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ARTICLE INFO ABSTRACT

Keywords: Freezing of gait (FoG) stands as one of the most debilitating symptoms of Parkinson’s disease
Parkinson’s disease (PD), occurring in more than half of patients with advanced PD. This condition manifests as
Freezing of gait a sudden blockage, significantly reducing the patients’ quality of life. To improve gait and

Wearable sensors
Deep learning
Edge computing

ameliorate FoG, cueing strategies involving audio, visual, or tactile stimulation have been
evaluated. In particular, on-demand systems that can automatically detect FoG and administer
cueing have emerged as promising solutions. In response, several wearable sensors and machine
learning-based approaches have been proposed for accurate FoG recognition. However, existing
techniques suffer from several critical challenges, notably suboptimal performance, and limita-
tions for real-time operation and edge deployment. Addressing these issues, this study presents
a groundbreaking advancement in real-time edge-based FoG recognition utilizing convolutional
neural networks (CNN). We designed an optimized model, rigorously evaluating it across 62
PD patients using a cutting-edge reference dataset, achieving an F1-score of 92% and an area
under the curve of 0.97. Further testing on an external dataset resulted in consistent detection
performance, while a lower specificity was observed. The CNN implementation on a cost-
effective processing device resulted in a 1 ms inference time and required only 6.3 KB of random
access memory (RAM) and 37.8 Kb of Flash memory, meeting real-time demands and enhancing
clinical applicability.

1. Introduction

Parkinson’s disease (PD) is a complex and progressive neurodegenerative disorder, characterized by a wide spectrum of motor
and non-motor symptoms, profoundly affecting the quality of life (QoL) of millions of people with PD (PwPD) worldwide [1].
Among motor symptoms, freezing of gait (FoG) is one of the most disabling symptoms, affecting more than half of PWPD, producing
a higher risk of suffering more severe physical injuries [2]. FoG presents as an abrupt motor block, described as the feeling of
having the feet glued to the ground [3]. It manifests in different forms, including trembling legs, shuffling steps, or total akinesia
(i.e., loss of movement of the limbs or trunk) [4]. FoG episodes can vary in duration, ranging from very short episodes (1 s or less)
to longer episodes exceeding 10 s [5]. The number and duration of FoG episodes increase as the effect of pharmacological therapy
decreases [6]. In addition, certain activities and situations are known to trigger FoG manifestation, including turning, negotiating
obstacles, experiencing stress, and engaging in both cognitive and motor dual tasks [7].
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The current clinical evaluation of FoG is mainly based on questionnaires and controlled walking evaluations conducted in clinical
and laboratory settings [7]. However, the subjectivity and qualitative assessment of FoG during brief and sporadic medical visits
do not reflect the broad spectrum of FoG manifestations in daily life. FoG assessment represents a challenge mainly due to the
heterogeneity of FoG manifestations, the fact that FoG events differ significantly among individuals, and the low rate of FoG events
compared to activities of daily life under free-living conditions. Furthermore, variations in symptoms, disease progression, and
medication responses among individuals in the heterogeneous PD population contribute to these differences, presenting challenges in
establishing a standardized detection method [7]. Additionally, FoG episodes can occur under different pharmacological conditions,
further complicating the identification and prediction of these events [6,8]. The combination of these multiple factors makes the
accurate detection of FoG a formidable and intricate challenge.

On this wave, numerous technological solutions have emerged for the continuous and objective assessment of FoG, including
optoelectronic systems and RGB cameras [9]. However, these systems are expensive, require considerable set-up time, and are limited
to laboratory settings [10]. On the contrary, wearable devices that integrate inertial and/or physiological sensors have been widely
used in the context of FoG recognition due to their small size, low cost, low power consumption, and stimulation capabilities [11,12].
The inherent advantages of wearables make them suitable for real-world scenarios, seamlessly integrating into daily activities [13].
Wearables can serve as walking assistance systems that improve FoG and gait in PD. External stimuli, including auditory, visual,
and somatosensory stimuli, have been shown to be effective in improving gait and alleviating FoG [14]. However, the effectiveness
of continuous cueing tends to decline over time, due to possible problems with habituation and compliance [15]. On the contrary,
on-demand cueing approaches emerge as promising solutions, delivering stimulation only upon automatic detection of FoG. This
strategy has been shown to be effective in reducing the duration of FoG episodes and may even prevent their onset if predicted
before their occurrence [16]. Therefore, the critical need for accurate and timely recognition of FoG is emphasized to enable the
implementation of targeted and responsive interventions.

In such direction, several wearable-based methods to recognize FoG have been proposed [12]. Early approaches used threshold-
based methods on inertial data to identify increases in signal amplitude in the 3-8 Hz frequency band (freeze band) [17] or the
computation of the freezing index, defined as the ratio between the power in the freezing band and that in the 0-3 Hz frequency
band (locomotor band), that showed promising results in laboratory settings [18]. Subsequently, the advent of artificial intelligence
(AI), particularly machine learning (ML), has improved FoG recognition accuracy using support vector machines (SVMs), k-nearest
neighbors (k-NNs), and random forests (RFs) [19,20], achieving sensitivity and specificity in FoG detection up to 0.93 and 0.94,
respectively [21]. Nevertheless, the performance of ML models is strongly influenced by the selection of relevant features from the
recorded data [22,23].

On the other hand, deep learning (DL) methods have gained popularity due to their ability to automatically extract meaningful
information from raw data, revolutionizing data processing pipelines [24,25]. For instance, convolutional neural networks (CNNs),
recurrent neural networks (RNNs), transformers, and deep autoencoders have achieved remarkable performance in FoG recognition,
with sensitivity and specificity reaching 0.92 and 0.98, respectively [12,26]. Although most of these solutions were evaluated in the
laboratory, some incorporated simulated daily activities or unscripted tasks, such as random walking [27], vacuuming the floors
and emptying a dishwasher [28], brushing teeth, painting/drawing/erasing, and cleaning windows [29]. However, very few studies
have collected data in real scenarios and under unsupervised conditions, highlighting the complexity of accurate FoG detection in
everyday life [30-32].

Although advances in ML/DL have played a key role in facilitating the development of FoG recognition systems, there is still a
need to improve the computational efficiency of wearable systems, suboptimal performance, and overcome impracticality for real-
time and edge applications. Furthermore, the paucity of available data on PwPD experiencing FoG has exacerbated the challenges
in advancing the field of FoG detection methodologies [33,34].

2. Related work

Numerous studies have explored different methodologies and technologies to address the challenges associated with timely
and accurate FoG detection. This section provides an overview of recent significant works that used DL-based approaches for FoG
detection from wearable sensor data.

Yang et al. [35] equipped 12 PwPD with 5 inertial measurement units (IMUs), collecting a total of 530 FoG episodes. Raw data
were input to a temporal CNN that provided an F-score of 0.47-0.72, depending on the tasks, medication state, and stops. The
results evidenced that models trained on a specific task could not generalize to unseen tasks, while models trained on a specific
medication state could generalize to unseen states. O’Day at al. [36] recorded inertial data from 7 PwPD using 6 IMUs on the feet,
shanks, lower back and chest, collecting a total of 211 FoG events. Raw data were fed to a one-dimensional (1D) CNN. The best
results (area under the receiver operating characteristic-:AUROC of 0.83) were obtained using the combination of sensors on the
ankles and lower back. Sun et al. [37] exploited data augmentation techniques (rotation, flip, addition of random noise) to balance
the distribution of classes (FoG, non-FoG). A combination of manually selected features and deep features learned through a CNN
was proposed, providing an F-score of 0.89 on a subject-dependent validation approach. Performance deteriorated when a general,
subject-independent validation scheme was used. Huang et al. [38] equipped 12 PwPD with 5 IMUs on the ankles, legs, and lower
back, registering 334 FoG events. Multiple consecutive 0.5s-windows were used as input to a DL model (FoG-Net), which exploited
temporal information through attention mechanisms. The proposed model provided an F-score of 0.87 when processing the input
data from six consecutive windows.
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Shi et al. [39] equipped 63 PwPD with 2 ankle-mounted IMUs, recording 486 FoG episodes. Data were filtered, processed through
the continuous wavelet transform (CWT), and input to a 2D-CNN, resulting in an F-score of 0.92. Klaver et al. [40] analyzed inertial
data recorded using 7 IMUs on the lumbar region, upper legs, lower legs, and feet from a total of 80 PwWPD enrolled across multiple
studies, collecting a total of 1435 FoG episodes. Data were filtered and input to different DL architectures. The best results were
obtained using a 1D-CNN, providing an AUROC of 0.72 on the hold-out set (31 subjects) and 0.90 on the external test set (10
subjects). The challenges associated with cross-dataset testing were further investigated by Sigcha et al. [41]. Different DL algorithms
were trained and evaluated on three FoG datasets [18,36,42], all including accelerometer data recorded from the lower back. The
results showed that although good results were obtained in each individual dataset (AUROC 0.79-0.94), performance declined when
the models were trained and tested on different datasets (AUROC 0.65-0.82).

All of these studies contributed a novel approach to FoG detection and obtained promising results. In addition, they provided
insights into the effect of sensor position, tasks, activities, and medication. However, results were evaluated on a small sample of
7-12 subjects [35-38], hindering comprehensive assessment of the generalizability of the findings. Some studies evaluated FoG
recognition performance on larger datasets and performed cross-dataset testing [39-41]. However, none of them analyzed the
computational complexity or evaluated the algorithm on a stand-alone wearable device. In some cases [37,39], the computational
burden introduced by the data processing strategy (e.g., CWT computation, pre-processing, feature extraction, very deep neural
network) hinders real-time edge applications.

Camps et al. [43] analyzed the Rempark dataset, which includes 1058 FoG episodes recorded at home on 21 PwPD using a waist-
worn accelerometer. Data were processed using the fast Fourier transform (FFT), and two consecutive 2.56s-windows were input to a
1D-CNN, resulting in an accuracy of 0.89. Model complexity was evaluated in terms of the total number of parameters and memory
requirement. Sigcha et al. [44] evaluated a 1D-CNN with an attention mechanism (CNN-Transformer) on the Rempark dataset.
Temporal information was preserved by using a time-distributed layer comprising four consecutive 3.2s-windows. The proposed
model achieved an AUROC of 0.96, and complexity was evaluated in terms of the input size, total number of parameters, and
inference time. Borzi et al. [45] proposed a multi-head 1D-CNN for exploiting different spatial resolutions in the analysis of inertial
data. The model, evaluated on the Rempark dataset, provided an AUROC of 0.95 and an F-score of 0.83. Model complexity was
evaluated in terms of input size, total number of parameters, memory requirement, inference time, and number of floating-point
operations (FLOPs).

All these studies represent initial attempts to assess the feasibility of real-time implementation of the algorithms. However, in
some cases, the complexity of the model is high [43,44]. In addition, the experiments were performed on a personal computer,
which has much larger computational resources than a small wearable device. Toward this objective, real-time implementation of
the FoG recognition algorithm was carried out in [46-48].

Naghavi et al. [46] evaluated a CNN-based anomaly (one-class) detection approach (DGAD) on data recorded through 2 ankle-
mounted IMUs from 7 PwPD. The model provided a sensitivity of 0.63 and a specificity of 0.98. The algorithm was implemented in a
real-time FoG identification Android application running on a smartphone. Despite the high complexity produced by the combination
of six-axis input signals and six-layer CNN, the testing time was reduced (16 ms). Koltermann et al. [47] proposed a closed-loop
wearable system designed to treat FoG. The system consisted of 2 ankle-mounted IMUs streaming data to a smartphone for data
processing. When FoG is detected, the smartphone activates vibro-tactile cues administered to subjects’ feet. Data were filtered,
normalized, and input to a 1D-CNN, providing an F-score of 0.76 when evaluated on data from 11 PwPD with a total of 716 FoG
events. The model showed an inference time of 615 ms. A similar approach was proposed by Zoetewei et al. [48] to deliver auditory
cues through earphones. The system was validated in the lab on 31 PwPD, showing an intra-class correlation coefficient (ICC) of
0.70 with the clinical rating of FoG. The system was further validated over four weeks of monitoring and on-demand cueing [16]
on 63 PwPD. The results showed that the system significantly improved FoG by reducing the percent time spent with FoG (%TF).

These studies have taken a significant step toward real-time FoG detection and processing. However, computational complexity
and memory usage have not been reported. In addition, the proposed systems are based on sensors that transmit data to a smartphone
via Bluetooth, which may introduce transmission errors and communication delays. Finally, the developed model was evaluated on
a single dataset, which does not allow to demonstrate generalization to different scenarios and environments.

The present study aims to develop an edge-Al algorithm specifically designed for real-time implementation on low-power, low-
cost, and resource-limited wearable devices. These improvements are essential to enable real-time feedback as a therapeutic strategy
to mitigate FoG events and to advance the deployment of this technology in real-life scenarios. The DL model is deployed directly on
the sensor node, which functions both as data collector and as processing unit. This process speeds up computation and avoids the
use of additional hardware, simplifying the sensor system and eliminating potential data loss and time delays due to communication
errors between nodes. The main contributions of this study are based on the following strengths: (a) Comparison of classic feature-
driven ML approaches with a more advanced data-driven DL model; (b) optimization of the data processing pipeline and design
of a light and fast end-to-end DL algorithm that enables real-time implementation; (c) training and evaluation on a large and
heterogeneous dataset, including more than sixty subjects with FoG and more than a thousand FoG episodes; (d) Exhaustive subject-
independent validation and performance evaluation, calculated at sample-, episode-, and subject-level; (e) Test on an external dataset
with more than a thousand FoG episodes to evaluate generalization to diverse subjects, devices, experiments, and environments; (f)
Comprehensive estimation of on-device performance, including memory usage and inference time; (g) Comprehensive comparison
against state-of-the-art models, in terms of dataset, data preprocessing, validation method, recognition performance, and model
complexity.

The remainder of the paper is organized as follows. The proposed methodology, including datasets, pre-processing, DL model
implementation and training, validation approach, and performance evaluation, is given in Section 3. Results are reported in
Section 4 and discussed in Section 5. Conclusions are reported in Section 6, along with future work.



L. Borzi et al. Computers and Electrical Engineering 127 (2025) 110530

3. Material and methods

Fig. 1 describes the implemented FoG recognition pipeline. Starting from the original dataset (Section 3.1), data were pre-
processed (Section 3.2) and input to ML (Section 3.3) and DL models (Section 3.4). FoG recognition performance was computed
(Section 3.5) and compared among models. Finally, the on-device computational complexity of the best algorithm was computed
(Section 3.6).

Data preprocessing

— Calculate Segment- CNN model Performances R -
Scaling i : Inter- Precision, Recall, F1- ecognize
tDCS Undersample acceleration ation : Vs
128 Hz>32 Hz m > itud . subject Classical Score, Accuracy, EER, * FoG
dataset 278 b size validation AUROQC, Inference, RAM, « Non-FoG
vector Overlap size models Flash memory

Fig. 1. Implemented FoG recognition pipeline. CNN: convolutional neural network; EER: equal error rate; AUROC: area under the receiver operating characteristic;
RAM: random access memory.

3.1. Data

Main dataset: Among the available datasets that include FoG events, this study uses a dataset collected from a previous research
work that aimed to investigate the impact of transcranial direct current brain stimulation (tDCS) in FoG [49,50]. This dataset
comprises 71 PwPD with FoG, whose characteristics are provided in Table 1. This is by far the most comprehensive and extensive
FoG dataset, including the largest number of PwPD with FoG.

Participants undertook a FoG-provoking test in a controlled lab setting, involving three difficulty levels (i.e., single task, dual-
motor task, motor-cognitive task). Data were collected using IMUs attached to the participants’ lower back, recording acceleration
data at a sampling rate of 128 Hz. The study included assessments before and after tDCS administration or sham treatment in
different sessions, both On (under dopaminergic therapy) and Off (not under dopaminergic therapy). The FoG-provoking test
required participants to walk, turn in circles, enter a doorway, turn again, and return to a seated position. Each test was recorded
and annotated offline to identify FoG episodes using specific criteria. Instances with short duration or annotation difficulties were
reviewed by multiple evaluators. Our research is limited to analyzing a subset of the original data, consisting of 62 subjects, as
only these data were made available to the community through an open repository.' A total of 15.32 h of acceleration data were
recorded, including 1132 FoG episodes (4.75 h), accounting for 31% of total data. The mean FoG duration was 15.1s (median: 3.3s,
inter-quartile range-IQR: 1.6-8.5s). A detailed overview of FoG events distribution in terms of the cumulative distribution function
(CDF) and boxplot is presented in Fig. A.6.

External dataset: An independent dataset was employed in this study to test the generalization capability of the FoG detection
algorithm. The Rempark dataset [42] was selected due to several factors, including the large number of FoG episodes registered,
the environment (i.e., patients’ home), and the wide range of activities performed. Subjects’ demographic and clinical information
are reported in Table 1. Participants were asked to complete a set of scripted tasks, as well as free-living activities. These activities
included showing the researchers around their home, stand up and go test crossing through a doorway and turning back, walking
outdoors, and cognitive dual tasks (e.g., walking while carrying an object). In addition, a false-positive protocol was designed,
comprising activities in which the patient executed short and fast movements repeatedly whose inertial frequency content is similar
to a FoG episode. These activities included brushing their teeth, painting/drawing/erasing on a sheet of paper, and cleaning windows.
Data were collected using a single IMU attached to the left side of the waist, recording acceleration data at a sampling rate of 40 Hz.
Experiments were performed both On and Off. A total of 9.1 h of acceleration data were recorded, including 1058 FoG episodes
(1.55 h), accounting for 17% of total data. The mean FoG duration was 6.6s (median: 4.1s, IQR: 2.2-7.9s). A detailed overview of
FoG events distribution in terms of CDF and boxplot is presented in Fig. A.7.

Table 1
Demographic and clinical information of the subjects involved in this study.
Dataset Age Gender Disease duration FOG-Q MMSE UPDRS III
(years) (M/F) (years) ON (OFF)
tDCS 69.9 + 7.8 57/14 9.2 + 5.7 19.4 + 4.3 28.0 + 1.8 37.1 + 145
(43.1 + 16.9)
Rempark 69.3 + 9.7 18/3 9.0 + 4.8 158 + 4.1 27.8 + 1.9 16.2 + 9.7
(36.3 + 14.4)

FOG-Q: freezing of gait questionnaire; MMSE: mini-mental state examination; UPDRS: unified Parkinson’s disease rating scale.

1 Kaggle: Parkinson’s Freezing of Gait Prediction
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3.2. Pre-processing

The 3-axis accelerometer recordings (a,, a,, a,), originally expressed in =, were converted to g by dividing by the gravitational
acceleration. This allows the representation of most data in the [-1,+1] range Most of the energy content of motion data during
locomotion and FoG is in the 0-3 Hz and 3-8 Hz frequency band, respectively [17,51]. Therefore, the data were under-sampled
to 32 Hz. The under-sampling process produced a mean absolute error (MAE) of 9 mg, 6 mg, and 11 mg on the x, y, and z-axis,
respectively. This error, compared to an average acceleration range of 0.41 g, 0.41 g, and 0.35 g, corresponds to a percentage of 2.2%,
1.5%, and 3.1%. The small errors prove that under-sampling allows for maintaining a good signal representation while avoiding
unnecessary calculations, thus reducing memory usage and battery consumption [45]. Moreover, this avoids using additional low-
pass filters to remove high-frequency noise [40,47], which saves time and computations. The magnitude vector m was computed as
in Eq. (1), where i represents the i* sample. It allows for measuring the global movement intensity independently of the specific
sensor orientation.

m; = ‘/(a)z([ + ai + a%[) 1)

To prepare the data for input to the classification model, they were organized into a structure of dimension (m, w,,n.), where m
is the total number of windows, w; is the window size, and n. = 4 is the number of channels (i.e., 3-axis acceleration signals plus
the magnitude vector). Data were segmented using fixed-length windows with overlap. In order to select the best configuration, a
grid search was conducted on the window size (min: 1s, max: 4s, step: 1s) and overlap (min:0, max: 50%), and the performance
was evaluated for each combination. Majority voting was used to assign the windows to the most represented class (i.e., FoG if at
least 50% of samples were labeled as FoG, non-FoG otherwise). Finally, the mean values of each component were removed from
each window, as done in previous studies [13,45]. The same pre-processing was applied to the external dataset. In addition, the
order and direction of the axes were adjusted to match the sensor setting in the main dataset. A sample of raw data is shown in Fig.
B.8, along with the effect of each pre-processing step.

3.3. Machine learning pipeline

A classic ML pipeline was implemented to provide baseline results for FoG detection, including feature extraction and
classification. From the preprocessed data, a set of features was extracted from both the time and frequency domain. The extracted
features consisted of simple descriptive statistics and more advanced temporal and spectral measures, able to discriminate human
activities and to capture key characteristics of FoG (e.g., repetitive movements, amplitude, variations, regularity, complexity, energy
content).

Four well-known ML algorithms, namely logistic regressor (LR), linear discriminant analysis (LDA), decision tree (DT), and
RF, were implemented and validated. Internal model parameters were optimized using a grid-search approach. By systematically
exploring multiple combinations of parameters within a defined range, the optimal configuration for each model can be selected.
This avoids relying on arbitrary or guesswork-based parameter values but searches for the most effective hyperparameters.

The list of time- and frequency domain features extracted is provided in Table C.10, while the list of optimized parameters for
each model is given in Table C.11, along with the best values.

3.4. Deep learning model

A 1D-CNN was developed to provide a lightweight FoG detection algorithm tailored for real-time implementation on edge devices.
This decision prioritizes efficient performance for real-time deployment, in contrast to more complex models (e.g., transformers
or LSTMs), that typically require higher computational resources, which can limit their suitability for edge deployment. Fig. 2
schematically reports the implemented DL model.

The first convolutional block comprises two consecutive convolutional layers. A max-pooling layer with a pool size of 2 was used
to reduce the size of the feature maps while retaining essential features. A third convolutional layer is followed by a global average
pooling layer, that computes the average value of each feature map along the spatial dimensions, generating a one-dimensional map.
The latter is connected to a dense layer. Finally, the output layer comprises a single neuron with a sigmoid activation function.

The leaky rectified linear unit (LeakyReLU, Eq. (2)) activation function (a« = 0.1) was used in all convolutional and dense layers,
introducing non-linearity in the network.

{x ifx>0
LeakyReLU (x) = 2)
ax ifx<0

In addition, all weights were initialized using a random normal distribution. To reduce computation complexity, dilated
convolutions (dilation rate = 2) were used in all convolutional layers. This allows the network to have a larger receptive field
without increasing the kernel size and thus the number of parameters. To prevent overfitting, dropout layers were included after
each convolutional block, with a dropout rate of 0.4, 0.3, and 0.2 respectively. In addition, L2 regularization (/2 = 10~*) was used
in all layers.

Internal model parameters were optimized, including the number of filters and kernel size for each convolutional layer, and
the number of neurons in the fully connected layer. Specifically, the Hyperband method [52] was used to explore a wide set
of combinations, reported in Table 2. The algorithm is a bandit-based optimization method that combines random search with
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Fig. 2. One-dimensional convolutional neural network architecture.

Table 2
List of parameters and training settings tuned in the optimization process of the
convolutional neural network.

Parameter Search space

n. filters 4-n,n€[2,8]

kernel size 2-n+1,n€[2,6]

n. neurons in dense layer 2", ne[3,7]

batch size 2" n € [6,10]

learning rate a-107", a €[1,9],n € [1,6]
weight decay a-10™ a €[1,9],n €[1,6]

a successive halving strategy, aiming to efficiently allocate resources to promising sets of hyperparameter configurations. The
combination that provided the best F-score in the validation set was finally selected. The model was trained using the adaptive
moment estimation with weight decay (AdamW) algorithm, with g, = 0.9, g, = 0.999, and a maximum number of epochs equal to
200. To avoid overfitting, an early stop condition was set, terminating training if the validation loss did not decrease by at least
1073 for ten consecutive epochs. The optimization of the model weights was carried out using the binary cross-entropy loss function
and the precision-recall metric. Learning rate, weight decay, and batch size were optimized using a grid-search approach (Table 2).

The final CNN configuration includes 20 and 16 filters in the first two convolutional layers, with kernel sizes of 5 and 7,
respectively. The third convolutional block has 12 filters and kernel size of 9. The fully connected layer has 16 neurons. A batch
size of 256, a learning rate of 4- 1073, and a weight decay of 5-10~* were used to train the final model configuration. The resulting
model has a total of 4641 trainable parameters, with 4416 coming from the convolutional layers and 225 from the fully connected
layers. A detailed analysis of the effect of each parameter on model performance and complexity is provided in Figs. D.9-D.11 and
discussed in Appendix D.

3.5. Evaluation methodology

The overall evaluation methodology is shown in Fig. 3. Twenty-one subjects who did not manifest any FoG episodes were initially
filtered from the dataset. This resulted in a total of 41 subjects eligible for subsequent analysis. These 41 subjects were divided into
a training (50% subjects), validation (25% subjects), and test (25% subjects) set. The division was carefully performed to ensure
that each set contained subjects with similar total FoG duration, as described in previous research [49,50,53].

Specifically, subjects were ordered in descending order based on their total FoG duration. Subsequently, an alternating assignment
approach was employed, wherein subjects were consecutively allocated to either the training or validation-test set. This process was
then repeated for the validation-test set, further dividing it into the validation set and the test set. This resulted in 20, 10, and 11
subjects being included in the training, validation, and test subsets (see Fig. 3).

FoG recognition models were trained using the data from the training set and fine-tuned using the validation set. During this
process, close attention was paid to the training and validation losses to prevent the model from over-fitting. Once optimized, the
models were rigorously tested (Testing 1 in Fig. 3) on the independent test set, comprising new unseen subjects. It is worth noting
that the size of the test set is comparable to the entire dataset used in previous research [27,36-38,46], thus contributing to a
realistic performance estimation. An additional evaluation was conducted to further assess the model performance (Testing 2 in Fig.
3). The 21 subjects initially excluded due to their lack of FoG events were used as a separate, independent test group to evaluate
the model ability to discard non-FoG instances. Finally, the Rempark dataset was used as a separate external dataset for evaluating
the generalization capability of the algorithm to new sensing devices, activities, subject characteristics, and environments (Testing
3 in Fig. 3).

The number of true positives (tp) and false positives (fp), as well as true negatives (tn) and false negatives (fn), were calculated.
Subsequently, classification metrics were computed, including precision (Eq. (3)), sensitivity (Eq. (4)), specificity (Eq. (5)), accuracy
(Eq. (6)), and F1-score (Eq. (7)). The equal error rate (EER) and the AUROC were also determined. The EER represents the error
rate observed at the point on the ROC curve where the sensitivity equals the specificity. The AUROC gauges the overall diagnostic
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Fig. 3. Evaluation methodology over the main and external dataset.

capability of the model and corresponds to the area under the ROC curve. The value corresponding to the minimum EER was used as
a classification threshold to compute the performance metrics. The classification performance of the present study was compared to
those of related works in terms of sensitivity, specificity, and AUROC (when available). In addition, since sensitivity and specificity
values depend on the selected classification threshold, the geometric mean of sensitivity and specificity was computed (Eq. (8)).
This allows us to summarize the two evaluation metrics, penalizing situations in which one measure is much lower than the other.

- p
recision = 3
p P—— 3)

p
sensitivity = 4
Y tp+ fn )
specificity = p= -Il-nfp 5)
tp+tn
accuracy = ————————— 6
Y tp+tn+ fp+ fn ©
Fl 2 - sensitivity - precision %)
— score =
sensitivity + precision

geOMetriC,,,, = \/ sensitivity - speci ficity 8

To further evaluate the clinical validity of the classification model, the %TF was calculated as the percentage of the total time
spent by each subject in FoG compared with the total recording time. The %TF was calculated from both the clinical assessment
of FoG and the model predictions. The two measures were compared using Pearson’s correlation coefficient and relative p-value.
Finally, the absolute error between the true and the predicted measures was calculated. In addition to the window-level performance
assessment, results at episode-level were evaluated, as detailed in [44,45]. Analyses were conducted by aggregating consecutive
windows classified as FoG into episodes. The ability of the model to recognize FoG episodes was assessed by calculating the following
metrics.

(a) Percentage of predicted FoG episodes and prediction horizon. The former corresponds to the percentage of episodes predicted
before FoG onset. The second is the time interval between the prediction and the actual onset of FoG, expressed in seconds.
These metrics describe the capability of predicting FoG before actual occurrence, which can help avoid FoG manifestation [54].

(b) Percentage of FoG episodes detected and detection delay. The former corresponds to the percentage of episodes detected
after the onset of FoG. The second is the time interval between the onset of the actual FoG and the detected FoG, expressed
in seconds. These metrics evaluate the delay in FoG recognition. The shorter the delay, the earlier cueing strategies can be
activated, thus reducing the duration and severity of FoG [15].

(c) Percentage of missed episodes and their duration. The first corresponds to the percentage of real FoG episodes in which no
FoG was recognized. The second is the duration of these episodes (expressed in seconds). These metrics describe the overall
sensitivity of the model in FoG recognition. The number of missed episodes should be as low as possible. In addition, missing
long FoG episodes is more serious than missing short episodes.
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(d) Percentage of false episodes and their duration. The first corresponds to the percentage of episodes detected in which no real
FoG was present. The second is the duration of these episodes (expressed in seconds). These metrics measure the amount and
magnitude of false alarms. Both measures should be as low as possible, to avoid unnecessary and annoying activation of cueing
strategies, which can compromise patient compliance with the wearable system.

These measures were calculated both at group-level (i.e., on the entire set of subjects included in the different test sets) and at
subject-level (i.e., for each subject separately).

3.6. Edge testing

The 1D-CNN model was deployed on a wearable device to evaluate edge performance. Specifically, the Nordic Thingy:53* (Fig.
4) was used, consisting of an IoT prototyping solution tailored to streamline the creation of prototypes and proofs-of-concept,
eliminating the need for customized hardware. Its operational core lies in the nRF5340 system on chip (SoC), a dual-core wireless
module featuring two Arm Cortex-M33 processors. The Thingy:53 is powered by a rechargeable 1350 mAh Li-Po battery, integrates
a range of environmental (temperature, humidity, gas, air quality) and low-power 6-axis IMU. The device enables data collection
at a sampling rate spanning from 5 Hz to 200 Hz. Acceleration and angular velocity can be recorded with a settable full scale from
+2 g to +16 g (accelerometer) and from +125 dps to +2000 dps (gyroscope) with 16-bit resolution. The nRF Edge Impulse app®
provides the capability of deploying trained models on the Thingy:53 device, enabling real-time recognition capabilities. Data were
input according to the defined window size and overlap, to closely mimic real-world operating conditions. All operations, including
pre-processing and inference, were considered in the evaluation. Edge performance was computed in terms of accuracy, inference
time, peak RAM usage, and flash memory utilization for both the float32 and int8 data types, highlighting the model performance
before and after applying quantization techniques [55]. Quantization is a technique used to reduce the precision of numerical data,
typically by converting floating-point numbers to integers. This process involves representing continuous numerical values with
a limited set of discrete values. Moving from float32 (32-bit floating-point numbers) to int8 (8-bit integer numbers) is a form of
quantization that reduces the memory footprint of the data, leading to more efficient storage and computation. In addition, the total
number of parameters and the number of FLOPs required to predict a single window were computed.

2.4 GHz antenna Accelerometer and Gyroscope

Digital microphone
Color sensor e 8 P Humidity, temperature,

RGB LED —3 - SWF RF port pressure, gas sensor
nRF21540 FEM Low-power accelerometer
Buttons Buzzer Magnetometer
nRF5340 SoC nPM1100 PMIC
External NFC anntena Battery connector
P Memory connector Debug and current
s oy:ei: Programming and measurement connector
witc ! s
debugging connector USB-C connector
Extrenal boards
connector

Fig. 4. Nordic Thingy:53 device featuring two Arm Cortex-M33 processors (dimension: 5 cm X 5 cm X 2 cm, price: 65 $).
4. Results

In this section, we present the findings of this study, which involves a comprehensive evaluation of the methodology outlined
in Section 3 and the comparison of the CNN model with four traditional ML models.

The experiments were conducted on a computer equipped with a 2.3 GHz processor, 16 GB of RAM, and a 6 GB GPU. Pre-
processing tasks were executed using Matlab (version R2023a), while the training and testing phases were carried out in Python
(v3.11) utilizing the Keras and TensorFlow (v2.12) libraries. Furthermore, the CNN model was deployed on the Nordic Thingy:53
wearable device to assess its recognition accuracy and computational performance. Edge performance was computed using the Edge
Impulse framework. This tool simulates execution on the target device (Nordic Thingy:53), providing accurate estimates of inference
time, memory usage, and resource consumption.

4.1. Baseline results for FoG detection
Table 3 summarizes the performance metrics over the test set, including precision, sensitivity, F1-score, and accuracy for the

baseline models. The performance does not increase monotonically as the length of the window increases. On the contrary, a
maximum is observed around 2-3s. In addition, the overlap has a positive effect on the results. Overall, the configuration consisting

2 Link to Nordic Thingy:53 producer
3 Link to Android mobile App
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Table 3
FoG recognition performance from baseline machine learning models.
‘ LR ‘ LDA ‘ DT ‘ RF
window  overlap | pr se f1 acc | pr se f1 acc | pr se f1 acc | pr se f1 acc
1 sec 0 % 67.8 64.5 64.8 69.1 69.9 67.2 67.7 71.2 69.1 65.0 65.3 69.9 72.1 67.7 68.2 72.2
1 sec 50 % 67.8 64.2 64.5 68.9 79.6 72.3 73.4 77.2 68.7 65.3 65.6 69.9 79.3 72.2 73.2 77.0
2 sec 0 % 67.5 64.0 64.2 68.7 70.4 66.3 66.8 71.2 67.2 63.3 63.4 68.6 70.5 67.0 67.5 71.2
2 sec 50% 68.0 63.7 63.8 68.8 78.8 71.5 72.5 76.7 67.2 63.3 63.5 68.7 79.1 72.1 73.1 76.8
3 sec 0 % 67.5 63.6 63.7 68.6 70.2 68.0 68.5 71.5 67.5 63.5 63.6 68.7 71.6 68.0 68.5 72.1
3 sec 50 % 68.1 63.0 62.9 68.6 78.6 72.1 73.1 76.8 67.9 63.2 63.2 68.7 78.8 71.9 72.9 76.6
4 sec 0 % 66.2 62.3 62.3 67.6 70.2 67.9 68.4 71.5 66.2 62.0 61.9 67.5 70.3 68.6 69.1 71.7
4 sec 50 % 67.5 61.5 61.0 67.9 76.5 70.3 71.1 75.1 67.3 61.3 60.7 67.6 77.0 70.5 71.3 75.4

LR: logistic regressor; LDA: linear discriminant analysis; DT: decision tree; RF: random forest.
pr: precision; se: sensitivity; f1: f1-score; acc: accuracy.

of 2s-long windows with 50% overlap provided the best results in three out of four models. Moreover, the RF performed best, in
line with previous findings [20,21].

The original authors of the tDCS dataset [50] obtained 80.0% sensitivity, 82.5% specificity, and 86.6% accuracy. These are
superior to the top-performing results achieved by the baseline models listed in Table 3, with comparable sensitivity but significantly
better specificity (+10.4%) and accuracy (+9.8%). This may be due to several factors, including the different sensor configuration.
In particular, two additional sensors on the legs and data from the gyroscopic sensors were analyzed in the original study, but these
were not made publicly available. The additional data may significantly improve performance, considering that the sensors on the
ankles showed the best results in detecting FoG [36,56,57]. In addition, differences in pre-processing procedures (segmentation,
filtering, and feature selection) and classification model (SVM with radial basis function) may affect performance.

4.2. CNN results for FoG detection

Fig. 5 shows the CNN model performance in terms of the ROC curve (Fig. 5(a)) and %TF (Fig. 5(b)) over the test set. The model
shows a very good discrimination capability, with an AUROC of 0.966. Good values of sensitivity (true positive rate) and specificity
(1 - false positive rate) are observed for a wide range of classification thresholds. Specifically, increasing the threshold from 0.4 to
0.6 increases specificity from 88.2% to 93.7% and decreases sensitivity from 92.8% to 86.4%. The model operating point shown
in Fig. 5(a) (0.49) corresponds to the minimum EER and generates the results reported in Table 4. The %TF calculated from the
model prediction is very close to the true %TF calculated from the clinical labeling (Fig. 5(b)). More in detail, the absolute error
in the %TF quantification is < 5% in 36% cases, between 5% and 10% in 45% cases, and > 10% in 18% cases (median: 5.9%,
IQR: 2.4-8.6%). The two measures shows a strong linear relationship, quantified by a Pearson’s correlation coefficient of 0.98 (p <
0.001). Considering that the results refer to the test set, which includes previously unseen subjects, the model demonstrates high
clinical validity.
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Fig. 5. FoG recognition performance of the proposed model. Results refer to the test set.

Table 4 presents the CNN performance on the test set, obtained by using 2s-windows with 50% overlap. Comparing the results
with those reported in Table 3, it is evident that the CNN model outperformed all the classic ML algorithms, with improvements
of 19.1% in Fl-score and 13.9% in accuracy over the RF model. Moreover, the CNN model provided an improvement of 4.1% in
accuracy, 10.7% in sensitivity, 8.2% in specificity, and 2.6% in AUROC over the original method.

Nonetheless, it is worth noting that the classical ML approach requires the calculation of a specific set of features, unlike the
DL method, which relies solely on raw data. In this case, the only calculation required is that of the acceleration magnitude.



L. Borzi et al. Computers and Electrical Engineering 127 (2025) 110530

Table 4
Performance of the CNN model on the test set, along with the results from the original study. Down-arrows indicate better results
corresponding to lower values of performance metrics.

Study Accuracy Sensitivity Specificity Precision F1-score EER (%, |) AUROC
Original [50] 86.6 80.0 82.5 - - - 0.940
Present 90.7 90.7 90.7 93.8 92.2 9.26 0.966

EER: equal error rate; AUROC: area under the receiver operating characteristic.

Therefore, the latter approach achieves significantly better results and eliminates the need to calculate features, which would
otherwise introduce additional complexity and lengthen the model inference time.

The results demonstrate that the model can successfully identify 90.7% of FoG instances while maintaining a precision rate of
93.8%. These outcomes, coupled with a low EER of 9.26% and an AUROC exceeding 96%, attest to the robust performance of the
model and its ability to generalize effectively.

Finally, when testing the model on the 21 subjects initially excluded due to the lack of FoG events, the model achieved a
specificity of 95.4%. This corresponds to a total of 255 false positives registered in 3 h. However, most false positives (65%) were of
short duration (1-2s) and only 5% exceeded 5s. Discarding single-window FoG episodes (e.g., by detecting FoG only when at least
two consecutive overlapped windows are classified as FoG) improves specificity up to 97.8% (+2.4%). This corresponds to a total
number of 94 false alarms in 3 h, with a median duration of 2s. On the one hand, the high specificity demonstrates the capability
of the model to reject false positives correctly. On the other hand, the number of false alarms should be strictly controlled to avoid
additional burden for patients. An appropriate trade-off between sensitivity, precision and specificity should be carefully selected,
specific to each subject and in accordance with the clinical staff.

From the total number of FoG episodes in the test set (266), 17.3% were detected at onset, 22.2% were predicted on average 2s
before FoG onset (IQR: 1-3s), and 47% were detected with a median delay of 1s (IQR: 1-2s). The remaining episodes (13.5%) were
not detected. However, 44% of these not detected episodes were short (1-2s) and only 5% had a duration longer than 5s. Finally,
most false positives (62%) corresponded to isolated single windows (i.e., a window classified as FoG while the preceding and the
following windows were classified as non-FoG). The remaining false positives had a mean duration of 1.7s (IQR: 1-2s).

In summary, more than 85% of FoG episodes were detected early or within 1s of FoG onset, while the model hardly recognized
very short episodes. The number of false alarms is small, as evidenced by the high precision value. In addition, most of the false
positives relate to short time periods (e.g., a single window of 1-2 s), which can be easily discarded.

4.3. On-device performance

Table 5 presents the assessment of the CNN model performance in terms of inference time, peak RAM usage, and flash memory
utilization for both the float32 and int8 data types, highlighting the model performance before and after applying quantization
techniques [55]. Quantization effectively reduces the model memory requirements and computation time, making the CNN model
suitable for deployment on stand-alone wearable devices with limited resources.

The most precise configuration of the edge model achieved an inference time of 1 ms and utilized 6.3 Kb of RAM and 37.8 Kb of
Flash memory, using a 2-second window with 50% overlap. The average recognition performance was consistent across all training
and testing iterations, with accuracy, sensitivity, and specificity at 90.0%. The small variation observed between the on-the-edge
and server results in Table 4 can be attributed to the inherent randomness in the initialization of network weights during each
iteration. In accordance with the FoG recognition pipeline shown in Fig. 1, the only preprocessing steps performed before feeding
data into the CNN model (Fig. 4) were the calculation of the acceleration magnitude vector and data segmentation into overlapping
windows. These operations were implemented directly on the edge device using the Edge Impulse framework, ensuring lightweight
processing suitable for real-time inference. Practical tests on the physical Nordic Thingy:53 device showed stable behavior during
continuous operation. After deployment, the model ran in inference mode while maintaining a BLE connection with the Edge Impulse

Table 5
On the edge performance of the proposed model. Up/Down-arrows indicate better results corresponding to higher/lower values of
performance metrics..

‘ int8 ‘ float32
window overlap ram (|) flash (1) inference () acc (1) ram (|) flash () inference (1) ace (1)
(sec) (%) (Kb) (Kb) (ms) (%) (Kb) (Kb) (ms) (%)
1 sec 0 % 6.0 37.6 1 88.6 3.9 47.1 1 88.7
1 sec 50 % 6.0 37.6 1 89.4 3.9 47.1 1 89.8
2 sec 0 % 6.3 37.8 1 89.5 5.3 47.2 2 89.8
2 sec 50 % 6.3 37.8 1 90.0 5.3 47.2 2 90.0
3 sec 0 % 6.5 38.0 1 89.3 6.6 47.8 2 89.1
3 sec 50 % 6.5 38.0 1 89.5 6.6 47.8 2 89.6
4 sec 0 % 6.8 38.0 2 90.0 6.7 47.8 2 90.0
4 sec 50 % 6.8 38.0 2 90.0 7.9 47.8 2 90.0

ram: random access memory; acc: accuracy.
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Android app for over 6 h without any time holes or data loss. The battery level dropped from 100% to 47%, indicating a runtime
of approximately 12-13 h. Notably, this battery consumption includes continuous Bluetooth communication, which is known to
account for a large portion of the total energy usage. Longer runtimes are expected in offline scenarios or reduced communication
settings.

Overall, the evaluation of the edge model underlines the potential of on-device processing as a promising approach for FoG
recognition. From a clinical perspective, real-time FoG recognition with an inference time of only 1 ms allows for swift detection and
intervention on patients, improving their care and safety. From the perspective of daily living of the patient, this technology provides
a sense of security by promptly identifying FoG episodes, triggering stimulations to help overcome FoG [14,58], and improving the
overall QoL [12,13,19].

4.4. FoG detection performance at subject level

To evaluate the impact of subject-specific characteristics on FoG detection performance, performance were computed at subject-
level. Table 6 reports the results for each subject, expressed in terms of timely detected, predicted, detected, and missed FoG
episodes. The prediction horizon and detection delay are also provided, expressed in seconds. Finally, to contextualize the results,
FoG characteristics are provided for each subject, in terms of the total number of FoG episodes manifested, total FoG duration, and
%TF. A high heterogeneity is observed in FoG characteristics, with the number of episodes ranging from 5 to 54, and total FoG from
6 s (0.7% of the total recording time) to 2.1 h (94% of the total recording time). Detection performance shows generally good results,
with an average of 19% of episodes timely detected, 25.4% predicted, 39% episodes detected, and only 15.2% missed. The average
prediction horizon was 1.9 s (range: 1-3.5s), while the average detection delay was 1.4s (range:1-2 s). False positives, calculated
excluding isolated single-window detections, were generally low (range: 1-6). The only exception is represented by subject 3, where
31 false alarms are registered. Overall, a significant inter-subject variability is observed in detection performance. This suggests that
subject-specific thresholds should be used to optimize performance, maximizing prediction and detection rate and minimizing the
detection delay.

Subject-level specificity, calculated on the set of 21 subjects initially excluded from the analysis, ranged from 71.6% to 99.3%,
with an average value of 94.4% and a standard deviation of 6.5%. The average specificity at subject-level slightly differs from the
specificity calculated at sample level, due to the different duration of recordings in each subject.

Table 6

Performance of the CNN model on the test set. Performance is calculated for each subject separately.
Subject 1 2 3 4 5 6 7 8 9 10 11
Total recording time (min) 13.8 26.1 23.1 137.1 9.8 20.4 16.9 10.4 2.7 13.0 14.0
# FoG episodes 5 40 18 54 20 43 7 27 5 27 20
Total FoG duration (s) 6 1338 66 7730 88 201 18 111 31 335 542
%TF 0.7 85.3 4.8 94.0 15.0 16.4 1.8 17.8 19.4 42.8 64.6
# Timely detected episodes (1) 1 12 4 5 2 7 3 6 1 1 2
# Predicted episodes (1) 1 7 4 7 8 18 0 12 3 0 4
Average prediction horizon (s, 1) 2 1 1 2 3.5 2 - 1 2 - 3
# Detected episodes (1) 1 17 8 30 6 11 4 8 1 18 7
Average detection delay (s, 1) 1 1 1.5 2 1.5 1 2 1 1 1 2
# Missed episodes (1) 2 3 2 6 4 6 0 1 0 8 6
# FP (excluding isolated FP, |) 6 1 31 1 4 4 2 5 5 0 3
Average FP duration (s, |) 2.3 4.0 3.8 4.0 2.5 4.8 2.5 2.8 3.2 - 2.3

%TF: percent time spent with FoG; FP: false positive.
4.5. The effect of therapy

Cross-medication tests were conducted to evaluate the effect of therapy on detection performance. Table 7 reports the results
obtained when training the model with data from patients Off (On) and tested on data from patients On (Off) medication, as
previously done in [8]. In addition, further tests were conducted training the model with all available data and testing on data
from On and Off medications, respectively, as done in [35]. Table 7 shows that training the model on patients On and testing on
patients Off produces better results than vice versa. Specifically, a reduction of 3% in accuracy, 11% in F-score and 2% in AUROC
is observed in the second case. On the other hand, training the model with all available data and testing on data from patients On
therapy provide better results, as evidenced by an increase of 3%, 10%, and 1.5% in accuracy, F-score, and AUROC, respectively.

4.6. Generalization to external datasets

Table 8 presents the results obtained when testing the trained model on the external Rempark dataset. Performance is reported
using statistical measures (i.e., minimum, maximum, average, standard deviation) across all 21 subjects. The average percentage of
timely detected, predicted, detected with delay, and missed FoG episodes is 14.5%, 32.8%, 34.2%, and 18.2%, respectively. These
results are similar to that registered in the tDCS test set (19%, 25.4%, 39%, 15.2%). This proves the good generalization of the
model to new data, recorded from different subjects in different environments. On the other hand, the number of false positives and
their duration are significantly higher than that observed in tDCS test set. This can be partially explained by the longer duration
of experiments in the Rempark dataset, accounting for an average of 54 min per subject, compared to the 26 min in the tDCS. In
addition, a high variability in FoG characteristics (i.e., number and duration of episodes) and detection performance is observed, as
evident from the high standard deviation and range found in all metrics.
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Table 7
Results from the cross-medication tests. Performance refer to model trained on Off (On) data and tested on On (Off) data. Up/Down-arrows
indicate better results corresponding to higher/lower values of performance metrics.

Train Test Accuracy Sensitivity Specificity Precision Fl-score EER AUROC
set set %, 1 %, 1) %, 1) (%, 1) (%, 1) (%) m

On Off 88.1 88.1 88.1 84.7 86.3 11.9 0.954
Off On 85.0 85.0 85.0 67.6 75.3 15.1 0.933
All Off 87.8 87.8 87.8 72.7 79.5 12.2 0.953
All On 90.6 90.6 90.6 87.8 89.2 9.3 0.969

EER: equal error rate; AUROC: area under the receiver operating characteristic.

Table 8
FoG detection performance on the external dataset. Up/Down-arrows indicate better results corresponding to
higher/lower values of performance metrics.

Statistics Min Max Mean Std
Total recording time (min) 15.2 90.1 53.9 18.3
# FoG episodes 1 119 44.9 29.9
Total FoG duration (s) 3 957 335.2 220.5
%TF 0.1 27.1 11.1 7.0
% Timely detected episodes (1) 0 36 14.5 7.9
% Predicted episodes (1) 0 80 32.8 21.7
Prediction horizon (s, 1) 1 6 2.8 1.4
% Detected episodes (1) 0 100 34.2 22.5
Detection delay (s, |) 1 3 1.9 0.7
% Missed episodes (1) 0 54.6 18.2 17.0
# FP (1) 8 173 55.4 39.7
Mean FP duration (s, |) 2.3 12 5.5 2.1
Total FP duration (% recording, |) 1.2 22.7 8.3 4.8

FP: false positive.

4.7. Comparison with state-of-the-art approaches

The results of the present work were comprehensively compared with those of related studies. Specifically, Table 9 reports the
sample size, validation method, DL model, classification performance, computational complexity (i.e., total number of parameters
and FLOPs), and on-device performance (i.e., memory requirement and inference time) of state-of-the-art approaches models. The
information reported in Table 9 were sourced from the original publications.

Most studies evaluated the FoG detection algorithm on a sample of 7-22 PwPD, while a much larger population of more than
60 PwPD was only used in [39] and the present study. However, the model proposed in [39] presents suboptimal classification
performance. In addition, the computational complexity given by both the two-dimensional CNN and the data pre-processing and
transformation (i.e., CWT computation) methods hinders real-time edge implementations.

Although transformer-based models are gaining attraction, few studies have applied them to FoG detection [38,44], and their
generalization on imbalanced or limited accelerometer data remains unclear. While the tDCS dataset includes a relatively large
sample, transformers-based models such as vision transformers (ViT) typically require larger datasets to achieve state-of-the-art
performance. Also, their lack of translation equivariance and locality (key for time-series tasks) may limit their effectiveness in this
context [62]. This may partly explain the superior performance of our method, which was designed to address these domain-specific
challenges. Moreover, the higher computational and memory demands of transformer architectures pose practical challenges for edge
deployment.

As shown in Table 9, comparing results across studies is challenging due to differences in datasets and validation methods. LOSO
validation was commonly used in studies with less than 21 subjects, with a geometric mean (GM) of sensitivity and specificity ranging
from 0.79 to 0.89. Studies using a hold-out validation obtained a GM from 0.87 to 0.88, evaluated on a test set of 6-13 subjects.
Overall, the approach proposed in this study shows promising classification performance, with the best AUROC (0.97) and GM (0.91)
inferior only to [37] (0.92). However, it is worth noting that a subject-dependent approach was used in [37], which does not allow
the development of general models that perform well on new, previously unseen subjects [12]. This underlines the importance of
choosing appropriate validation strategies. Subject-dependent methods often lead to overoptimistic results on unseen data, whereas
subject-independent approaches (such as LOSO or subject-independent hold-out) are better suited for evaluating models intended
for real-world FoG detection, where the system must perform reliably across data from unseen subjects.

Unfortunately, most studies did not evaluate model complexity. Moreover, few studies reported inference times and memory
requirements. Finally, only one study comprehensively evaluated the computational load and testing time for real-time applications.
However, the experiments were limited to a personal computer [45]. Overall, the algorithm proposed in this study presents the
smallest number of parameters and FLOPs, and the lowest memory requirement and inference time.

This is the result of a processing pipeline designed to reduce computational burden and promote real-time implementations.
Specifically, the model requires the input of a single triaxial accelerometer, generating 3 channels. This represents a minimal
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Table 9
Comparison of classification performance and computational complexity between the present study and related works. Up/Down-arrows indicate
better results corresponding to higher/lower values of performance metrics. Best results are presented in bold type.

Study Sample Validation Model Performance (1) NP (}) FLOPs (-105, |) IT (ms, |) MU (Kb, 1)
size method
Camps et al. 21 Hold out 1D-CNN se: 91.9% 37121 0.337 - flash: 145
(2018) [43] test:6 sp: 81.5%
gm: 86.5%
AUROC: 0.880
Sigcha et al. 21 LOSO CNN- se: 87.1% - - -
(2020) [26] LSTM sp: 87.1%
gm: 87.1%
AUROC: 0.939
Bikias et al. 11 LOSO 1D-CNN se: 83% 43181 3.14 -
(2021) [27] sp: 88%
gm: 85.5%
Shi et al. (2022) 63 Hold out 2D-CNN se: 87.8% - - -
[39] test:13 sp: 86.4%
gm: 87.1%
Sigcha et al. 21 LOSO CNN se: 89% 87825 8.93 45
(2022) [44] Transformer sp: 89.1%
gm: 89.0%
AUROC: 0.957
Naghavi et al. 7 LOSO 1D-CNN se: 63.0 - - 16
(2022) [46] textbfsp: 98.6
gm: 78.8%
Borziet al. 21 Hold out Multi-head se: 87.7% 10834 0.399 43 flash: 55
(2023) [45] test:5 CNN sp: 88.3%
gm: 88.0%
AUROC: 0.946
O’Day et al. 7 LOSO 1D-CNN AUROC: 0.830 - - -
(2022) [36]
Sun et al. 10 Hold out 1D-CNN se: 86.2% - - -
(2024) [37] test:20% (SD) sp: 98.8%
gm: 92.3%
Huang et al. 12 LOSO CNN se: 74.5% - - - -
(2024) [38] Transformer sp: 87.3%
gm: 80.6%
Koltermann 11 LOSO 1D-CNN acc: 86% - - 615
et al. (2024) f-score: 76%
[47]
Borzi et al. 22 Hold out 1D-CNN sens: 82.6% 8300 - 60
(2025) [59] test:6 spec: 82.5%
f-score: 63.2%
AUROC: 0.909
Yang et al. 18 LOSO MS-TCN f-score: 77.1% - - -
(2025) [60]
Chen et al. 24 LOSO 2D-CNN sens: 89.2% - - -
(2025) [61] spec: 79.2%
f-score: 66.1%
Present 62 Hold out 1D-CNN se: 90.7% 4641 0.132 1 flash: 37.8
study test:10 sp: 90.7% ram: 6.3
external:21 gm: 90.7%
AUROC: 0.966

LOSO: leave-one-subject-out; SD: subject-dependent; CNN: convolutional neural network; LSTM: long short-term memory.
MS-TCN: multi-stage temporal convolutional network; se: sensitivity; sp: specificity; gm: geometric-mean; AUROC: area under the receiver operating characteristic; acc: accuracy;
NP: number of parameters; FLOPs: floating-point operations per second; IT: inference time; MU: memory usage.

sensor configuration compared to previous studies that employed 6-9 channels per device [27,38,43,46,47,59,60], which increased
to 18-42 channels when multiple devices were placed on different body positions [36,39,61]. A smaller number of dimensions
reduces the size of input data, controls model complexity, and speeds up computations. A reduced sampling rate (fs=32 Hz) was
used, compared with other studies (fs = 100-128 Hz [27,38,46,471), further reducing the size of the input data. The input data
consists of a single time window of 2 s. This time frame is shorter than most previous approaches (3—-4s windows [26,27,38,39]).
In addition, some previous works exploited multiple (2-4) consecutive windows to account for temporal relationships between
adjacent windows [26,43]. The use of a single short window contributes to light and fast data processing designed to promote
real-time implementations. The model requires minimal preprocessing of the data, including only mean removal and magnitude
calculation. Additional filtering, normalization, transformations (e.g., FFT [26,43], continuous wavelet transform [39], gramian
summation angular field [61]) or feature extraction were avoided to keep computational resources low and speed up calculations.
The designed 1D-CNN has 3 convolutional layers, dilated convolutions, global pooling and a single dense layer with a small number
of neurons. This represents a lightweight DL architecture compared to previous studies (5-8 convolutional layers [39,46], 2 fully
connected layers [26,43,46]). In addition, model parameters were controlled, with a reduced number of kernels (12-20) compared
to previous works (64-128 [26,27,38,46], or even more than 500 [39]). Finally, the use of dilated convolutions and global pooling
further controls the complexity of the model. The first method provides a larger spatial receptive field without increasing the number
of parameters. The second approach reduces the spatial dimensions of feature maps to a single value per channel, significantly
reducing the number of connections to the next dense layer.
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5. Discussion

An edge-Al algorithm was developed in this study for real-time recognition of FoG in PwPD. The proposed approach consists of
a fast and light 1D-CNN that process three-axis acceleration data recorded from a single wearable inertial sensor on the lower
back. The algorithm was comprehensively trained, optimized and evaluated on a large dataset with more than 62 PwPD and
1132 FoG episodes, and further tested on an external dataset with 21 PwPD and 1058 FoG events. Window-level and episode-
level classification metrics were calculated, and the effect of inter-subject variability, medication, and diverse environments and
activities was evaluated. Finally, computational complexity and inference time were carefully calculated by processing data directly
on a low-cost wearable device with limited resources.

Window-level performance was promising, with sensitivity, specificity, and precision over 90%, along with an AUROC of
0.97. When considering subject-independent approaches (i.e., generalized models), these results are superior to most previous
studies [12,33,34]. Episode-level performance demonstrated good-to-excellent performance, with 22% episodes predicted on average
2s before FoG onset, 17% episodes detected at onset, and 47% detected with an average delay of 1s.

The evaluation of the model on patients without FoG (non-freezers) resulted in a specificity of 95.4%, increasing to 97.8%
when discarding single-window FoG detections. This corresponds to a very high value, superior to most previous studies analyzing
supervised gait tasks or simulated daily activities (68% in [40], 81.5% in [43], 86.4% in [39], 87.5% in [38], 88.3% in [45],
89.1% in [44]). A few studies [30-32] evaluated FoG detection algorithms in real-life scenarios for an extended period of time (5
to 7 consecutive days). These studies evaluated the number of episodes, their duration, and the %TF in freezers and non-freezers.
They found that these measures were statistically different in the two groups. However, a significant number of false positives was
evidenced by an average %TF of 15% in non-freezers and 20% in freezers [30], 0.07% in non freezers and 0.11% in freezers [31], and
about 5% in non-freezers and 10% in freezers [32]. These results demonstrate that FoG detection algorithms applied to continuous
recording in daily life produce a significant number of false positives. Finally, when calculating specificity at subject-level, this study
highlighted heterogeneity among subjects, with specificity ranging from 72% to 99%. This suggests that subject-specific thresholds
should be selected to maximize performance and minimize patient burden.

Performance at group level (i.e., evaluated on the entire test set) were complemented with results at subject level, calculated
for each participant separately. When considering the average performance across subjects, the results of the two experiments were
consistent. This is evidenced by the similar values of the percentage of timely detected, predicted, detected with delay, and missed
FoG episodes, as well as the specificity calculated on non-freezers. However, subject-level analyses highlighted a wide heterogeneity
across subjects in the recording time, number of FoG episodes and their duration, and model performance. Nevertheless, a small
number of missed episodes and a low false alarm rate were observed in all test subjects. This shows that the model is robust to
inter-subject variability in gait and FoG patterns.

Cross-medication experiments were conducted to evaluate the effect of therapy on performance. The results demonstrated a
slightly better performance when training the model with On data and testing on Off data, in line with a previous work [8]. On
the other hand, when training the model with all available data, tests in Off resulted in a higher F-score, confirming previous
findings [35]. Overall, the results highlight the importance of including data from both On and Off medications to develop robust
recognition algorithms, as suggested in [34].

The generalization capability of the developed FoG detection model was evaluated on an external, independent dataset. This
included data collected in the patients’ home during semi-supervised and unsupervised activities. The results were consistent with
those obtained in the main dataset, with similar percentages of timely detected, predicted, detected with delay, and missed FoG
episodes. However, a large number of false alarms was registered, and these false positives lasted longer than those presented in
the main dataset. This can be partially explained by the intrinsic characteristics of the experiments. In particular, the duration of
records in the external dataset was doubled compared to the main database, which contributes to a large number of false positives.
In addition, the activities performed in the external dataset were weakly controlled, and also included activities specifically designed
to produce signals patterns similar to FoG (e.g., brushing teeth). Finally, it is worth considering that the two datasets were collected
using a different wearable device in a slightly different position (lower back and lateral waist, respectively), which can further
contribute to errors.

In addition, it is worth noting that patients in the two datasets were evaluated in both On and Off conditions. In the case of the
Rempark dataset, an additional “intermediate” class was included. Moreover, the clinical characteristics of patients differed in the
two datasets, with a different distribution of FOG-Q and UPDRS-IIL. This, together with varying pharmacological conditions, adds
complexity and heterogeneity to the data under evaluation. Despite these differences, the model proved robust, with comparable
results across different conditions, clinical characteristics, and heterogeneous gait and FoG patterns.

The developed DL model has an extremely low computational complexity (i.e., less than 5k parameters), compared to previous
studies (37k [43], 43k [27], 87k [44]). This is the result of designing a CNN with a few convolutional blocks and a single dense
layer with a small number of neurons. This, coupled with the use of global pooling and dilated convolutions significantly reduce
the total number of connections, improving computation time and memory usage. Performance and generalization capability were
maximized by exploiting dropout, regularization, training settings (e.g., stop conditions), and a robust validation method.

The FoG recognition algorithm provides nearly real-time detection, with 22% of episodes predicted on average 1.9s before FoG
onset, 17% detected at onset, and 47% detected with an average delay of 1s. This delay is in line with the findings from [48],
where a closed-loop wearable system was described. The results suggest that some episodes may be avoided by activating specific
cues before actual FoG manifestation. On the other hand, the detection is delayed in more than a half episodes. In these cases,
cueing strategies can only reduce the duration of FoG episodes, and may be ineffective for very short (<2s) events. In addition,
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majority voting strategies based on consecutive windows can enhance the robustness of the model and reduce false alarms. On the
other hand, this will introduce an extra delay in FoG recognition. This can be controlled by using a small slide/step (i.e., larger
overlap between consecutive windows), which allows for processing data more frequently (e.g., every 100-200 ms). A good trade-
off between temporal resolution, performance, and computational complexity should be carefully evaluated. In addition to these
technological considerations, subject-specific reaction time and effectiveness can significantly contribute to the real FoG treatment
efficacy. Although these aspects go beyond the scope of this study, it should be carefully considered in future clinical studies.

Few studies have evaluated the efficacy of a closed-loop wearable system in improving FoG. In [16], on-demand auditory cues
administered through a real-time system significantly reduced the %TF in patients with FoG, both On and Off medication. Patients
with on-demand cues presented a lower number of FoG episodes and smaller FoG duration compared to subjects without cues. It
is worth noting that the proposed system has an average detection delay of 1s [48], in line with the algorithm developed in the
present work. On the one hand, the current results have not been evaluated in a clinical study. On the other hand, the developed
edge-Al algorithm can minimize detection delay by avoiding data transmission to a smartphone (as done in [48]). In this case, the
device functions both as a sensing node and processing unit. If the same device is used also as an actuator for administering cues
(e.g., vibro-tactile stimulation [63]), technological delay can be further reduced.

The challenges of developing accurate FoG detection algorithms for real-world applications are magnified by the scarcity of
high-quality datasets that capture daily-life scenarios. Most existing datasets are collected in controlled environments or during
freezing-provoking tasks, which limits their generalization capability to unsupervised, real-life conditions. Furthermore, these
datasets often rely on precise ground-truth annotations, which are labor-intensive and impractical to generate for long-duration
recordings [59]. Weakly labeled datasets, where annotations are less granular or rely on higher-level event tagging rather than
precise temporal labeling, can represent a promising alternative for addressing these limitations. Continuous data collection in
remote, real-life settings can provide valuable insights into natural variations in movement patterns and contextual influences on
FoG. These datasets can be leveraged by semi-supervised or self-supervised ML and DL algorithms to learn robust representations
of FoG. These methods exploit large amounts of unlabeled data to improve performance. This allows for learning from more
representative datasets while minimizing the reliance on exhaustive manual annotation. Additionally, the inherent variability and
noise in real-world datasets can improve the robustness and generalization of algorithms, ultimately leading to more reliable FoG
detection in daily-life conditions.

5.1. Limitations

This study has some limitations. First, comparing different studies is challenging, as each study is designed based on a specific
dataset. The limited number of enrolled PwPD may undergo different activities, use different sensors, and have variations in sensor
placement, resulting in a lack of uniformity among studies. This further hampers the ability to draw meaningful conclusions and
make accurate comparisons among different recognition systems.

The analyzed dataset was collected in laboratory settings. Despite the well-structured experimental procedures, which included
different activities and gait tasks, testing on data collected in the home environment can provide more realistic results. To address
this issue, the developed model was further tested on an external dataset, which was collected in the home setting and included
semi-supervised activities. However, experiments lasted between 15 min and 1.5 h, and this fails to provide continuous recordings
over free-living activities in naturalistic environments.

Moreover, data from a single sensor on the lower back were analyzed. Such location is known to be comfortable and
acceptable for long-term monitoring [64]. On the other hand, the combination of multiple sensors can improve FoG recognition
performance [36]. It is worth noting that recording additional physiological signals, such as skin conductance and electrocardiogram,
may not provide incremental performance over inertial data [60].

Although the system showed a relatively low false positive rate, its impact on patient experience, including potential cue fatigue
and compliance over time, must be explored in future real-world studies. Evaluating the user experience with actual PwPD is essential
to fully assess the system’s practicality and to adapt cueing strategies accordingly.

Despite comprehensive evaluation of performance, computational complexity and inference time, the proposed system has not
been yet validated for real-time FoG treatment in properly designed clinical studies. Therefore, real-world challenges such as subject-
specific reaction time and effectiveness of different cues (e.g., vibro-tactile, auditory, visual) remain unexplored. Although this study
did not include direct user testing with PwPD, previous research has demonstrated that patients generally accept wearable FoG
detection systems, even in the presence of occasional false positives. This is particularly true when such systems are integrated with
on-demand cueing mechanisms, which help mitigate or shorten FoG episodes, thereby improving perceived usefulness and overall
user compliance [16,48,51].

Finally, although developing and evaluating a general subject-independent model provided promising performance, subject-
specific approaches may improve accuracy and effectiveness by better adapting to specific patient conditions, activity patterns, and
FoG manifestations. In this context, exploiting transfer learning to train a general model and fine-tune on the specific subject can
improve performance while controlling for the amount of training data required [65]. Semi-supervised and self-supervised learning
strategies further reduce the required data [66]. As the clinical conditions of patients evolve over time, adaptive models can be
further leveraged to continuously fine-tune the model to new activities, habits, conditions, and manifestations.
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6. Conclusion and future work

The present work contributes a novel and efficient data processing pipeline for accurate FoG detection. The results indicate that
the proposed approach is accurate and robust to inter-subject variability and diverse sensor settings, environments, and activities.
In addition, it provides low computational burden and very small inference time. Overall, the proposed method holds promise for
enhancing the lives of individuals with PD by providing accurate, real-time FoG detection on everyday wearable devices. While our
study has made significant strides in FoG detection, several avenues for future research and development remain open.

Future work will involve clinical validation with PwPD to assess usability, comfort, and real-world performance. Special attention
will be given to evaluating the impact of false alarms on patient compliance and the potential development of cue fatigue during
prolonged use.

The actuation strategy will be implemented on the wearable device itself to provide somatosensory (e.g., vibro-tactile) feedback
upon FoG detection. Thus, the device will function as sensing node, processing unit, and actuator, avoiding external data transfer.
This avoids communication errors and delays, preserve privacy, and enhance the system efficacy. Furthermore, the system will be
validated in a properly designed clinical study, to face real-world challenges and investigate subject-specific responses. Subsequently,
the system should be tested in real-life scenarios over continuous monitoring. As part of the current relevant challenges, future
research efforts should prioritize the development and open sharing of weakly labeled FoG datasets collected continuously over
extended periods in remote settings. These datasets should encompass diverse populations, including both freezers and non-freezers,
and represent a wide range of daily activities and environmental conditions. Such initiatives would facilitate the training and
evaluation of semi-supervised FoG detection algorithms, enabling a transition from laboratory-based to real-world applications.
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Appendix A. Distribution of FoG events

Fig. A.6 presents the distribution of FoG episodes in the tDCS dataset. The left panel presents the cumulative distribution function
(CDF) of FoG episode durations up to approximately 650 s, showing that nearly all episodes are under 100 s, with a few extreme
outliers extending beyond 10 min. The top-right panel depicts a box plot of FoG episode durations (clipped at 30 s for visualization),
indicating a median duration of about 4 s, with the interquartile range extending roughly from 2 to 7 s. Numerous outliers above
17 s are marked as red crosses, emphasizing the skewed nature of the data. The bottom-right panel zooms in on the CDF for
episodes lasting up to 30 s, revealing that around 90% of FoG episodes fall within this range. This comprehensive view illustrates
the predominance of short FoG episodes while highlighting the presence of rare but considerably longer events (such longer events
are also due to the fact that the dataset creators have merged FoG events divided by non FoG events shorter then a defined threshold),
offering insights critical for designing responsive cueing and intervention technologies.

Fig. A.7 presents the distribution of FoG episodes in the Rempark dataset. The left panel shows the CDF of FoG episode durations
(in seconds), illustrating that the majority of episodes are relatively short; approximately 90% of episodes are under 20 s, and nearly
all are under 75 s. The top-right panel presents a box plot of FoG episode durations, highlighting the median (4 s), interquartile
range, and presence of outliers (red crosses) beyond the whiskers. The bottom-right panel shows a zoomed-in version of the CDF for
episodes duration up to 30 s, emphasizing the rapid accumulation of episodes in this shorter duration range. Together, these plots
characterize the temporal profile of FoG events, providing insight into typical episode lengths and variability, which can inform the
design of cueing systems and therapeutic interventions.
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Fig. A.6. Distribution of FoG episodes durations in the tDCS dataset.
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Fig. A.7. Distribution of FoG episodes duration in the Rempark dataset.
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Appendix B. Signal pre-processing

Fig. B.8 shows a characteristic time frame of about 18 s, including two FoG events. The original acceleration signals (top-left
image) are sampled at 128 Hz and measured in % The effect of transformation to g-force unit is shown in the top-right image, where
the x-axis has an average value of 1 g, produced by the constant gravity component. The effect of data undersampling is shown in
the bottom-left image, where the original and resampled x-axis component are shown along a common timeline. As observed, the
difference between the two signals is small. Finally, the bottom-right image shows the acceleration magnitude calculated from the

3-axis acceleration signals.
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Fig. B.8. Preprocessing steps performed on raw acceleration data. Top-left: raw data; top-right: conversion to g-unit; bottom-left: down-sampling; bottom-right:

magnitude computation.

Appendix C. Feature extraction and model optimization

Table C.10 reports the list of features extracted in the time and frequency domain. Table C.11 shows the list of parameters
optimized for each ML model. The search space is provided, along with the best configurations (bold type).

Table C.10
List of features employed in this study.

Time domain features

Frequency domain features

1) maximum, 2) minimum, 3) mean, 4) standard
deviation, 5) root mean square, 6) range, 7)
median, 8) skewness, 9) kurtosis, 10)
time-weighted variance, 11) interquartile range,
12) empirical cumulative density function, 13)
percentiles (10, 25, 75, and 90), 14) sum of values
above or below percentile (10, 25, 75, and 90),
15) square sum of values above or below
percentile (10, 25, 75, and 90), 16) number of
crossings above or below percentile (10, 25, 75,
and 90), 17) mean amplitude deviation, 18) mean
power deviation, 19) signal magnitude area, 20)
signal vector magnitude, 21) covariance, 22)
simple moving average of sum of range of a
signal, 23) sum of range of a signal, 24) sum of
standard deviation of a signal, 25) maximum slope
of simple moving average of sum of variances of a
signal, 26) autoregression.

1) Fast Fourier Transform (FFT) coefficients, 2)
Discrete Fourier Transform (DFT), 3) Discrete
Wavelet Transform (DWT), 4) first dominant
frequency, 5) ratio between the power at the
dominant frequency and the total power, 6)
ratio between the power at frequencies higher
than 3.5 Hz and the total power, 7) two signal
fragmentation features, 8) DC component in
FFT spectrum, 10) energy spectrum, 11)
entropy spectrum, 12) sum of the wavelet
coefficients, 13) squared sum of the wavelet
coefficients and energy of the wavelet
coefficients, 14) auto-correlation, 15)
mean-crossing rate, 16) spectral entropy, 17)
spectral energy, 18) wavelet entropy values,
19) mean frequency, 20) energy band.

Appendix D. The effect of parameters on model complexity and performance

Starting with the optimal model configuration, the effect of each parameter on model performance was evaluated, both in terms

of F-score and model complexity (FLOP and parameters). Removal of dilated convolutions increases the number of FLOPs by 35%,
while detection performance is not significantly affected (—0.2% in F-score). Using a classic flatten layer instead of global pooling
increases the number of parameters by 22%, while detection performance is not significantly affected (—0.1% in F-score). Removing
dropout slightly reduces performance (—0.8% in F-score). Using a classic ReLU instead of LeakyReLU has no significant effect (—0.2%

18



L. Borzi et al.

Table C.11
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List of parameters and their respective search space for different models. The selected parameters are

presented in bold.

Model

Parameters [Search space]

Logistic Regression

penalty: [11°, ’12’]

C: [0.1, 1, 5, 10]

tol: [0.0001, 0.001, 0.01]
solver: ['newton-cg’, ‘1bfgs’,
’liblinear’, ’sag’, ’saga’]

Linear Discriminant Analysis

solver: ['svd’, ’lsqr’, ’eigen’]
n_components: [2, 4, 6, 8, 10, 12,
14, 16, 18, 20]

tol: [0.0001, 0.001, 0.01]

Decision Tree

criterion: [’gini’, ’entropy’]
max_depth: [3, 6, 9, 12, 15, 18,
20]

min_samples_split: [2, 4, 6, 8, 10]

min_samples leaf: [1, 2, 3, 4, 5]
max_features: ['auto’, ’sqrt’]

Random Forest

n_estimators: [50, 100, 150, 200,
250, 300, 350, 400]

criterion: [’gini’, ’entropy’]
max_depth: [3, 6, 9, 12, 15, 18,
20]

min_samples_split: [2, 4, 6, 8, 10]

min_samples leaf: [1, 2, 3, 4, 5]
max_features: ['auto’, ’sqrt’]

in F-score). Increasing the number of filters significantly increases the number of FLOPs (from 65 K to 12M) and parameters (from
1.4 K to 267 K), but not the classification performance. The maximum F-score corresponds to a number of filters of 16 (Fig. D.9).
Increasing the kernel size slightly increases the number of FLOPs (from 191 K to 953 K) and parameters (from 2 K to 9.2 K) .
Higher values of the F-score are registered with a kernel size between 5 and 9 (Fig. D.10). Increasing the number of neurons in the
fully-connected layer does not particularly affect the number of FLOPs (from 263 K to 266 K) and parameters (from 4.5 K to 6.2 K).
The best F-score corresponds to a dense layer with 16 neurons, and additional neurons worsen performance (Fig. D.11).
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Fig. D.9. Effect of an increasing number of filters on model performance and complexity.
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