
Generating Breathing Patterns in
Real-Time: Low-Latency Respiratory
Phase Tracking From 25 Hz PPG

Ian Karman , Yue Sun , Rahil Soroushmojdehi , Jose A. Silva ,
and Mostafa ‘Neo’ Mohsenvand(B)

BrainCo Inc., Somerville, MA, USA
{ian.karman,yue.sun,rahil.soroushmojdehi,jose.silva,

neo.mohsenvand}@brainco.tech

Abstract. This study presents a low-latency, real-time breathing cycle
tracking system utilizing a conditional Generative Adversarial Network
(GAN) with Wasserstein loss, with a low-powered, low sample rate Pho-
toplethysmography (PPG) sensor. The aim is to provide a clinically accu-
rate respiratory tool capable of tracking and visualizing the breathing
cycle and rate in real-time for at-home and general ambulatory appli-
cations. To detect breathing activity in real-time, we used a wearable
headband with a 25Hz PPG sensor and an inductive respiratory sen-
sor as ground truth. To meet the real-time and low latency constraints,
the inputs were processed in 1-s windows. Signal processing and machine
learning techniques were explored, and the proposed GAN-based method
with Wasserstein loss and gradient penalty, outperformed others in accu-
rately tracking the ground-truth breathing curve. Leveraging the GAN-
generated breathing curve, a peak-detection algorithm calculated the
respiratory rate (RR) with an average mean absolute error (MAE) of
1.47 breaths per minute (bpm) across 10 test subjects, comparable to
high-sampling rate PPG literature (1 bpm), but with the advantage of 5
times faster real-time monitoring. The GAN-generated respiratory signal
from a low-sampling rate wearable PPG sensor demonstrates potential as
a viable alternative to traditional respiratory monitoring systems. This
system offers valuable breathing monitoring, useful in various applica-
tions such as pain management.
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1 Introduction

The monitoring of patients, both in hospital settings and at home, has sig-
nificantly benefited from the advancements in wearable devices. These devices
provide the ability to continuously and non-invasively track various physiological
parameters, enabling timely interventions and improving patient care. Among
the vital signs, monitoring breathing in real-time plays a crucial role in assess-
ing respiratory function and detecting respiratory abnormalities [24]. Real-time
monitoring of breathing using wearable devices plays a vital role in pain manage-
ment applications, promoting mindful breathing exercises, and offering valuable
insights into a patient’s respiratory patterns, respiratory rate (RR), and over-
all respiratory health. These devices allow individuals to track their breathing
patterns in real-time, facilitating better pain control techniques and enhancing
overall well-being. By providing immediate feedback on breathing cycles, wear-
able devices enable individuals to engage in mindful breathing exercises, helping
to reduce stress, anxiety, and promote relaxation [10,24]. The convenience and
mobility offered by these devices make them ideal for at-home use, empowering
individuals to take an active role in managing their pain and engaging in mind-
fulness practices outside of traditional healthcare settings. Real-time breathing
monitoring has promising applications beyond healthcare settings, extending its
benefits to athletes, swimmers, and singers. Athletes can optimize their breath-
ing patterns for enhanced performance and injury prevention. Swimmers benefit
from improved stroke efficiency and breath control, while singers can refine their
breath support and vocal projection. These applications empower individuals in
various domains to achieve their best performance and elevate their skills [24].

Several previous works have explored the provision of feedback for breathing
control, each employing different techniques and technologies [10]. For instance,
Breeze is a mobile application that utilizes a smartphone’s microphone to contin-
uously detect breathing phases, subsequently triggering a gamified biofeedback-
guided breathing training [20,38]. BreatheBuddy, on the other hand, employs the
low-power accelerometer in earbuds to generate various breathing biomarkers,
including breathing phase, rate, depth, and symmetry [31]. WiRelax stands out
as the first non-contact respiratory biofeedback system, which utilizes WiFi to
map changes in Channel State Information to the instantaneous breathing state
[19]. Tanaka’s research focuses on real-time breathing training for individuals
with mild cognitive impairment, using a tablet’s camera to analyze face blood
flow [42]. Additionally, the Breathing-Mentor app combines effective visualiza-
tion instructions with biofeedback on deep abdominal breathing, leveraging the
accelerometers in mobile phones [11]. Furthermore, Prana company utilizes a
strap sensor as a wearable platform for training various at-rest breathing exer-
cises, providing live sensor feedback and through a gamified mobile app [30].

Despite the significant progress made in real-time feedback systems for
breathing control, none of the mentioned works have utilized the powerful Pho-
toplethysmography (PPG) sensor. The PPG sensor has the capability to record
interactions between cardiac, respiratory, and autonomic functions [2]. Numer-
ous research studies have confirmed that PPG signals encompass distinct mod-
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ulations, including respiratory induced intensity variations (RIIV), respiratory
induced amplitude variations (RIAV), and respiratory induced frequency vari-
ations (RIFV) [7,17]. Moreover, PPG sensors integrated into wearable devices,
like smartwatches, offer convenient and continuous real-time breathing monitor-
ing. With no additional hassle, users can wear these devices and access their
respiratory data seamlessly. This portability enables monitoring during vari-
ous activities, making them beneficial for athletes, swimmers, singers, and any-
one interested in tracking their breathing patterns for health and performance
improvement. Additionally, PPG sensors offer convenience due to their non-
invasive nature, allowing for comfortable and hassle-free measurements. This
combination of accessibility, ease of use, and continuous monitoring makes PPG-
based systems a valuable tool for various applications.

Many previous applications incorporating the PPG sensor have primarily
focused on detecting parameters such as blood oxygen saturation [4,22,34,39],
heart rate [22,34], blood pressure [18,22], and respiration rate [17,25,36,39].
Among these studies, Karlen [17] employed a smart fusion technique to estimate
RR using high-sampling rate PPG with 1-s window shifts, achieving an average
root mean square error (RMSE) of 3 bpm. Park [25] utilized an adaptive lat-
tice notch filter and high-sampling rate PPG to estimate RR, providing updated
results every 5 s. In a more recent study by Selvakumar [36], an incremental
merge segmentation technique with high sampling rate PPG and 5-s shifting
windows resulted in Mean Absolute Error (MAE) of less than 1 bpm, outper-
forming previous methods. While the aforementioned studies primarily focused
on real-time respiratory rate estimation, none of them specifically addressed the
tracking of the breathing cycle as a significant variable. Notably, a recent review
by Alian [3] introduced the clinical usage of PPG but did not address the mon-
itoring of the breathing cycle. This underscores the existing research gap and
highlights the significance of developing innovative approaches that leverage the
potential of the PPG sensor to enable comprehensive and real-time monitoring
of the breathing cycle.

This study aims to develop and validate a smart, low-power wearable device
utilizing reflectance-type PPG that can monitor the breathing process in real-
time. Recently, there has been a growing trend towards the utilization of machine
learning techniques in real-time processing of biophysiological data [9,32,40,43],
despite the prevalence of signal processing methods in previous studies. Machine
learning methods offer significant advantages in handling and analyzing bio-
physiological data in real-time scenarios. In this study, various signal processing
and machine learning algorithms were evaluated to extract respiratory informa-
tion from raw PPG signals. Among these methods, the Empirical Mode Decom-
position (EMD) was tested as a baseline. Additionally, a hybrid model com-
bining an autoencoder (AE) and sequence-to-sequence (Seq2Seq) models was
explored. Sequence-to-sequence models were considered due to the input and
ground-truth signals being from different domains. Furthermore, a conditional
Generative Adversarial Network (GAN) with Wasserstein loss was employed to
generate real-time breathing curves from PPG signals. The results revealed that
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the GAN network outperformed the other two methods, showing its potential
as an effective and efficient approach for respiratory monitoring using PPG sig-
nals. This GAN model has been specifically designed to effectively operate on
PPG devices with very low sampling rates, making it adaptable to other PPG
devices. The generated breathing signal can be utilized to extract valuable infor-
mation regarding the breathing process, including parameters such as breathing
depth, inhalation and exhalation durations, or any other relevant data based on
the specific application requirements. In addition to this, to further enhance the
monitoring of breathing, a peak detection algorithm was employed to estimate
RR and breathing depth after generating the breathing curve. By employing
this approach, the proposed wearable device offers a cost-effective solution for
real-time monitoring of the breathing cycle and RR in individuals.

Fig. 1. Overview of the system: A) In data collection, participants are instructed to
breathe normally while data from the PPG sensor and Respiratory Inductive Plethys-
mography (RIP) sensor are recorded. B) Our algorithms, namely Empirical Mode
Decomposition (EMD), Sequence-to-Sequence (Seq2Seq), and Generative Adversar-
ial Network (GAN), will be trained utilizing 1-s windows of pre-processed PPG data
and RIP signal as input and ground truth, respectively. C) In inference time, respi-
ratory cycle is tracked only using PPG signal and subjects can actively monitor their
breathing cycle and respiratory rate (RR) values every 1 s after 20 s of data acquisition.

2 Methods

2.1 Overview

Real-time feedback on breathing phases and respiratory rate holds signifi-
cant potential for clinical, at-home and general ambulatory applications. How-
ever, accurately tracking respiration using a comfortable, low-cost, low-energy
platform may pose challenges compared to the precision achieved by devices
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employed in hospital settings. In this study, we propose an algorithm that lever-
ages a comfortable headband embedded with low-frequency PPG technology.

Figure 1 provides an overview of our system. In the data collection phase, par-
ticipants are instructed to breathe normally while data from the PPG sensor in
the headband and accelerometer data from the chest strap, Respiratory Inductive
Plethysmography (RIP) sensor are recorded (Fig. 1A). The 1 s windows of pre-
processed PPG data and RIP signal are used as input and ground truth, respec-
tively (Fig. 1B), for the proposed algorithms namely Empirical Mode Decomposi-
tion (EMD), Sequence-to-Sequence (Seq2Seq), and Generative Adversarial Net-
work (GAN). The performance of each algorithm in accurately tracking breath-
ing is evaluated, and the output from the most effective algorithm is utilized by
the respiration-rate estimator.

During the feedback phase using the trained models (Fig. 1C), subjects can
monitor their breathing cycle with a delay of 1 s. Respiratory rate (RR) values
are generated after 20 s of data acquisition every 1 s, providing subjects with
timely feedback on their respiration.

Fig. 2. Experimental setup: Subjects were instructed to breath normally while syn-
chronized data of A) PPG sensor embedded in BrainCo’s OxyZen headband and B)
Biosignals Plux RIP sensor in conjunction with C) a signal acquisition hub were col-
lected.
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2.2 Experimental Setup

For the purpose of this preliminary study, 10 subjects participated (3 females,
age 27.4 ± 4.83 years). Participants were instructed to assume a comfortable
seated position and breathe normally for 9min. Figure 2, shows an example of the
experimental setup. Subjects participating in the study were instructed to wear
a BrainCo’s OxyZen headband [8,12], which incorporated a PPG sensor that
uses 0.74mW/s with 25Hz sampling rate. Additionally, they were instructed to
wear a Biosignals Plux RIP sensor [29] with 1000Hz sampling rate. RIP is a non-
invasive technique used to measure respiratory function. The output of the RIP
sensor is a continuous waveform that represents the changes in thoracoabdominal
dimensions over time, providing valuable information about a person’s breathing
behavior. All recorded data from PPG and RIP sensor was then transferred
to the laptop using bluetooth and all processing was performed using python
programming language.

2.3 Pre-processing

We conducted data pre-processing steps to prepare the RIP and PPG data for
analysis. The RIP signal, originally acquired at a sampling rate of 1000Hz, was
downsampled to match the sampling rate of the head-worn PPG sensor, which
operated at 25Hz. In order to prepare the inputs and outputs of the models we
used a window-based approach, generating 1 s (25 samples) windows of input and
output with 20 samples of overlap between hops. Then, we applied a min-max
normalization to each 1 s signal of respiratory strap and PPG data.

2.4 Respiratory Signal Generation

EMD. Empirical Mode Decomposition (EMD) is a powerful data analysis
method that decomposes a signal into intrinsic mode functions (IMFs) through
an iterative sifting process. Each IMF represents a component of the signal with
a distinct frequency and timescale [45]. We employed Ensemble EMD (EEMD)
which is an improved version of EMD and is previously used in respiratory rate
estimation [23,37]. EMD can be sensitive to noise and initial conditions, which
may result in variations and inconsistencies in the decomposed IMFs. Ensem-
ble EMD addresses these limitations by introducing an ensemble approach. It
involves performing multiple iterations of the EMD process on the same signal
with different noise realizations or initial conditions. By averaging or combin-
ing the resulting IMFs across iterations, Ensemble EMD aims to improve the
overall decomposition quality, reduce artifacts, and enhance the reliability of the
extracted components [37]. The key idea behind Ensemble EMD is to leverage
the variations introduced by different noise realizations or initial conditions to
enhance the robustness of the decomposition.

The use of EEMD has been explored extensively in post-processing respira-
tory rate calculations [16]. Therefore we assess EEMD as a strong baseline of
comparison. EEMD was applied to the PPG signal to extract the IMFs using
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publicly available PyEMD library [27,28]. To reduce processing time and accom-
modate real-time constraints, we imposed a limitation of 5 iterations during the
EMD process. Additionally, our data windows were restricted to 1 s to ensure
real-time feasibility. As a result, we generated only 2 IMFs during the EMD.
Based on visual inspection and comparison, we identified the second IMF, which
exhibited the closest resemblance to the respiratory curve and contained the
most relevant respiratory information, as the chosen IMF for further analysis
and tracking.

Seq2Seq. After a series of preliminary experiments using simple feedforward,
recurrent and convolutional architectures, we developed a hybrid model com-
bining an autoencoder and a Seq2Seq model. An autoencoder (AE) is a type
of unsupervised artificial neural network that aims to reconstruct its input at
the output layer while imposing a condition on its hidden representations (e.g.
size, distribution, sparsity). Autoencoders consist of an encoder that compresses
the input data into a lower-dimensional representation, called the latent vector,
while the decoder reconstructs the input from this latent representation. The
use of autoencoders offers several advantages, such as dimensionality reduction,
feature extraction, and new data generation. By compressing the input data into
a lower-dimensional space, autoencoders can capture the most salient features
and eliminate noise and redundant information [5,6].

Sequence-to-sequence is a type of supervised artificial neural network that
aims to transform an input sequence to an output sequence. The Seq2Seq model
also consists of an encoder and a decoder. The encoder processes the input
sequence and converts it into a fixed-length latent representation [13,41].

In this study we used a Seq2Seq model in combination with an AE. Due
to the different nature of the input and output sequences (ground-truth being
a smooth signal and PPG containing fast oscillations), using only the Seq2Seq
model resulted in high losses. To address this, an AE was introduced to extract
the most important information or latent vector from the ground-truth signal.
By generating a more sparse representation of the output signal, the AE helps
to better match the characteristics of the PPG signal, making the overall model
more effective in generating accurate results and reducing the losses encountered
in the Seq2Seq approach. In this approach, the autoencoder accepts inductive
respiratory chest strap signals as input and encodes the latent vector representa-
tion of the RIP signals. The latent representation becomes the ground truth for
our Seq2Seq model, which utilizes the raw PPG to predict the encoded latent
vector from the autoencoder to generate respiratory information from a PPG
signal. The Seq2Seq structure then outputs a generated latent vector, which is
passed as input to the previously trained decoder of our autoencoder to create
generated respiratory signals.

Figure 3 represents the schematic of Seq2Seq model. The Seq2Seq component
(Fig. 3A) starts with an input layer, followed by 2 consecutive Conv1D blocks.
An add layer is applied to combine the outputs of two convolutional layers. This
is followed by additional Conv1D layers with layer normalization and add layers
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Fig. 3. The Seq2Seq model incorporates an autoencoder (AE) for RIP signals and an
encoder for PPG, resulting in a hybrid model structure. A) PPG encoder: encodes raw
PPG into latent representation of respiratory signals. B) RIP endoder: encodes RIP
signals into latent representations for the decoder. This block was only used during
training and was discarded at inference time C) RIP decoder: The generated latent
representation of respiratory signals is given to the decoder to generate the respiratory
signal. At inference time, the input signal to the decoder comes from the PPG encoder
and the RIP encoder is discarded.

to further refine the representations. The output is then flattened and passed
through a dense layer for final processing.

The autoencoder begins with an input layer, followed by a sequential layer.
The encoder section (Fig. 3B) of the autoencoder includes Conv1D layers and a
dense layer for dimensionality reduction. The encoder is followed by a sequential
layer then the decoder (Fig. 3C) which is composed of dense layer and Conv1D
layers for signal reconstruction. The whole model was developed using Tensor-
Flow [1].

This approach enabled us to generate respiratory signals that closely resem-
bled the original data. We utilized an Adam optimizer with a learning rate of
0.0001 and gradient clipping with a threshold of 0.5 to stabilize training. The
mean squared error (MSE) loss function was employed to measure the discrep-
ancy between the predicted respiratory signals and the ground truth. This helped
ensure that the model was trained sufficiently without compromising its gener-
alization capabilities.



Generating Breathing Patterns in Real-Time 105

GAN. A Generative Adversarial Network (GAN) is a type of machine learning
model that consists of two main components: a generator and a discrimina-
tor. The generator aims to synthesize realistic samples, while the discriminator
learns to distinguish between real and generated samples [14]. By training the
generator to produce respiratory signals that closely resemble real signals, GANs
offer a powerful tool for simulating realistic respiratory patterns. In this process,
both parts of the GAN (generator and discriminator) are used during training.
However, during the testing phase, the discriminator is no longer utilized for
generating the output, resulting in significantly faster processing times. This
efficiency allows the GAN-based model to generate accurate and realistic res-
piratory information in real-time applications. A Conditional GAN introduces
additional conditioning information to both the generator and the discriminator,
allowing for more targeted and controlled generation of samples [21].

A Conditional GAN will take pairs of real data samples and their conditions
as well as pairs of fake or generated samples and intended conditions for training.
Using feedback from the discriminator, the generator learns to produce data that
is more realistic and aligns well with a given data pair condition. In our model,
the positive pair (pertaining to ground truth samples) was defined as real PPG
and RIP sensor signals. The negative pair (pertaining to generated samples) was
defined as real PPG and generated RIP sensor signals.

In GANs, loss functions quantify the discrepancy between the generated sam-
ples and the real samples, providing a signal for the model to optimize its perfor-
mance. Two commonly used loss functions in GANs are cross-entropy loss and
Wasserstein loss. Cross-entropy loss measures the dissimilarity between the pre-
dicted distribution and the true distribution [46]. Wasserstein loss calculates the
distance between the generated and real distributions using the Earth Mover’s
Distance. To stabilize training and encourage the generator to produce diverse
samples, gradient penalty is utilized in conjunction with Wasserstein loss GANs.
Gradient penalty introduces a regularization term that penalizes the discrimi-
nator for having large gradients, preventing it from overpowering the generator
during training [15]. We employed Wasserstein loss, which proved to be effective
in mitigating mode collapse and promoting diverse sample generation. We fur-
ther incorporated gradient penalty to enhance generated signal quality. We used
an RMSprop optimizer with a learning rate of 5e-5. The model was trained for
200 epochs.

In our model depicted in Fig. 4, the generator component (Fig. 4A) begins
with an input layer, followed by a series of Conv1D layers. Each Conv1D layer
is paired with a Leaky ReLU nonlinearity and LayerNorm. The discriminator
component (Fig. 4B) also starts with an input layer, followed by multiple con-
volutional layers with a Leaky ReLU nonlinearity and LayerNorm layers. This
model was developed using TensorFlow [1].

2.5 Respiratory Rate Estimation

To confirm the accuracy of the generated signal, an offline analysis of respi-
ratory rate (RR) estimation on the 1min test signal was performed. To accu-
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Fig. 4. Conditional GAN model showing a generator block and a discriminator block,
A) The Generator tries to generate RIP signals based on the PPG conditioning input.
B) the Discriminator computes the discriminator loss based on the input conditioning
signal and the ground-truth RIP signal. If the input to the discriminator comes from
a pair of ground truth RIP and its corresponding PPG, the block should detect the
input as real; otherwise, if the generated RIP is paired with PPG, the discriminator
should classify it as fake.

rately estimate RR from the real and generated signals obtained through our
proposed system, we employed a custom peak detection pipeline. Firstly, we
applied detrending to the signals, which helped improve the definition of peak
occurrences, enhancing the accuracy of peak detection. Next, a moving average
with a 1-s window was applied to the signals. This moving average served to
smoothen the data and reduce any noise or fluctuations, providing a cleaner
signal for further analysis. We then identify peak occurrences across the signals
and store their indices to an array. To detect the valleys between the peaks, we
determine the signal values between two consecutive peak indices and return
the index of the minimum value. This algorithm effectively identified the peaks
present in the signals, which corresponded to the peaks in the breathing cycles.
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Once the peaks and valleys were identified, we proceeded to calculate the
respiratory rate. This involved determining the number of peaks occurring within
a given window range defined as peaks per minute. To achieve this, we counted
the number of peaks within a specified window length of the signal and multiplied
this rate by the sample rate to obtain the rate in peaks per second. Finally, we
multiplied this value by 60 s to express the respiratory rate as peaks per minute.
We calculated respiratory rate in windows of 30-s with a 29 s overlap. We defined
the values to represent the breaths per-minute respiratory rate.

2.6 Breathing Depth

Breathing depth plays a significant role in differentiating between deep and shal-
low breathing. It serves as an indicator of the amount of inhaled air that fills
the lungs during respiration [31]. To quantify breathing depths, we employed an
amplitude measurement, which represents the difference between the peak and
valley of each breath. For each subject, we calculated the breathing depth for
every breath, obtaining individual depth scores. To compare the ground truth
breathing depths with the generated breathing depths, we computed the average
breathing depth scores for each subject. This allowed us to assess the accuracy
and consistency of the generated respiratory signals in capturing the desired
breathing depths.

Figure 5 demonstrates an example of breathing curve, highlighting the signal
peaks and what is denoted as 1 breath and breathing depth.

Fig. 5. Breathing curve characteristics: a 1-minute sample of the RIP signal is depicted
with the peaks highlighted. Here RR, defined as the number of peaks in a minute, is
five bpm. First, the distance between consecutive peaks and valleys is calculated for
the depth score, and then this difference is averaged over the entire sequence.
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2.7 Real-Time Implementation

The generated respiratory signal was streamed at a rate of 25Hz. To enhance
the accuracy of the signal and reduce high-frequency noise, we applied a 1 s win-
dow moving average. Smoothing the generated signal results in a more reliable
representation of the respiratory pattern. Figure 6 illustrates an example of the
streamed generated signal (in blue) along with the recorded PPG signal (in red).
We then apply the aforementioned peak detection algorithm to identify respira-
tory rate as using a 20-s window length updated every 1 s. Next, we performed
a weighted classification of the breathing phase based on the signal character-
istics. By analyzing the slope of the signal, we classified it as either breathing
in or breathing out. A positive slope indicated the onset of inhalation, while
a negative slope indicated the onset of exhalation. The duration of the posi-
tive or negative slope influenced the weighting or confidence assigned to each
breathing phase classification. A longer duration of a particular slope resulted
in a higher weighted classification, indicating a higher level of confidence in the
assigned phase. Breathing phase was detected every 1 s and stored in a phase
classification array.

Fig. 6. GUI: In the study focusing on the breathing generation based on PPG, the
PPG- BREATHING tab of the developed SDK is used. Other tabs won’t be discussed
as they are out of the scope of this paper. In this tab, the model-generated respiratory
curve is displayed at top and Red PPG curve at the bottom. Respiratory Rate estimated
based on our generated signal is shown beside the top plot. (Color figure online)
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To identify a complete breath, we analyzed the stream of breathing state
classifiers. By monitoring the transitions between breathing in and breathing
out states, we determined the occurrence of a complete breath. This sliding 20-s
window (with an overlap of 19-s) allowed for a dynamic classification of breathing
phase.

3 Results

In this study, we utilized three different methods to track the breathing cycle.
Figure 7 shows an example of the breathing signals generated by these meth-
ods (Fig. 7C), along with PPG (Fig. 7A) and the ground truth signal (Fig. 7B)
recorded from a RIP sensor. The models produced real-time signals every second,
resulting in 60 windows that were then concatenated, smoothed and detrended.
Since PPG and RIP have different ranges, for visualization all generated signals
were min-max normalized.

Fig. 7. Model performance comparison: A) A sample of PPG signal given as the input
to the models, B) The ground-truth signal with vertical dashed lines highlighting the
start and end of each breathing phase (inhale or exhale). C) Generated signals by the
three models for the given PPG signal. The GAN-generated signal is more accurately
following the ground-truth.

It is important to note that the generated signals have a 1-s delay com-
pared to the real signal. The example in the figure was intentionally selected to
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demonstrate the strengths and limitations of our proposed method. Since the
EMD method does not rely on supervised learning, its output resembles the
PPG signal more than the desired RIP signal. As shown in the figure, the GAN-
generated signal closely follows the ground truth compared to the other two
methods. However, the GAN algorithm faces challenges in tracking very shallow
breaths (<0.01 au) and fast breaths with higher frequencies (>20 bpm). Since
any breathing period with a bpm above 20 is defined as non-normal breathing,
rapid breathing, or tachypnea [26] we define this algorithm as qualified for the
normal breathing range.

Fig. 8. Quantitative comparison of models: A) As one measure of dissimilarity between
generated signal and ground-truth signal, average DTW distances over 1-minute test
signal for all subjects were compared for all three methods, GAN method shows better
performance with statistical significance. B) All three method’s MAE between gener-
ated and ground-truth signals were also compared to reflect the error between the two.
Similarly GAN-generated signal with less error showed closer behavior to ground-truth
with statistical significance.

To quantitatively assess the performance of three methods in tracking the
ground-truth breathing cycle, Dynamic Time Warping (DTW) and Mean Abso-
lute Error (MAE) were utilized. DTW is a technique employed to measure the
similarity between two time series sequences of different lengths. In comparison
to cross-correlation, DTW excels in local pattern matching, enabling it to focus
on identifying similar segments of the signals. This effectiveness becomes evident
in scenarios where certain segments hold greater importance than others [33].
Specifically, in our generated data, where the signal closely resembles the ground-
truth during specific segments of normal breathing, DTW distance served as one
of the measures to evaluate the performance of the methods quantitatively. Gen-
erated respiratory signals using each method were compared with ground-truth
over the 60 s test data. As a second measure, the normalized generated signals
were compared to the ground truth using MAE. MAE is a metric that calculates
the average absolute difference between the generated signals and the ground
truth, providing a quantitative measure of the overall accuracy of the generated
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signals in relation to the ground truth. In order to compare the statistical dif-
ference, the results were then tested for normality using the Shapiro-Wilk test
showing non-normal behavior in some distributions. To simultaneously compare
the performance of the three methods, a Friedman rank test is utilized, followed
by a post hoc pairwise test employing the Wilcoxon signed-rank test. Lastly,
Holm’s method is used to adjust the significance thresholds (alpha). All statisti-
cal analysis were performed using SciPy [44] and statsmodels [35] libraries. The
results of DTW and MAE analysis are shown in Fig. 8 for test data. Both mea-
sures reveal that the GAN performance surpasses the other two methods with
statistical significance.

Fig. 9. Breathing measures: A) Average RR estimation over 1min test signal, based
on the generated signals by three models are compared with RR of ground-truth for all
subjects individually as well as average over all subjects. B) Depth scores for generated
signals and the ground-truth curve are compared for all individual subjects and average
of all subjects. These graphs shows the superior performance of GAN-generated signal
in monitoring breathing pattern.
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After generating the breathing curves, we proceeded to estimate the RR for
each subject using all methods. In Fig. 9A, we compared the average RR esti-
mation over a 30-s sliding window of the generated test signals with the ground-
truth signal for each subject. Furthermore, we calculated the MAE between rep-
etitions for each subject. This metric provides an assessment of the consistency
and accuracy of the RR estimates across different repetitions. The average MAE
overall subjects for GAN, EMD and Seq2Seq is 1.47, 2.28 and 2.83 bpm respec-
tively. The MAE values provide insights into the overall variability and precision
of the RR estimations, contributing to the assessment of the reliability of the
GAN-generated signals in tracking and estimating respiratory rate. The results
demonstrate minimal differences between the GAN-generated and ground-truth
signal, indicating a high level of similarity in the RR estimations. Alongside the
estimation of respiratory rate, we also computed the average breathing depth
during the one-minute test data for each subject. Figure 9B displays the corre-
sponding results for each subject, comparing the values obtained from the real
RIP signal with those generated by our algorithm. These results underscore the
capability of the GAN generated signals to closely track and mimic the actual
breathing depth. The two other methods show inconsistent behaviour consider-
ing different features. EMD is closer to real signal in RR estimation compared
with Seq2Seq, while Seq2Seq is better in estimating breath depths compared
with EMD.

To evaluate the real-time usage of our method, we recorded demos from two
subjects, one male and one female, while they were actively breathing. These
demos provide valuable insights into how our method performs in real-time sce-
narios and can be used to showcase its potential applications and benefits. The
demo video is available at this hyperlink.

4 Discussion

Real-time monitoring of breathing is of significant importance, particularly in
outpatient settings where low-cost wearables that are comfortable and easy to
wear are essential. In this study, we developed an algorithm utilizing a low-
frequency PPG sensor, enabling real-time assessment of breathing with a 1-s
latency.

Our results demonstrate the feasibility of utilizing a low-frequency PPG for
monitoring breathing. The algorithm’s performance was evaluated on 10 sub-
jects, revealing the GAN’s ability to generate a reliable tracking of the real res-
piratory signal despite the low sampling rate of the PPG (25Hz), which resulted
in a low number of samples per window (25 samples). Importantly, the GAN out-
performed the other two methods, namely EMD and Seq2Seq. This is attributed
to the specific challenge of the low-frequency nature of the PPG signal (25Hz).
While EMD and Seq2Seq focused on capturing the low-frequency oscillations
present in the PPG, only the GAN was capable of effectively tracking the rela-
tively higher frequency content present in the ground-truth signal. The dissim-
ilarity between the three methods and the ground-truth signal was quantified
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using DTW and MAE, acknowledging that some level of variation is expected
due to the different sources of the signals (RIP vs. PPG). Although the magni-
tude of the DTW distance itself does not determine the method’s goodness, it is
evident from Fig. 8A that the GAN exhibits less dissimilarity and statistically sig-
nificant differences compared to the other methods. Figure 8B further supports
these observations by comparing the performance of the three methods using
MAE. Figure 9A illustrates the close resemblance of the GAN-based RR estima-
tions to the ground truth, with an average mean absolute error (MAE) of 1.47
bpm. Additionally, Fig. 9B demonstrates the accuracy of the GAN-generated
signals in estimating breathing depth (Table 1).

Table 1. Comparison of our method and Selvakumar [36]

Paper RR MAE Sampling Rate Window Size

Karman et al. 1.47 bpm 25Hz 1 s

Selvakumar et al. 1 bpm 125Hz 5 s

In the recent literature, there is a scarcity of studies using low-frequency
PPG for real-time breathing monitoring. In comparison to Selvakumar [36], their
method achieved MAE less than 1 bpm over various breathing frequency ranges.
However, it should be noted that their approach employed a PPG with a higher
sampling rate of 125Hz and relied on 5 s of data (625 samples per window),
whereas our algorithm achieves comparable accuracy with only 1 s of data using
a 25Hz PPG sensor (25 samples per window). Overall, our results align with the
latest research in the field and are applicable to any PPG-based system, given
the 25Hz sampling rate.

One of the limitations of our method is that it may encounter challenges in
generating the respiratory signal accurately when the subject exhibits fast and
shallow breathing, as can occur during talking or abnormal breathing patterns.
One possible approach to addressing this limitation would involve utilizing a
higher sampling rate for the PPG data. With a higher sampling rate, our method
may have better captured the nuances of fast and shallow breathing patterns,
thereby potentially improving the generation of the respiratory signal in such
scenarios. Additionally, conducting a real-time evaluation study would allow us
to assess the algorithm’s performance in real-world scenarios. Moreover, it is
important to investigate the user experience and ease of use for operators. This
setup and real-time algorithm will be employed in a clinical study conducted in a
hospital to aid children with pain control after surgery, with the aim of reducing
the use of opioids.

In this study, we explored different signal processing and machine learning
algorithms, such as EMD, Seq2Seq, and GAN, to track the breathing process in
real-time using a low-power PPG signal mounted on a headband. Our developed
GAN algorithm showed promising results in accurately tracking the breathing
cycle. Our findings demonstrate the effectiveness of our algorithm for real-time
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and low-latency breathing monitoring using low-frequency PPG, highlighting
its potential applications in pain control and mindful breathing practices. PPG
sensors integrated into wearable devices, such as smartwatches, provide a con-
venient and continuous means for real-time breathing monitoring. Leveraging
this technology presents an opportunity to track the breathing cycle in diverse
situations, prompting the need for user-friendly solutions. While inductive chest
strap sensors are commonly used in hospital settings, their discomfort limits their
widespread adoption. Our proposed tool addresses these limitations by offering
an easy-to-deploy, comfortable, and user-friendly wearable device for real-time
breathing monitoring. It provides an effective and accessible solution for at-
home respiratory monitoring with potential applications in various healthcare
domains. This sets the stage for future research conducting online evaluation
studies to further validate and improve our method.
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