
very short free interval and without a clear resume of the
standard velocity and stride amplitude of patient’s gait.
After having verified these particular conditions, clinical
raters agreed to consider these episodes as a unique
episode of FoG as this was considered the best choice
from the clinical and algorithm training standpoints.

Figure 11. Total duration (min) of the different activities

included in the experimental protocol. FoG: freezing of gait;

Static: static postures, including stance and sit; PT: postural

transitions, including sit-to-stand and stand-to-sit.

Figure 12. Normalized histogram of FoG episodes duration.

Figure 13. FoG episodes severity (1: shuffling forward with

small steps, 2: trembling in place with alternating rapid knee

movements, 3: complete akinesia without limbs or trunk

movement).

10 Journal of Parkinson’s Disease 15(1)



FoG detection performance
From the total number of participants, eleven were used for
training and optimizing the ML models, five for validation,
and six for test. This approach ensured subject independ-
ence across sets, providing more realistic estimates of
model performance on unseen data. The training and valid-
ation sets did not significantly differ for age (70.8 ± 10.5,
68.2 ± 8.2, p = 0.25), Hoehn & Yahr stage (2.7 ± 0.9,
2.5 ± 0.6, p = 0.93), MDS-UPDRS-III (38.3 ± 13.1, 40.8 ±
18.8, p = 0.68) or FoG Questionnaire (18.9 ± 5.1, 20.8 ±
1.3, p = 0.67).

Table 4 reports the classification results of the feature-
driven (i.e., extracted features input to a random forest algo-
rithm) and data-driven (raw data input to a CNN)
approaches on the validation set. The results are expressed
in terms of mean and standard deviation over five iterations,
to account for the effects of random weight and bias initial-
ization across network layers. It is noteworthy that the
metrics (e.g., mean and standard deviation) were calculated
using the same data distribution for training, validation, and
test. Data from all sensors were used at this stage. The data-
driven DL model outperformed the feature-driven ML algo-
rithm in all classification metrics. Overall, the DL approach
provided an increase of 25.3% in F-score and 29.9% in
AUROC. This demonstrates the superior performance of
the data-driven approach, which automatically extracts
and selects salient features capable of accurately detect

FoG. It is worth noting that, despite very good performance
in terms of sensitivity, specificity and AUROC, the low
F-score indicates the difficulty in discarding false positives.

The effect of sensor location
Table 5 reports the classification performance of the data-
driven algorithm for different sensor locations. At this
stage, both acceleration and angular velocity signals were
used for the analysis. Individually, sensors on the ankles
were the best-performing, followed by the sensors on the
lower back and the wrist. Further combining the sensors
on both ankles, ankle and lower back, or ankle and wrist
did not provide incremental performance, compared to the
left-ankle only. The combination of all sensors provided
the best results, with a slight improvement over the
left-ankle sensor only. However, this performance improve-
ment was not statistically significant (p = 0.10). Thus, this
single-sensor approach can represent a minimally invasive
solution for FoG monitoring. It is worth noting the different
performance of left and right ankle may be due to the differ-
ent proportion of left and right turning directions.
Specifically, while the 360 degree-turn was executed both
clockwise and anti-clockwise, most 180 degree turns were
in the anti-clock direction. This suggests that, during
turning, the sensor placed on the internal leg (i.e., internal
side of the turning) better capture the FoG pattern.

Table 4. Classification results on the validation set.

Approach Sensitivity Specificity Accuracy F-score AUROC

Feature-driven (RF) 0.409 ± 0.026 0.816 ± 0.006 0.784 ± 0.007 0.229 ± 0.015 0.613 ± 0.014

Data-driven (CNN) 0.852 ± 0.022 0.855 ± 0.021 0.854 ± 0.022 0.482 ± 0.043 0.912 ± 0.019

RF: random forest; CNN: convolutional neural network; AUROC: area under the receiver operating characteristic curve.

Table 5. Classification results on the validation set based on sensor location.

Sensor location Sensitivity Specificity Accuracy F-score AUROC

All 0.852 ± 0.022 0.855 ± 0.021 0.854 ± 0.022 0.482 ± 0.043 0.912 ± 0.019

Left-ankle 0.840 ± 0.013 0.842 ± 0.015 0.842 ± 0.015 0.456 ± 0.026 0.924 ± 0.010

Both ankles 0.815 ± 0.044 0.812 ± 0.044 0.812 ± 0.044 0.412 ± 0.067 0.902 ± 0.034

Right-ankle 0.811 ± 0.031 0.813 ± 0.034 0.813 ± 0.033 0.409 ± 0.054 0.911 ± 0.014

Lower-back 0.701 ± 0.064 0.700 ± 0.065 0.701 ± 0.065 0.276 ± 0.064 0.774 ± 0.065

Wrist 0.607 ± 0.057 0.606 ± 0.055 0.606 ± 0.056 0.197 ± 0.033 0.638 ± 0.007

AUROC: area under the receiver operating characteristic curve.

Table 6. Classification results on the validation set based on sensor type.

Sensor type Sensitivity Specificity Accuracy F-score AUROC

Accelerometer 0.784 ± 0.022 0.781 ± 0.023 0.781 ± 0.024 0.362 ± 0.031 0.889 ± 0.013

Gyroscope 0.837 ± 0.014 0.838 ± 0.014 0.838 ± 0.014 0.451 ± 0.024 0.920 ± 0.008

AUROC: area under the receiver operating characteristic curve.
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The effect of sensor type
Table 6 reports the classification performance of the DL
model based on different sensor types. The results refer to
the sensor on the left ankle. The gyroscope sensor provided
significantly better results (p < 0.001). Overall, an increase
of 8.9% in F-score and 3.1% in AUROC were registered.
The comparison of Tables 5 and 6 shows that the acceler-
ometer did not provide any significant contribution to
FoG detection. The Mann-Withney U-test performed on
the ROC curves confirmed that the combination of both
sensors did not significantly improve classification perform-
ance (p = 0.21), compared to the gyroscope sensor alone.

Distinguishing FoG from various activities
Table 7 reports the classification performance in discrimin-
ating FoG from different activities. FoG can be easily dis-
tinguished from walking (AUROC 0.97), postural
transitions (AUROC 0.95) and static positions (AUROC
0.93). On the other hand, discriminating FoG from
turning represents a more complex task, proved by a net
decrease in F-score and AUROC. The higher F-score
observed when discriminating between FoG and postural
transitions may be due to the fact that transitions are less
represented than walk and static postures (see Figure 11).
The proportion of negative instances and thus of possible
false positives is reduced in this case.

Classification results on the test set
Validation and test sets did not significantly differ for age
(68.2 ± 8.2, 70.5 ± 7.6, p = 0.36), Hoehn & Yahr stage
(2.5 ± 0.6, 2.7 ± 0.9, p = 0.81), MDS-UPDRS-III (40.8 ±
18.8, 38.7 ± 16.4, p = 0.92) or FoG Questionnaire
(20.8± 1.3, 20.7± 6.4, p = 0.67). Table 8 compares the val-
idation and test performance. No significant change is
observed, with a slight reduction in AUROC and a consistent

increase in F-score. The latter can be a result of a different
class distribution among sets, with a larger FoG duration
in the test set. Specifically, the validation and test sets com-
prised 185 and 327 seconds of FoG, respectively. Overall,
the similar performance in the two sets proves the absence
of over-fitting and the good generalization capability of the
algorithm, which performs well on a new set of subjects. It
is worth noting that the results refer to the gyroscope
sensor placed on the left ankle.

Overall, 25% of episodes were predicted on average 2 s
in advance from FoG onset, 25% were detected at onset,
37.5% were recognized with an average delay of 1 s, and
12.5% were not detected.

As far as concerns false FoG episodes, 65.3% of the
recognized episodes were false positives. However,
23.4% of them represented isolated single-window epi-
sodes with adjacent non-FoG windows. The remaining
false FoG episodes had a mean duration of 2.7 s, which
is far lower than the mean duration of real FoG episodes
(9.2 s). False FoG episodes mostly manifested during
stance (46%) and turning (36%), while a small percentage
occurred during straight walking (4%) and postural
transitions (4%). This confirm the results reported in the
previous section, i.e., very good capability in discriminat-
ing FoG from walk and postural transitions, and more dif-
ficulty in distinguishing FoG from turns and static upright
positions. Specifically, false FoG episodes that manifested
during static positions were shorter (2 s on average) than
those occurring during turning (5.8 s on average). These
results demonstrate the challenging gait pattern during
turning, that can be confused with FoG.

Classification results on the independent datasets
Table 9 compares the FoG detection performance on the test
set and the two external datasets. Results refer to the

Table 8. Classification results on the validation and test sets. Results refer to the gyroscope sensor positioned on the left ankle.

Set Sensitivity Specificity Accuracy F-score AUROC

Validation 0.837 ± 0.014 0.838 ± 0.014 0.838 ± 0.014 0.451 ± 0.024 0.920 ± 0.008

Test 0.823 0.824 0.823 0.628 0.909

AUROC: area under the receiver operating characteristic curve.

Table 7. Classification results on the validation set based on different activities.

Activity Sensitivity Specificity Accuracy F-score AUROC

Walk 0.936 ± 0.008 0.936 ± 0.007 0.936 ± 0.007 0.801 ± 0.019 0.986 ± 0.003

Transition 0.908 ± 0.020 0.912 ± 0.020 0.909 ± 0.020 0.930 ± 0.015 0.948 ± 0.019

Static 0.879 ± 0.031 0.883 ± 0.025 0.882 ± 0.026 0.801 ± 0.041 0.934 ± 0.032

Turn 0.773 ± 0.008 0.769 ± 0.009 0.771 ± 0.008 0.687 ± 0.010 0.851 ± 0.008

Transition: sit-to-stand, stand-to-sit; Static: stand, sit; AUROC: area under the receiver operating characteristic curve.
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gyroscope sensor on the left ankle. It is worth noting that all
the sets include new subjects, who were never assessed
before by the model. Thus, all of them contribute to real per-
formance estimates in unseen data.

The sets differ for the subjects characteristics and the
experimental procedures, together with a different amount
of data. Specifically, the test set includes 6 subjects, with
a total of 14min of data (18% of FoG); the O’Day
dataset29 comprises 7 subjects, with a total of 89min of
data (24% FoG); the Multi-modal dataset31 includes 12 sub-
jects with 222min of data (40% FoG). Moreover, the set of
performed activities is different, with additional ellipses and
figures of eight tasks in O’Day et al.,29 and walking through
randomly placed obstacles in Guo et al.31 Indeed, the larger
proportion of turning may have affected the performance, as
previously discussed. Overall, AUROC decreases by 9.9–
10.7% in the external datasets. However, the F-score is con-
sistent, with 0.7% decrease in the O’Day dataset29 and
10.7% increase in the Multi-modal dataset.31

In the O’Day dataset, 9.2% episodes were detected at
onset, 26.2% were predicted on average 2.4 s before FoG
onset, 56% were recognized with an average delay of
1.3 s, and 5% were not detected. As far as concerns false
FoG episodes, 65.1% of the recognized episodes were
false positives. However, 61.4% of them represented
single-window episodes, which can be easily discarded.
The remaining false FoG episodes had a mean duration
of 1.8 s, which is far lower than the mean duration of
real FoG episodes (7.8 s).

In the Multi-modal dataset, 11.6% episodes were detected
at onset, 35.9% were predicted on average 2.1 s before FoG
onset, 30.6% were recognized with an average delay of 2.1 s,
and 12%were not detected. As far as concerns false FoG epi-
sodes, 39.6% of the recognized episodes were false positives.
However, 44.8% of them represented single-window epi-
sodes, which can be easily discarded. The remaining false
FoG episodes had a mean duration of 3 s, which is far
lower than the mean duration of real FoG episodes (8.2 s).

Table 9. Classification results on the test set and independent datasets. Results refer to the gyroscope sensor positioned on the left

ankle. The results refer to the performance on the entire dataset.

Set Sensitivity Specificity Accuracy F-score AUROC

Test (6 subjects) 0.826 0.825 0.825 0.632 0.909

O’Day dataset (7 subjects)29 0.740 0.741 0.740 0.625 0.810

Multi-modal dataset (12 subjects)31 0.765 0.765 0.765 0.739 0.802

Figure 14. Examples of timely detected FoG episodes and false positives. The grey area identifies FoG events. From left to right:

correctly detected FoG episode; false positive consisting of two consecutive windows; two isolated (single-window) false positives;

timely detected FoG episode.
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It is worth noting that the F-score is generally low in all
datasets, indicating a low precision value. To further inves-
tigate the relationship between sensitivity and precision, the
area under the precision-recall curve was calculated, result-
ing in 0.669, 0.593 and 0.748 in the test set, O’Day and
Multi-modal dataset, respectively. This confirms the diffi-
culty of combining adequate sensitivity with good
precision.

Figures 14 and 15 provide a visual representation of
some predicted and timely detected FoG episodes, along
with false positives. Data refer to the O’Day dataset. In
Figure 14, two correctly detected FoG episodes are
shown, along with three false positives.

Of these, one is made of two consecutive windows while
the others are isolated (single-window) predictions. The
latter can be discarded using some post-processing (e.g.,
majority voting over consecutive overlapped windows).
Figure 15 shows two predicted FoG episodes, with different
prediction horizons. As evident, FoG prediction starts
before the real FoG occurrence and lasts for the entire

FoG duration. On the other hand, the false positive is
made of six consecutive windows and can not be discarded
using post-processing techniques.

The results of the present study are in line with those of
the original authors of the O’Day dataset.29 When using a
single sensor for FoG recognition, the ankle-mounted
sensor performed best, with an AUROC between 0.60
and 0.80. This is in line with the AUROC of 0.81 obtained
in this study. It is worth considering that O’Day et al.29

trained and tested the model in a leave-one-subject-out val-
idation, whereas in this work the entire dataset was used as
an independent test. Regarding the Multi-modal dataset,31

the authors reported 0.756 sensitivity and 0.741 F-score
when they used three accelerometers placed on both
shins and lower back. This is in line with the 0.765 sensitiv-
ity and 0.739 F-score obtained in this study. However,
while Guo et al.31 trained and tested the model in a
leave-one-subject-out validation and used three sensors, in
this work the entire dataset was used as an independent
test and a single sensor was employed on the ankle.

Table 10. Classification results on the test set and independent datasets. Results refer to the gyroscope sensor positioned on the left

ankle. The results are expressed as the average (and standard deviation) of performance at subject-level.

Set Sensitivity Specificity Accuracy F-score AUROC

Test 0.814 ± 0.077 0.819 ± 0.076 0.818 ± 0.076 0.706 ± 0.145 0.884 ± 0.067

O’Day29 0.727 ± 0.061 0.729 ± 0.060 0.728 ± 0.060 0.525 ± 0.190 0.802 ± 0.064

Multi-modal31 0.775 ± 0.044 0.776 ± 0.044 0.776 ± 0.044 0.728 ± 0.105 0.848 ± 0.048

Figure 15. Examples of predicted FoG episodes and false positives. The grey area identifies FoG events. From left to right: predicted

FoG episode; false positive consisting of six consecutive windows; predicted FoG episode.
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Table 10 reports the classification performance on the
independent datasets, calculated at subject-level and
expressed in terms of mean and standard deviation across
subjects. The comparison of Tables 9 and 10 highlights
no evident difference in performance, in terms of sensitiv-
ity, specificity, accuracy, and AUROC. On the other
hand, the F score is influenced by the different evaluation
procedures. In particular, subject-level performance leads
to an increase of the F-score in the test set and a decrease
of the F-score in the O’Day dataset, while it shows
similar values for the Multi-modal dataset.

Discussion
Two independent raters meticulously annotated the begin-
ning and end of FoG episodes, reconciling any disparities
in counts, durations, and onset of FoG. Additionally, the
raters classified participants’ activities, encompassing
static postures, postural transitions, walking, and turning.
Overall, this annotation approach not only holds signifi-
cance for prospective applications in automatic activity seg-
mentation but can also contributes substantially to the
understanding of FoG characteristics. To ensure a compre-
hensive data collection process, a multi-sensor system was
deployed, comprising four IMUs equipped with 3-axis
accelerometers and 3-axis gyroscopes strategically placed
on the ankles, lower back, and wrist. This systematic con-
figuration enables the examination of each sensor’s contri-
bution, the identification of optimal sensor locations, and
the formulation of sensor combinations that optimally
capture FoG characteristics. Finally, participants underwent
various gait tasks under triggering conditions, including
motor and cognitive dual-tasks, negotiation of obstacles,
and execution of 360-degree turns. The complete dataset,
including the sensor data and both the final and intermediate
annotations from the raters, will be made open-source in a
dedicated publication, where the dataset will serve as the
primary outcome and enable future research.

The data-driven DL algorithm outperformed the feature-
driven ML algorithm. It is worth noting that the latter
(random forest) is a well-known algorithm, which has
proven robust in a large variety of tasks, including FoG
detection.12,52,53 Moreover, the features extracted in this
study were selected from similar works.23,54–56 Finally,
the processing pipeline comprised feature selection and
data augmentation, which demonstrated to improve per-
formance.57,58 The superior performance of the DL model
confirms the findings of similar recent studies, where a con-
sistent performance improvement was registered using DL
algorithms.26,27,36,59,60 Indeed, data-driven neural net-
works can find salient hidden patterns, and extract and
select the most significant features for the specific classifi-
cation task.

The combination of sensors on different positions
proved to be beneficial to the final performance.

However, the use of a single sensor on the ankle provides
similar performance to the combination of all inertial
modules, while reducing the complexity of the sensor
setup. Thus, this can represent a minimally invasive solu-
tion for accurate FoG monitoring. When using a single
sensor, the present results are in line with those of related
studies,29,59,61 suggesting that the ankle is the best position
for FoG detection. However, when using multiple body-
worn sensors, O’Day et al.29 found that the combination
of sensors on the ankle and lower back provides better per-
formance than the ankle sensor only. In Li et al.,59 the
ankle-mounted sensor provided similar performance than
the combination of ankle, thigh, and back. In Mesin
et al.62 the sensor on the ankle provided similar results
than the combination of sensors on the ankle and back.
The heterogeneity of sample, experimental procedures,
and findings does not allow to identify the best single-
sensor or sensor-combination setting. Furthermore, the
results need to be contextualized, as classification perform-
ance depends on several factors, including the size of the
dataset, the number of FoG events and the total duration
of the FoG, the number and heterogeneity of subjects, the
heterogeneity of the activities included, the pre-processing
steps and the model selection. Interestingly, the results of
the present study suggest that the performance achieved
by a single sensor mounted on the ankle is dependent on
the direction of turning. From the perspective of a general
FoG detection system, sensors on both ankles may
provide a more robust solution that is less sensitive to
turning direction.

At present, only few studies have evaluated the perform-
ance of unsupervised FoG detection methods in daily life. In
Mancini et al.,28 three sensors were positioned on both ankles
and the lower back, continuously recording data for a week.
In Salomon et al.,26 data were collected over 7 days using a
single device mounted on the lower back. Finally, in
Zoetewei et al.,7 two sensors placed on the shoes monitored
FoG and provided on-demand feedback. Again, lower limbs
and the lower back seem to be the preferred choice for con-
tinuous FoG monitoring in unsupervised settings.

The type of sensor affected the final performance.
Specifically, the gyroscope performed better than the acceler-
ometer. This is an interesting result, since some large and
commonly used datasets23,32,55 do not include gyroscope
recordings. It is worth noting that the results refer to the
sensor on the ankle, where wide rotational movements are
recorded during walking. Using a single sensor on the
lower back may provide different results, as high angular vel-
ocity values can be observed only during turning.

Few studies have compared the ability to distinguish
FoG from different activities, confirming that FoG can be
differentiated across different medication states and
FoG-provoking tasks.23,26,27,63 Consistent with these find-
ings, our results demonstrated that walking, static postures,
and postural transitions do not represent a major challenge.
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On the other hand, the gait patterns generated during
turning impaired classification algorithms performance, in
line with recent research.27 This is an important finding
and the topic for future studies, as most FoG episodes mani-
fest during turning.43 However, most studies grouped all
activities different from FoG to form the “non-FoG”
class, and few considered walking and turning activities
as part of the “gait” class. This study suggests that activities
should be better characterized. In particular, turning should
be better represented in the experimental protocols and
carefully labelled,26 as it may significantly affect detection
performance.

The results on the test set showed good generalization
ability, with similar performance to the validation set.
Moreover, the results at the episode level complemented
those at the single-window level. In fact, a sensitivity of
82% was obtained at the window level, but 94% of episodes
were recognized correctly. This shows that window-level
performance does not provide a complete picture of FoG
detection performance.

False positives still represent a major challenge in the
development of FoG recognition algorithms. In the
present study, a generally low F-score between 0.525 and
0.728 was found in the different datasets, together with an
area under the precision-recall curve between 0.593 and
0.748. This demonstrates the difficulty of achieving high
sensitivity and good precision. As the sensitivity increases,
so does the false alarm rate, to the point where precision can
be significantly impaired, compromising the ability to use
the algorithm in real-world contexts. Indeed, it is necessary
to reduce the number of false alarms, which can be annoying
for patients when applying on-demand cueing strategies in
daily life. Overall, it is clear that an acceptable compromise
between sensitivity and false-positive rate must be carefully
chosen. Furthermore, as the results suggest, post-processing
methods can be used to discard isolated false positives.
This can be done by applying majority voting on multiple
overlapping windows, thus detecting FoG only when a
certain number of consecutive windows are classified as
FoG. On the one hand, this will improve the precision of
the model. On the other hand, the sensitivity will decrease
slightly, the prediction horizon will be reduced and the detec-
tion delay will increase. These considerations highlight the
need for a careful evaluation of classification performance
at both the window and episode level in order to provide a
robust detection system that is ready to operate under real-
world conditions.

For the first time, we performed a comprehensive
cross-dataset test aimed at real performance estimation
of the FoG recognition model. Testing the model on
two external datasets resulted in generally lower per-
formance in terms of AUROC. However, the rate of
FoG episodes detected and false positives were consistent
with those obtained on the main dataset. It is worth
noting that the datasets differ in terms of sample, sensor

setting, experimental procedures, and environment.
Furthermore, the precise methods for clinical labelling of
FoG episodes may differ in different datasets. Although
it is not possible to control for this difference,64 the
results obtained, in line with those of the original
authors, suggest a good ability to generalize to external
datasets.

In view of an online, closed-loop wearable cueing
system, real-time applications of the algorithm should be
explored. Recent studies have shown potential for reducing
FoG episodes, however, fast and lightweight algorithms are
still needed for real-time implementation on resource-
constrained devices such as wearables.7,65 In this context,
the DL model is light (35KB memory, 8.3K parameters)
and very fast (60 ms for classification of a single
window), and little pre-processing is needed (i.e., mean-
removal). Moreover, the small slide of 0.5 s ensures
timely data analysis and increases the possibility for
timely intervention. The results of the test set demonstrated
that more than half of FoG episodes were detected at onset
and even predicted few seconds before the actual occur-
rence. The remaining episodes were detected on average
after 1 s from FoG onset, and only 12% were missed.
These results put the basis for future on-device implemen-
tation of the DL model, which can timely trigger some
sort of somatosensory stimuli (auditory, visual, tactile).6,66

Although this study has provided valuable insights, there
are some limitations to acknowledge. Despite the number of
participants included in this study is higher than most FoG
datasets,29,31,32,55,67 the number of recorded FoG episodes
(101 FoG episodes) is reduced compared to 211 episodes,29

334 episodes,31 180 episodes,67 237 episodes,32 and more
than 1000 episodes23,26,55 registered in previous studies.
This is due to the designed experimental procedures, produ-
cing a total recording time of few minutes per subject.
Furthermore, of the twenty-two subjects enrolled in this
study, only sixteen manifested FoG. As FoG varies
widely between individuals, the design of a general detec-
tion system is challenging and limits the ability to draw
definitive results and make accurate comparisons. The use
of a more comprehensive dataset, such as DeFOG or tran-
scranial direct current stimulation (tDCS),26 could
improve results by enabling the application of techniques
such as transfer learning. Finally, the resampling of
videos at 10 fps, while improving the clinical rating in
terms of agreement and time, could have slightly affected
the precision of the exact moment of start and end of FoG
episodes, if compared to a video sampled at 30 or even
60 fps. In line with related works,29,31,32 subjects were
assessed in the OFF condition, to increase the probability
of FoG manifestation. This does not allow to assess the
effect of medication on the algorithm performance.
Interestingly, a recent study27 found that models trained
on a specific medication state can generalize to unseen
states. This study simulated free-living situations by
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asking patients to perform different tasks and activities.
However, free-living movements (e.g., daily activities) are
much more heterogeneous than those detected during stan-
dardized tasks. Moreover, the severity of FoG during
laboratory assessment does not necessarily represent that
of daily life.26 Finally, data from QUEST to evaluate
patients satisfaction with the devices is of limited generaliz-
ability due to the laboratory setting and the presence of
investigators who helped patients putting sensors on and
off. Therefore, future work should establish the reliability
of the proposed approach to data measured in free-living
situations or during the execution of complex real-world
activities, as demonstrated in May et al.68
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