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ABSTRACT Sound-based uroflowmetry (SU) is a non-invasive technique emerging as an alternative to
traditional uroflowmetry (UF) to calculate the voiding flow rate based on the sound generated by the urine
impacting the water in a toilet, enabling remotemonitoring and reducing the patient burden and clinical costs.
This study trains four different machine learning (ML) models (random forest, gradient boosting, support
vector machine and convolutional neural network) using both regression and classification approaches to
predict and categorize the voiding flow rate from sound events. The models were trained with a dataset
that contains sounds from synthetic void events generated with a high precision peristaltic pump and a
traditional toilet. Sound was simultaneously recorded with three devices: Ultramic384k, Mi A1 smartphone
and Oppo Smartwatch. To extract the audio features, our analysis showed that segmenting the audio signals
into 1000 ms segments with frequencies up to 16 kHz provided the best results. Results show that random
forest achieved the best performance in both regression and classification tasks, with a mean absolute error
(MAE) of 0.9, 0.7 and 0.9 ml/s and quadratic weighted kappa (QWK) of 0.99, 1.0 and 1.0 for the three
devices. To evaluate the models in a real environment and assess the effectiveness of training with synthetic
data, the best-performingmodels were retrained and validated using a real voiding sounds dataset. The results
reported an MAE below 2.5 ml/s and a QWK above 0.86 for regression and classification tasks, respectively.

INDEX TERMS Machine learning, non-invasive voiding monitoring, sound-based uroflowmetry, sound
voiding signals, voiding flow estimation.

I. INTRODUCTION
The rapid development of information and communication
technologies (ICT) is transforming healthcare systems by

The associate editor coordinating the review of this manuscript and

approving it for publication was Yongqiang Cheng .

making themmore proactive and remote. This transformation
offers significant benefits, such as improving the quality of
healthcare services and reducing associated costs. Patients
gain broader access to medical services, while healthcare
providers can leverage real-time information and resources
to optimize treatment strategies. Among the various areas
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influenced by these advancements, the application of
machine learning (ML) has proven to be revolutionary,
enabling predictive analytics, personalized treatments and
remote monitoring systems that have significantly improved
healthcare and treatment adherence [1], [2].

One of the healthcare fields where these technologies have
shown great potential is urology, particularly in uroflowmetry
(UF) testing. Lower urinary tract symptoms (LUTS) affect
more than 1.9 billion people worldwide, causing a significant
reduction in quality of life and increasing the burden on
healthcare systems [3], [4]. The standard test for diagnosing
LUTS is UF, a non-invasive procedure that evaluates
parameters such as maximum flow rate (Qmax), average
flow rate (Qave), voided volume (VV) and voiding time.
However, UF is typically conducted in clinical settings,
where patients must urinate into a uroflowmeter. This process
often causes stress or discomfort, altering natural voiding
patterns and potentially introducing significant variability in
the results [5], [6]. Furthermore, a single UF test may not
be sufficiently representative of a patient’s habitual voiding
patterns. Sound-based uroflowmetry (SU) has emerged as a
promising alternative, allowing patients to perform voiding
tests in the comfort of their homes. SU estimates urinary flow
from the sound produced by urine impacting the water surface
in a toilet, providing a more natural and non-invasive means
of assessing LUTS [7], [8]. This approach has shown strong
correlations with conventional UF results, achieving Pearson
correlation coefficients of up to 0.95 for key parameters such
as Qmax and VV [9], [10]. Therefore, SU improves patient
adherence by enabling home-based interventions and reduces
result variability by increasing the number of tests.

Another challenge to the widespread adoption of SU
is the heterogeneity of recording devices. Previous studies
have employed a variety of equipment, including pro-
fessional microphones [11], smartphones [9], [12] and
smartwatches [13], [14], each producing acoustic data
with different characteristics. This variability complicates
the development of generalizable ML models and limits
their clinical applicability. Despite its potential, developing
robust SU systems faces challenges due to the lack of
publicly available datasets with labeled flow rates, leading to
inconsistencies in experimental designs, recording protocols
and model implementations across studies [12], [15].
To overcome these limitations, we developed a synthetic

dataset of voiding flow sounds recorded under controlled
conditions. The decision to use synthetic data was driven by
several factors:

• the absence of publicly available, labeled datasets for
urinary sound analysis,

• the ethical and logistical constraints of collecting large-
scale real-world recordings from human subjects, and

• the need to generate a balanced and reproducible
dataset suitable for training and benchmarking ML
models.

Synthetic data offer the advantage of consistent labeling
and controlled variability across recording devices, which

are essential for developing generalizable models. Further-
more, such a dataset provides a standardized experimental
framework that facilitates reproducibility and comparison
across future studies.

To address these challenges, this study analyzes a synthetic
and balanced void flow dataset generated through controlled
simulations with three recording devices: Ultramic384 (UM),
Mi A1 smartphone (Phone) and Oppo smartwatch (Watch).
The synthetic dataset covers flow rates from 1 to 50 ml/s,
a range that encompasses the full spectrum of male voiding
flows according to UF studies [16]. These data were captured
in a realistic environment using a high-precision peristaltic
pump and a real ceramic toilet with water at the bottom,
ensuring controlled and representative flow conditions. This
balanced dataset, recorded in a noise-free environment where
only the sound of urine impacting the water surface was
present, serves as a robust foundation for training MLmodels
while offering the potential to simulate real-world voiding
scenarios by incorporating background noise.

To assess the real-world suitability of models trained
on synthetic data, we re-trained and evaluated the
best-performing model using the real SU voiding dataset
from [17], which includes natural voiding events recorded
under controlled conditions with the same devices. This
process allowed us to validate the model’s ability to
predict flow rates from real SU signals, demonstrating its
effectiveness in practical scenarios. Notably, this re-trained
model achieved improved performance compared to the
results reported in [17], further supporting the benefits of
pre-training with synthetic data. A detailed analysis of these
improvements is presented in Section IV.
Furthermore, we conducted a comprehensive feature

analysis to identify the most relevant acoustic characteristics
for flow estimation, offering insights into key factors that
influence model performance. The study also compares the
performance of regression and classification models across
the three recording devices, further exploring the feasibility
of sound-based urinary flow estimation. Lastly, a privacy-
preserving analysis was performed to assess the impact of
removing frequency bands containing identifiable speech
information, ensuring the system remains effective while
safeguarding user privacy.

Additionally, the availability of a public and balanced
synthetic dataset enables fair benchmarking across different
research efforts in urinary flow prediction. By trainingmodels
on a shared synthetic baseline, researchers can objectively
compare algorithm performance under controlled conditions.
The most promising models from this evaluation can then be
re-trained on real-world SU signals to adapt to environmental
and behavioral variability, ensuring both reproducibility and
practical relevance.

While synthetic datasets offer a standardized and repro-
ducible environment for initial training and benchmarking,
they may not fully capture the acoustic complexity of real-
world conditions. This introduces a domain gap between
synthetic and real urination audio. To bridge this gap,
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we retrain the top-performing models on real SU recordings,
allowing them to adapt to natural variability in device
acoustics and user behavior. Future work may further explore
domain adaptation or transfer learning to enhance model
robustness across environments.

The paper is organized as follows: Section II briefly
reviews the state of the art in audio feature extraction
and flow prediction from SU audio signals using ML
models; Section III presents the materials and methods
proposed in this research, describing the study design,
dataset characteristics and the procedures and theoretical
foundations followed in analyzing flow prediction in SU tests
using different recording devices; Section IV presents the
results obtained from the proposed methodology; and finally,
Section V provides some concluding remarks.

II. RELATED WORK
A. ARTIFICIAL INTELLIGENCE (AI) IN SOUND ANALYSIS
AI has played a crucial role in analyzing audio signals,
enabling both classification and regression tasks while offer-
ing innovative solutions for predicting continuous parameters
or discriminating between classes based on acoustic features.
Regression models are particularly useful for estimating
continuous variables such as amplitude, frequency, or flow
rates, whereas classification models are used to assign
discrete labels to data, such as identifying flow rate ranges
or detecting specific acoustic events.

Techniques such as random forest regressor (RFR),
an ensemble learning method that constructs multiple deci-
sion trees and averages their predictions, support vector
regressor (SVR), which maps features into higher dimensions
to model complex nonlinear relationships, gradient boosting
regressor (GBR), a technique that sequentially builds models
to correct the errors of prior ones and convolutional neural
network (CNN), deep learning architectures effective for
learning patterns from time-frequency representations, have
demonstrated effectiveness in capturing both continuous
relationships in regression tasks and class patterns in
classification tasks. For instance, in regression, recent studies
have shown that combining traditional acoustic features,
such as mel-frequency cepstral coefficients (MFCC)—which
model the human auditory system’s perception of sound
frequency—with ML models can enhance the estimation
of continuous parameters, including urinary flow rate and
environmental sound intensity [10], [12]. Furthermore,
supervised ML models, such as k-nearest neighbors (KNN)
and GBR, have been successfully applied to estimate flow
rate from audio signals [18]. These models, trained using
extracted MFCC, effectively capture spectral characteristics
relevant to flow estimation.

For classification tasks, deep learning architectures such as
CNN and Multilayer Perceptrons (MLP) have shown success
in classifying environmental sounds and segmenting acoustic
parameters [19], [20], [21]. The integration of advanced ML
techniques in audio analysis has enabled accurate predictions
and robust label assignments, opening new applications in

sound-based flow estimation, environmental monitoring and
diagnosis based on acoustic parameters. Moreover, the use of
acoustic features such as MFCC, zero-crossing rate (ZCR)—
which measures how frequently the signal waveform crosses
the zero amplitude axis—and chroma features (Chroma)
provides complementary information that enhances the
robustness of ML models in noisy and diverse environments,
supporting both regression and classification tasks [22], [23].
These feature sets play a crucial role in improving model
generalization, making AI-based approaches more reliable
for practical applications.

B. SOUND FEATURE EXTRACTION TECHNIQUES
Feature extraction in audio signal processing is essential for
various applications, including speech analysis, music classi-
fication and environmental sound detection. The complexity
of audio signals, characterized by non-stationarities and
discontinuities, requires robust extraction techniques capable
of effectively capturing relevant signal characteristics. These
methods can be broadly categorized into temporal, spectral,
cepstral and time-frequency approaches. Temporal features
analyze waveform properties, while spectral techniques focus
on frequency content.

Studies such as [24] highlight that MFCC are among
the most widely used techniques for feature extraction in
audio-based applications. MFCC are designed to model
how humans perceive frequency variations, making them
effective for capturing key spectral characteristics in various
acoustic environments. Their robustness in representing
complex sound patterns has been well established across
different domains. In the context of SU, [12] demonstrated
that MFCC effectively capture spectral features relevant to
voiding sounds, enabling accurate estimation of urinary flow
parameters using ML techniques. The study underscores that
MFCC, by providing a perceptually motivated frequency
representation, enhance the ability to model the acoustic
properties of urinary flow, reinforcing their suitability for UF
applications. Furthermore, MFCC have been applied in other
fluid dynamics studies; for instance, [18] employedMFCC to
estimate the flow rate of liquid jets impacting a water surface,
demonstrating their capability in characterizing acoustic
signatures associated with fluid motion.

Another widely used technique in audio analysis is
linearly binned fast fourier transform (FFT), which converts
time-domain signals into their frequency-domain represen-
tation. This method provides a more uniform frequency
resolution across the spectrum, making it suitable for
applications beyond human speech. This technique has been
applied in the domain of SU as an input feature for prediction
and classification models [11], [25], further validating its
utility in bioacoustic analysis.

An emerging alternative is the continuous wavelet trans-
form (CWT), which offers multiresolution analysis capabili-
ties ideal for non-stationary signals. Scalograms derived from
CWT have shown to improve the models performance in
certain acoustic recognition tasks using CNN, particularly
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when capturing localized time-frequency variations [26].
However, due to their high computational cost and the
high dimensionality of the resulting representations, they
were not adopted in our pipeline, which was designed to
remain computationally efficient and to reduce the risk of
overfitting given the limited size of our labeled datasets.
In fact, preliminary tests with Mel-spectrograms and CNN
yielded suboptimal performance due to overfitting, even after
multiple architecture and training refinements.

C. FLOW RATE ESTIMATION WITH SOUND
A promising strategy for improving voiding flow estimation
from sound involves pretraining models on synthetic data
and subsequently retraining them on real-world recordings.
This approach leverages the controlled nature of synthetic
datasets to develop robust initial models, which can then
be fine-tuned using real data to enhance generalization and
practical applicability [27].

Despite the growing interest in using ML for voiding
flow estimation based on sound [9], [10], [12], [15], [17],
[28], [29], a fundamental limitation in the existing literature
is the lack of standardized voiding flow datasets and the
wide variability in evaluation metrics. This inconsistency
hinders direct comparisons between studies and limits
their real-world applicability. Previous research has utilized
different datasets of voiding sounds, each recorded under
unique conditions, employing distinct preprocessing steps
and model evaluation criteria. Consequently, cross-study
comparisons become inconsistent, non-equitable and difficult
to generalize.

To address this limitation, it is essential to use a standard-
ized and publicly accessible dataset that allows for fair com-
parisons between different algorithms. A synthetic voiding
flow dataset recorded under controlled real-world conditions
offers a valuable foundation for this purpose, as it provides
a common benchmark while enabling the creation of diverse
testing environments by systematically introducing variations
such as background noise and recording conditions. This
structured approach ensures that models trained on synthetic
data can be optimized under uniform conditions before being
retrained and tested on real voiding events, ultimately enhanc-
ing their reliability and applicability in practical scenarios.

III. MATERIALS AND METHODS
A. GENERAL DIAGRAM OF THE RESEARCH
The proposed methodology for analyzing flow estimation
from the synthetic dataset is illustrated in Figure 1. The
flow generation system was based on a L600-1F precision
peristaltic pump [30], capable of producing flows within a
0.16 µl/min – 3000 ml/min (2.67 nl/s – 50 ml/s) range,
depending on the selected tubing and pump head. For
this study, we focused on simulating flow rates between
1 and 50 ml/s, as these values correspond to those typically
observed in UF assessments [16]. This setup allowed us
to generate controlled and reproducible flow conditions,

ensuring accurate ground-truth labels for model training and
validation.

To capture the synthetic voiding flow audio recordings,
which lasted 60 seconds each, we employed three different
recording devices with distinct frequency response ranges
and sampling rate (SR):

• UM: A high-fidelity microphone designed for capturing
a broad frequency spectrum, enabling the analysis of
both audible and ultrasonic components. The selected
device was configured with a SR of 192 kHz, allowing
spectral analysis up to 96 kHz. The recordings were
managed through a USB connection to a laptop,
with a Python-based script controlling the capture
parameters [31].

• Phone: A smartphone microphone with standard record-
ing capabilities, configured with a 48 kHz SR, capturing
frequencies in the 0–24 kHz range. Given the accessibil-
ity and widespread use of smartphones in previous SU
studies, we developed a dedicated Android application
to enable standardized audio recording with predefined
settings.

• Watch: A wearable device microphone, validated for
use in SU applications [13], featuring a 44.1 kHz
SR. This device was chosen due to its non-intrusive
nature, allowing for audio collection from a fixed
position without interfering with the voiding process.
A custom-built Android application was used to initiate
recordings seamlessly, ensuring consistent data capture
across different sessions.

Next, the audio signals are splitted into segments of
equal durations ranging from 100 ms to 1000 ms to
evaluate how segment size affects flow estimation accuracy.
For each segments, features related to the 13 MFCC are
extracted and used as inputs for the ML models in the flow
estimation task. Two approaches for flow estimation will be
evaluated: one using regression models and the other using
multi-class classification models. After identifying the best
model configurations for flow prediction and classification
using a synthetic audio dataset, we re-trained and evaluated
these models using a real SU test dataset [17]. The
retraining process employed the same models configuration
that achieved the best results on the synthetic dataset. Finally,
the results obtained for the flow estimation are presented.

B. SYNTHETIC DATASET DESCRIPTION
We used a synthetic voiding event dataset to develop and
train our ML models for flow rate prediction. This dataset,
fully described and validated in [32], consists of labelled
audio recordings of constant water streams generated by a
peristaltic pump and captured using three different recording
devices: a high-quality microphone UM, a Phone and a
Watch. Each audio sample corresponds to a specific flow rate
ranging from 1 to 50ml/s, in increments of 1ml/s. The record-
ings were performed under controlled laboratory conditions
to ensure high acoustic quality and minimal background
noise. The complete dataset is publicly available at [33].
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FIGURE 1. Diagram showing the pipeline of the proposed methodology, consisting of 4 main steps: data extraction, audio segmentation, feature
extraction and finally model training and validation.

On the one hand, the density of human urine typically
ranges between 1.005 and 1.030 g/cm3, depending on
the concentration of solutes such as urea, salts and other
substances [34]. On the other hand, pure water density is
1 g/cm3 a 4◦C, that is, between 0.5% and 3.0% less dense
than human urine. Consequently, we assume this difference
to be negligible.

Each audio file in the dataset follows a standardized nam-
ing format: “[device]_f_[flow]_[duration]s”,
where device specifies the recording hardware (UM, Phone,
or Watch), flow represents the corresponding voiding flow
rate in ml/s and duration indicates the length of the audio
segment in seconds. For each recording device, the final
dataset contains 60-second-long audio clips. These clips were
obtained after trimming the first 15 s and the last 5 s from
the original recording to ensure clean samples and remove
artifacts.

This structured and labelled dataset enables the training
and evaluation of ML models under reproducible and
balanced conditions. Its public availability also facilitates
benchmarking and promotes transparency in future research.

C. REAL DATASET DESCRIPTION
We have used a second dataset consisting of real voiding
events, to retrain the best models that were designed with
the synthetic dataset. This dataset consists of 47 real voiding
events recorded in a controlled environment, as described
in [17]. This study received approval from the Valladolid
East Health Area Medicine Research Ethics Committee
on 27 July 2023 (reference PI-GR-23-3275, minutes number
16/2023) and the Committee complies with GCP standards
(CPMP/ICH/135/95).

Voiding flow rates were measured using a medical
uroflowmeter from Minze [35], which provides a 10 Hz res-
olution and an accuracy of ±2.5 ml/s. Simultaneously, three
sound recording devices (UM, Phone and Watch) captured
the corresponding audio signals. To ensure consistent sound
generation, the Minze uroflowmeter basin was pre-filled
with 400 ml of water, simulating a real toilet environment
where the primary acoustic source is the impact of urine
against the water surface. Testing was carried out in a tiled

bathroom with controlled acoustics to minimize background
noise. Participants were instructed to direct their urine stream
precisely at the water and compliance was verified through
audio analysis. Recordings containing extraneous noise or
uncertainties regarding the location of the urine impact were
excluded. Each trial produced three synchronizedWAV audio
files (one per recording device), along with the corresponding
UF data, enabling a comprehensive evaluation of SU.

We acknowledge that the limited size and variability of
the real-world dataset may restrict the generalizability of
the models. This limitation is primarily due to the logistical
difficulty of collecting synchronized voiding sound and flow
measurements in clinical settings. Additionally, real voiding
events exhibit spontaneous and unbalanced distributions
across flow rates, which makes it challenging to build a
uniformly distributed dataset. Currently, no public dataset
exists for SU with labeled flow values, which further limits
reproducibility and comparability across studies. To address
these issues, our team is collaborating with multiple clinical
institutions to progressively expand the dataset under diverse
acoustic and physiological conditions.

Table 1 summarizes the key characteristics of both the
synthetic and real-world datasets, including their type,
number of samples, flow rate range, typical sample duration
and recording devices used.

TABLE 1. Summary of the datasets used in this study, including recording
conditions and devices.

D. FEATURE EXTRACTION FOR SYNTHETIC DATASET
In this section, we describe the frequency analysis conducted
to identify the spectral components that contribute the
most to voiding flow estimation, addressing the problem
from both a regression and classification perspective. Our
objective is to determine the frequency bands with the
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highest predictive contribution to voiding flow estimation.
The predictive power is measured by supervised model-based
feature importance scores. In particular, we used the RFR for
regression tasks and the random forest classifier (RFC) for
classification tasks. RFC is a tree-based ensemble learning
method that aggregates predictions from multiple decision
trees to improve classification accuracy. We calculated the
mean squared error (MSE) for the regression models and
Gini impurity for the classification models. For the two
types of models, we analyze the entire spectrum captured
by the specialized microphone UM (0–96 kHz). To achieve
this, we extract 1000 linearly binned FFT features for each
100 ms labeled audio segment, dividing the full spectrum into
1000 equally spaced frequency bins. This choice allows for a
fine-grained representation of the spectral content, ensuring
that all frequency components are adequately captured while
maintaining computational efficiency. By using a linear
binning approach, we preserve the resolution across the entire
frequency range, avoiding biases that could arise from non-
uniform binning.Within each bin, we sum the absolute values
of the amplitudes of the present frequency components,
ultimately obtaining a feature vector of 1000 values per
segment. This approach enables us to systematically assess
the contribution of different frequency bands to voiding flow
estimation, facilitating a robust analysis of their relative
feature importance.

1) FEATURE EXTRACTION FOR REGRESSION MODELS
First, we perform a supervised feature selection using RFR
from scikit-learn [36], leveraging its ability to estimate
feature importance based on the reduction in variance in
the target variable [37]. The feature importance scores
are computed by measuring the decrease in MSE when a
particular frequency band is used to split the data. This
approach enables us to quantify the contribution of each
frequency bin to the regression task, identifying the spectral
regions that influence themost to the voiding flow estimation.
Feature importance scores were computed using a RFR,
based on the average reduction in MSE across all decision
trees. This analysis was used to evaluate the predictive
contribution of each frequency bin to the regression task,
independent from the final model used for flow estimation.

Figure 2(a) illustrates the predictive significance of
different frequency components, highlighting that the most
relevant information is primarily concentrated in the lower-
frequency bands, specifically below 16 kHz.

The results obtained from the evaluation of the regression
models align closely with those reported in [17], where the
real UF flow signals were analysed using the same feature
extraction methodology. In that study, 1000 linearly binned
FFT features were extracted from 100 ms audio segments
recorded with UM and feature importance was assessed using
identical techniques.

The strong correspondence between our synthetic and
real datasets suggests that the acoustic characteristics of the

synthetic flow dataset exhibit patterns comparable to those
observed in real UF tests. This reinforces the feasibility of
using a synthetic dataset to train ML models for voiding
flow estimation, providing a controlled and reproducible
framework for algorithm development.

By leveraging a standardized synthetic dataset, researchers
can systematically benchmark and compare different models
under uniform conditions before applying them to real
voiding events. This structured approach facilitates the
optimization of model selection, ensuring that the most
effective algorithms are identified, refined and validated
before their deployment in real-world applications.

2) FEATURE EXTRACTION FOR CLASSIFICATION MODELS
Next we evaluate features importance using a classification-
based approach, where audio segments are labeled with
integer values between 1 and 50 ml/s. In our case, we do
not consider flows greater than 50 ml/s, as these values are
not typically observed in male UF [16]. Feature importance
is evaluated based on the Gini impurity metric [38], which
quantifies the weighted impurity of each frequency band and
provides insight into its relative contribution to classification
tasks. This metric is particularly useful in assessing how
well a frequency band can separate different voiding flow
categories.

Figure 2 (b) illustrates the relative feature importance of
each frequency component in the urinary flow estimation
process using RFC. Similar to the regression-based approach,
the results indicate that the most relevant frequencies are
predominantly located in the lower spectrum, specifically
below 16 kHz, further reinforcing the critical role of
low-frequency components in flow estimation.

E. SELECTED FEATURES FOR THIS STUDY
For the analysis of the audio signals, we evaluated various
extraction features, including MFCC, ZCR and Chroma,
each providing complementary information about the
signal:

• MFCC: Capture the spectral and timbral structure of the
sound, providing a compact representation of frequency
characteristics relevant to voiding flow estimation.

• ZCR: Represent temporal information by quantifying
the signal’s granularity and its rhythmic elements.

• Chroma: Describe harmonic and tonal information,
which may contribute to distinguishing different flow
characteristics.

We trained a RFR regression model using different
combinations of these features in order to identify the best
representation for our signals. The results, presented in
Figure 3, show that incorporating ZCR and 12 Chroma
alongside the 13 MFCC did not yield better results than
using MFCC alone. Given that MFCC provide equiva-
lent performance with fewer features, the MFCC features
are selected for the remaining analysis of this work to
reduce model complexity while maintaining the predictive
accuracy.
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FIGURE 2. Relative feature importance of frequency components for
voiding flow estimation using (a) regression (RFR) and (b) classification
(RFC) approaches. Both methods reveal that the most relevant spectral
regions (highlighted in blue) are concentrated in the lower frequency
range, specifically below 16 kHz.

IV. RESULTS AND DISCUSSION
A. FLOW PREDICTION MODELS WITH SYNTHETIC
DATASET
1) ANALYSIS OF REGRESSION MODELS
To select the model to be used in flow prediction, we per-
formed an analysis of several regression models, including:

• RFR: A widely utilized model in numerous domains,
including healthcare, known for its robustness and
effectiveness in tackling complex regression problems
with high-dimensional data [36], [37].

• SVR: A regression model capable of capturing complex
non-linear relationships between acoustic features and
voiding flow rates, making it suitable for flow estimation
tasks [12].

• GBR: A robust ensemble learning method that incre-
mentally refines predictions by correcting errors from
previous iterations, making it well-suited for capturing
complex patterns in voiding flow estimation [10], [39].

FIGURE 3. Evaluation of RFR performance with different combinations of
audio feature inputs.

• CNN: A deep learning architecture particularly effective
in processing grid-like data, such as images or time-
series. CNN are commonly used in tasks such as image
classification, speech recognition and natural language
processing due to their ability to learn hierarchical
feature representations [40]. In this context, CNN
are fed with MFCC images, which represent the
time-frequency structure of the audio signal, enabling
the network to extract relevant patterns from the spectral
content [11], [41].

All models were trained using a segment size of 1000 ms
for each device, considering the frequency band from 0 to
16 kHz, where the most relevant information for flow pre-
diction is concentrated. For the RFR, SVR and GBR models,
hyperparameters were optimized using GridSearchCV with
10-fold cross-validation (K=10). The optimization included
key parameters such as the number of estimators, tree depth
and minimum samples per split for RFR; the number of
estimators, learning rate and tree depth for GBR; and the
regularization parameter, kernel coefficient and epsilon for
SVR. In the case of the CNN, Keras Tuner was employed
to explore the optimal combination of hyperparameters,
including the number of filters in the convolutional layers,
the dropout rate in various layers, the number of units in the
dense layer and the application of L2 and L1 regularization
in the dense layer.

Although CNN are commonly applied in audio analysis
due to their ability to extract hierarchical features from
spectrogram representations, their performance in this study
was limited. The CNN models were trained on the synthetic
dataset, which, while well-structured, is relatively small. This
constraint led to signs of overfitting during training and
poorer generalization compared to ensemble-based models
such as Random Forest. Future work may address this
limitation by applying data augmentation techniques or
exploring more regularized CNN architectures.

The results obtained are shown in Figure 4. It can be
observed that the RFR model achieved the best results in
the flow estimation task. Therefore, for subsequent analyses,
we will use RFR as the base model.
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FIGURE 4. Evaluation results of the four regression models for each
recording device, in terms of the mean absolute error (MAE), measured
in ml/s.

a: ANALYSIS OF THE AUDIO SEGMENT DURATION
Once the RFR model was identified as the best-performing
model in terms of regression metrics for each device, its flow
prediction performance was further evaluated using different
segment sizes within the 0–16 kHz frequency band. For this
analysis, the audio signals were segmented into segments of
100, 200, 500 and 1000 ms. Figure 5 presents the results
of the evaluation of the different segment sizes. It can be
observed that as the segment duration increases, the MAE
error decreases. Segments with durations longer than 1000ms
were not included, as increasing the segment size could
compromise the system’s resolution, which refers to its ability
to estimate flow accurately over small time intervals.

FIGURE 5. Analysis of the MAE for the RFR prediction model, comparing
different audio segment sizes (ms) and the three different recording
devices.

2) ANALYSIS OF CLASSIFICATION MODELS
Another way to approach flow prediction is as a multiclass
classification problem, where audio segments are labeled
with integer values between 1 and 50ml/s.We do not consider
flows greater than 50 ml/s, as these values are not observed
in male UF [16].

Therefore, we trained a RFC model using the MFCC coef-
ficients from the 0–16 kHz frequency band, extracted from
1000 ms audio segments as input features. For validation,
we applied 10-fold cross-validation (K=10) and optimized
the hyperparameters using GridSearchCV. The optimization
included key parameters such as the number of estimators,
tree depth and minimum samples per split for RFC.

To evaluate the model’s performance, we used the
quadratic weighted kappa (QWK) metric, in addition to

accuracy. The QWK is a metric particularly useful in
problems where the classes have an inherent order, such as in
our case, where the flows range from 1 to 50ml/s [42]. Unlike
accuracy, which only measures the proportion of correct
predictions, the QWK differentially penalizes errors based on
the distance between the prediction and the true class. This is
crucial in this problem, as a prediction error of 1 ml/s is much
less significant than an error of 10 ml/s.

Figure 6 shows the evaluation results of the RFC model
for each device. Although the accuracy metric provides
an overall view of the classifier’s performance, the QWK
provides a more precise measure of how well the model
maintains the ordinal relationship between the classes. The
values of 1 obtained in the QWK for each device indicate
that the model performs well and not only classifies correctly
but also makes predictions that are close to the true value
when it errs, which is key for the system’s reliability in flow
estimation.

FIGURE 6. Evaluation of the RFC model for each device in terms of QWK
and accuracy.

The following figure 7 presents the confusion matrix for
the UM device, where it can be observed that the errors are
close to the actual value when the system makes a mistake.

FIGURE 7. Confusion matrix for the RFC model with UM audio recordings.
The model was trained and evaluated using the synthetic dataset,
considering a frequency range of 0–16 kHz and a segment size of
1000 ms.
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We also trained a CNN optimized for the flow classifica-
tion task using Keras Tuner as the hyperparameter optimizer.
The results were not better than those obtained using RFC
model, as we obtained accuracy metrics of 0.49, 0.52 and
0.47 and QWK values of 0.80, 0.81 and 0.83 for the Watch,
Phone and UM devices, respectively.

The results obtained from the evaluation of various
regression and classification models for flow prediction over
the synthetic dataset showed that using MFCC as input
features with a segment size of 1000 ms and using RFR for
regression andRFC for classification provided the best results
in terms of MAE ± standard deviation (SD), accuracy and
QWK. Table 2 presents the results obtained for the regression
model and classification model that achieved the best results
for the Watch, Phone and UM devices.

TABLE 2. Performance of RFR and RFC models on the synthetic dataset
using MFCC features.

It is also shown that for the flow prediction task, the use of
ultrasound frequencies (20 - 96 kHz) is not necessary, as the
most relevant information is found in the frequency band
below 16 kHz, which explains why the results using the three
recording devices are similar. Additionally, this validates the
use of Watch as a viable and comfortable alternative for SU
tests. The use of the Watch has advantages over the other
devices in terms of ease of use and versatility, as it does not
require patient intervention, making it particularly useful for
individuals with limited digital experience, such as children
and the elderly. Furthermore, its fixed position on the body
ensures a constant recording distance and enables continuous
monitoring of voiding events throughout the day, facilitating
amore accurate analysis of potential alterations in the voiding
pattern.

B. FLOW PREDICTION MODELS WITH REAL DATASET
After obtaining the best configurations of the models for
flow prediction and classification trained on a synthetic audio
dataset, we retrained and evaluated these models on real
voiding dataset from [17]. For this evaluation, we used the
same configurations and models that achieved the best results
in flow prediction for the synthetic dataset. Table 3 presents
the results of assessing the RFR model on the real labeled
flow data for each device.

The evaluation results of the RFR model with the best
hyperparameter configurations show a reduction in MAE
of 0.7, 0.3 and 0.3 ml/s for the Watch, Phone and UM,
respectively, compared to the results obtained in [17] for the
same dataset.

The synthetic dataset, apart from containing a balanced
number of samples for each flow rate value, it does not

include possible human noises or artifacts that could affect the
results. These two situations can explain the improved results.

Compared to previous SU studies, our approach provides
reproducible and open methodologies, avoiding the depen-
dency on additional parameters such as voided volume.
While studies such as [9] and [10] report high correlation
coefficients between SU and UF parameters, their flow
estimation pipelines are not fully described or reproducible.
In contrast, our RFR model achieves an MAE below
2.5 ml/s on real recordings, an improvement over prior work,
such as [10], where only Lin’s concordance coefficients
were reported (0.77–0.85) and no direct error metrics were
provided. Our method also does not require prior flow
or volume knowledge, making it suitable for practical
deployment and fair benchmarking.

For the classification model using RFC, the results are
shown in Table 3. It can be observed that the model has low
accuracy, but the QWK values greater than 0.90 show that
the classification errors are close to the real values. However,
it was observed that for the flow prediction task, regression
models are more suitable.

TABLE 3. Evaluation results of the RFR and RFC models on real voiding
events using MFCC features.

1) ANALYSIS OF PRIVACY-PRESERVING ENVIRONMENTS
After validating our models on real SU audio within the
0–16 kHz frequency range, we conducted an analysis of
their performance in scenarios where user privacy must be
preserved. Specifically, we examined the impact of removing
frequency bands that contain identifiable speech information
to assess the feasibility of privacy-preserving flow estimation.

To this end, we evaluated the performance of the flow
prediction and classification models under two conditions,
aiming at preserving user privacy by removing frequency
bands containing identifiable speech information.

1) Removing the human conversational band 0–8 kHz,
retaining only the 8–16 kHz range.

2) Removing only the primary human speech band
0–3.4 kHz, retaining the 3.4–16 kHz range.

The first approach ensures that most speech content is
removed, preserving only higher-frequency components that
may still contribute to flow estimation. The second approach
retains additional spectral information beyond conversational
speech while still filtering out the lower-frequency compo-
nents associated with voice intelligibility.

These band selections are supported by well established
literature: 3.4 kHz is the upper bound of narrowband speech
in telecommunication standards, while 8 kHz encompasses
the broader conversational speech spectrum [43]. The
first approach ensures that nearly all intelligible content
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is excluded, while the second retains additional spectral
information beyond the critical speech region.

Importantly, we did not filter or modify the original audio
waveform. Instead, we employed a frequency-limited feature
extraction approach using librosa.feature.mfcc
from the Librosa library [44], with parameter settings
fmin=3400 or 8000 and fmax=16000. This configura-
tion computes MFCC coefficients solely from the selected
frequency bands, effectively excluding all content within
the removed speech regions. This method ensures that only
non-speech-related frequency components are used as input
features, preserving user privacy while maintaining model
integrity.

To assess the effect of these frequency restrictions,
we trained and validated the models using the 3.4–16 kHz
and 8–16 kHz bands, applying MFCC with a frame duration
of 1000 ms. Table 4 presents the comparative performance of
the RFR and RFC models when operating in the 8–16 kHz
and 3.4–16 kHz frequency bands.

TABLE 4. Performance of flow prediction models on real voiding events
using MFCC in privacy-preserving environments with a segment size of
1000 ms.

The results indicate that removing lower-frequency bands
(either 0–8 kHz or 0–3.4 kHz) leads to an increase in
prediction error, confirming that most predictive information
is concentrated in the lower part of the spectrum. However,
despite this reduction in accuracy, the models maintained
a reasonable level of performance, suggesting that flow
prediction remains feasible even when privacy-preserving
measures are applied. Between the two approaches, filtering
only the 0–3.4 kHz band resulted in a slightly better
performance compared to removing the entire 0–8 kHz band.

These findings highlight a potential trade-off between
accuracy and privacy. While eliminating the conversational
band (0–3.4 or 0–8 kHz) reduces the model’s effectiveness,
it offers a viable alternative for applications where protecting
voice information is a priority. Further optimization, such as
refining feature extraction methods or leveraging alternative
frequency-based representations, could help mitigate the loss
of accuracy while preserving privacy.

V. CONCLUSION
In conclusion, the use of a balanced synthetic void flow
dataset recorded with three different devices has proven to
be an effective strategy for identifying MLmodels capable of

improving the existing models for real void flow prediction.
These models can then be retrained to predict flow in real
SU signals. This approach not only offers a practical solution
in the absence of publicly available and balanced datasets
for voiding flow sounds but also enhances the adaptability
of models to different recording devices.

Furthermore, the availability of this dataset enables
researchers to systematically evaluate the performance of var-
ious algorithmic approaches and make objective comparisons
with previous studies. By providing a standardized reference
framework, it facilitates future research in this field.

Once the most effective models are identified using the
synthetic dataset, retraining them on real SU recordings
allows for adaptation to natural acoustic conditions. This
hybrid approach maximizes generalization by leveraging the
consistency of synthetic training while tuning to the variabil-
ity of real-world environments. Such a workflow supports the
development of robust models with clinical applicability.

Experimental results indicate that models trained on
synthetic flow data effectively adapted when retrained with
real SU signals. Specifically, the evaluation of the RFRmodel
with the best hyperparameter configurations demonstrated a
reduction in MAE of 0.7, 0.3 and 0.3 ml/s for the Watch,
Phone and UM, respectively, compared to the results reported
in [17] for the same dataset. These findings confirm the
feasibility of leveraging synthetic data to improve flow
estimation performance in real-world scenarios.

Additionally, the synthetic dataset creates opportunities
to explore the impact of environmental noise on estimation
accuracy. Since recordings were conducted in a controlled
environment with minimal background noise, future exper-
iments could introduce varying levels of noise to assess
how estimation errors fluctuate across different acoustic
scenarios. Such analyses would contribute to the development
of new strategies that enhance models robustness in different
environment conditions.

The ability of these models to generalize is a crucial
factor in establishing SU as a clinically viable and validated
alternative to UF. Therefore, integrating synthetic flow data
with real-world signals and assessing their performance
across diverse acoustic environments represents a critical step
toward advancing this technology for clinical applications.

Finally, although our system involves audio acquisition
via mobile or wearable devices, the primary processing is
designed to occur in the cloud. The random forest models,
exported in open neural network exchange (ONNX, an open
format for interoperable machine learning models) format,
have compact sizes (approximately 8.9 MB) and demonstrate
efficient inference (approximately 0.2 ms per 1-second
segment) when evaluated on a server-like environment (Intel
Xeon@ 2.20 GHz). This hybrid architecture ensures minimal
computational demand on edge devices, which act only as
audio acquisition and transmission units, enabling real-time
applications without requiring local inference capabilities.
This consideration aligns with recent advances in computa-
tional efficiency in AI [45].
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