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ABSTRACT
As a crucial tool for assessing health, spirometry provides

valuable insights into pulmonary functions. Recent advance-

ments have enabled more convenient measurements by shift-

ing spirometry solutions from cumbersome clinical devices

to portable devices. However, the forced maneuvers and

burdensome procedures, which necessitate repeated maxi-

mal forced breathing, often lead to dizziness and discomfort,

rendering them unsuitable for vulnerable populations. In

this paper, we present ESPIRO (Earphone-enabled Speech

sPIROmetry) system to furnish user-friendly pulmonary func-

tion monitoring for diverse populations. Basically, ESPIRO

records normal speech using microphone-embedded ear-

phones and characterizes pulmonary function-related glot-

tal flow during speech production. ESPIRO advances exist-

ing spirometry solutions in i) leveraging phonetics to asso-

ciate pulmonary function with glottal flow in normal speech,

thereby eliminating the need for forced breathing; ii) iden-

tifying effective speech features according to physiological

basis, ensuring reliable spirometry measurements; and iii)

effectively addressing ambient noise, making it suitable for

various real-world settings. Extensive experiments with 38

subjects on 18 commodity earphones confirm that ESPIRO

accurately estimates pulmonary function indices in practice.
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1 INTRODUCTION
Pulmonary diseases present a significant global public health

challenge, with nearly 1 in 13 people affected by asthma [21],

over 200 million individuals grappling with chronic obstruc-

tive pulmonary (lung) disease, and a staggering 488.9 million

people suffering from respiratory infections [60]. To address

this pressing issue, regular pulmonary function (PF) tests

are essential for diagnosis, monitoring, and treatment as-

sessment. Currently, the most widely utilized PF test tool is

spirometry, which measures air volume and velocity expelled

from the lungs. Despite its evolution from cumbersome clini-

cal devices to portable and mobile options [2, 24, 69], the test-

ing procedure remains burdensome and challenging: users

must exert maximal effort to perform a deep inhalation fol-

lowed by at least 6 seconds of forced exhalation, because nor-

mal or arbitrary breathing does not adequately reflect PF [45,

84]. This effort-dependent nature renders such testing un-

suitable for the elderly, children, and pregnant women [59],

often causing breathlessness or coughing [67]. Additionally,

the necessity for test results to meet multiple criteria [28]

often entails repeated attempts [6], resulting in extended

measurement times (15-30minutes), which often cause dizzi-

ness, shortness of breath, or even fainting [34, 56, 72].

To overcome the burdensome procedures of traditional

spirometry, researchers have explored cough and wheeze

sounds [55, 67], but their susceptibility to environmental

factors undermines sample consistency and precision. Moti-

vated by the fact that changes in voice quality can indicate

underlying lung and airway issues [37], researchers have

further investigated the potential of analyzing more stable

vocal features for diagnosing abnormal pulmonary condi-

tions [5, 38, 62, 75, 84]. However, the practicality of these

systems is questionable: users must articulate specific con-

tent at maximum volume in quiet environments until breath
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depletion, while maintaining a consistent distance from the

recording microphone to ensure stable audio characteristics.

These constraints hinder their deployment in many scenar-

ios involving ambient noise and body movements, severely

confining their practicality. Consequently, it is imperative

to explore alternative spirometry schemes that avoid forced

maneuvers and constrained recording conditions for wide

adoption across diverse populations in real-world settings.

The ongoing rapid expansion and widespread adoption of

earables have opened up a unique opportunity for developing

novel health monitoring systems [7, 10, 13, 22], leveraging

their proximity to the human body for non-invasive, con-

tinuous, and highly integrated health tracking [9, 80, 88].

By utilizing embedded microphones to capture signals from

the wearer without disruption from varying acoustic prop-

agation distances, earables have the potential to address

the aforementioned challenges associated with PF monitor-

ing. Indeed, the versatility of earables has already enabled

successful monitoring of heartbeats [7, 10, 22] and respira-

tion [32, 48]. In particular, EarSpiro [82] utilizes earables to

act as spirometers using forced breathing. Nonetheless, the

potential to leverage earables for assessing PF without forced

maneuvers remains an open problem.

Inspired by the fact that variations in PF cause changes

in flow patterns at the glottis (opening between the vocal

cords) during speech production [33], we take a major step

forward by combining the advantages of normal speech and

ubiquitous microphone-embedded earphones for natural PF

assessment. Towards this goal, we face several challenges: on

the theoretical side, while the link between PF and glottal flow
has been noted, the specifics of their interplay are not fully

understood, making it essential to probe deeper into their

relationship for effective system design. Besides, though ini-

tial studies [5, 75, 84] suggest maximal volume speech holds

unique features for PF assessment, these features are not

reliably present in normal speech. On the practical side, mi-

crophones (albeit embedded in earphones) are susceptible

to ambient noise, compromising accurate pulmonary data

acquisition. Existing noise reduction techniques opt for pre-

serving semantic characteristics instead of critical PF details,

highlighting the need for a new noise mitigation scheme.

Moreover, our preliminary analysis indicates that PF details

significantly overlap with certain noise components, making

effective noise separation nearly impossible.

In this paper, we first introduce a phonetics model that

characterizes interactions between the lungs and glottis,

which validates the feasibility of assessing PF from glottal

flow in normal speech. Based on this model, we introduce

ESPIRO; a novel PF monitoring system that leverages mi-

crophones commonly embedded in earphones to estimate

PF indices without forced maneuvers, making daily at-home

monitoring more convenient and user-friendly. Specifically,

PF-Encoded 
Phonetics 

Normal
Speech

Mics
Glottal Flow 

Features

Clean Speech

PF Indices

Figure 1: The concept of ESPIRO: inferring PF indices
from glottal flow features in normal speech.

we first propose a novel scheme to identify speech segments

that are qualified for PF indices estimation.We then develop a

deep learning model with a loss function tailored for preserv-

ing critical PF information while eliminating ambient noise.

Further scrutinizing the effects of PF variations on glottal

flow patterns in the cleansed speech glottal flow enables us

to establish effective features for capturing PF information.

With these features, ESPIRO employs a deep neural estima-

tor to achieve accurate PF indices estimation. To summarize,

we make the following main contributions:

• We introduce ESPIRO, the first endeavour that inter-

prets earable-captured normal speech into PF indices.

ESPIRO can be readily integrated into microphone-

embedded earphones; it offers a user-friendly alterna-

tive to existing methods requiring forced maneuvers.

• We associate glottal flow in normal speech to PF via

a phonetics model. This model enables us to i) design

novel algorithms to mitigate noise impact in normal

speechwhile preserving critical PF details, and ii) estab-

lish effective glottal features for accurate PF estimation

via a deep neural estimator.

• We conduct experiments with 38 subjects and 18 ear-

phones. The results show that ESPIRO achieves er-

rors within the ranges dictated by medical standards,

suggesting its potential as a valuable tool for mobile

pulmonary health management.

2 PRELIMINARIES
This section first introduces the background of spirometry

and then explains how changes in PF can be reflected by

glottal flow in normal speech.

2.1 Basics of Spirometry
Pulmonary diseases consistently alter the internal physiolog-

ical conditions of the lungs and airways [90], leading to daily

variations in physiological status, even in chronic cases [19],

thereby necessitating frequent PF monitoring for prompt

management and effective treatment. As a widely used test,

spirometry indicates lung strength and breathing efficiency

bymeasuring the volume and velocity of air an individual can

exhale; it is crucial for diagnosing pulmonary diseases like

asthma and chronic obstructive pulmonary disease (COPD).

2
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Figure 2: Spirometry shifts from forced breathing to
maximal volume speech, and towards using ESPIRO.

Spirometry is typically conducted using a spirometer, a de-

vice with a mouthpiece linked to a computerized system to

measure airflow volume and velocity. In practice, clinicians

usually extract certain indices for more convenient disease

evaluation and monitoring, including forced vital capacity

(FVC), forced expiratory volume (FEV1), and FEV1/FVC.
1

These values are highly variable, influenced not only by pul-

monary health status but also by factors such as age, height,

and weight, with males generally exhibiting higher values

than females [45]. Moreover, the test requires wearing a nose

clip and performing maximal, forceful exhalations until the

concerned breath is fully expended; failure to adhere to these

instructions may result in inaccurate measurements. These

forced maneuvers are challenging, particularly for vulnera-

ble populations such as the elderly, children, and pregnant

women. Additionally, the burdensome protocols result in

high rejection rates of approximate 50% [6], extending the

measurement duration to 15-30minutes and often causing

dizziness, shortness of breath, or even fainting [72].

Despite the evolution of spirometers from cumbersome

clinical equipment to portable devices, forced maneuvers and

burdensome procedures remain significant barriers to their

widespread adoption. Therefore, this paper aims to overcome

these barriers by utilizing earphone-captured normal speech

to estimate PF indices, providing a user-friendly alternative

to traditional spirometry, as shown in Figure 2.

2.2 From Speech to Pulmonary Function
Speech is one of the most common and essential activities in

our daily lives. Despite variations in speaking speed and tone

across different scenarios, normal speech generally exhibits

stable patterns over months and years [42], which creates an

opportunity for monitoring PF. Speech production involves

the coordinated activity of lungs, vocal cords, and vocal tract

(throat, oral cavity, nasal passages, and lips). We analyze

their interactions to explain the rationale of ESPIRO.

As shown in Figure 3, the lungs first push airflow into the

subglottal tract as a lung pressure wave 𝑝𝐼 . After multiple

reflections within the vocal tract, 𝑝𝐼 transforms into 𝑝 at the

glottis, resulting in the glottal flow 𝐺 (the specific correlation

1
Peak expiratory flow (PEF) is not included in this study due to its significant

variability and unreliability [54], as in other related works [69, 75, 84].
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Figure 3: Speech production process.

between 𝐺 , 𝑝 , and 𝑝𝐼 is explained in Section 3.2). The flow

interacts with the vocal cords, leading to their periodic vibra-

tion and the production of the sound sources. These sound

sources are subsequently filtered by the vocal tract, resulting

in speech, a process that can be expressed mathematically

in the z-domain [53]:

𝑆(𝑧) = 𝐺(𝑧)𝑉 (𝑧)𝐿(𝑧), (1)

where 𝑆(𝑧) is the speech signal, 𝐿(𝑧) is the lip radiation, 𝑉 (𝑧)

is the vocal tract filter, and𝐺(𝑧) is the glottal flow pulse. The

above correlation, spanning from lung pressure wave 𝑝𝐼 to

glottal flow 𝐺(𝑧) and further to speech signal 𝑆(𝑧), reveals

that pulmonary information is encoded into normal speech
via glottal flow—a relationship that previous related studies
have not explored. On this theoretical basis, we estimate PF

function by analyzing the glottal flow in normal speech.

To validate the feasibility of this idea, we record normal

speech from two subjects with lower respiratory tract in-

fections, during illness and one week post-recovery (hence

normal) to represent different pulmonary function states.

Following the setup and pipeline in Sections 3 and 4, we

process the speech recordings and obtain the time-domain

waveform of glottal flow, which represents the glottal flow

volume velocity. Figure 4 shows waveform examples for the

phoneme /a:/ (as in ‘Father’), which exhibits periodicity due

to vocal cord vibration. Under the same pulmonary func-

tion conditions, each subject demonstrates stable patterns,
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(a) Examples of glottal flow for subject 1.

Time (ms)

Am
pl

itu
de

0 2010 30 40 50

1

0

-1
Time (ms)

Am
pl

itu
de

0 2010 30 40 50

1

0

-1

Under normal healthUnder respiratory infection

(b) Examples of glottal flow for subject 2.

Figure 4: Glottal flow in different subjects: under res-
piratory infection vs. healthy state.
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Figure 5: System architecture of ESPIRO.

thereby validating the consistency of normal speech analysis.

Comparing waveforms between under respiratory infection

and normal health, we can observe significant differences re-

lated to peaks, troughs, and inflection points. This intra-class

similarity and inter-class difference confirm the feasibility

of distinguishing PF conditions exploiting glottal flow. Addi-

tionally, variability in glottal flow patterns among subjects

highlights intricacies of this connection and the need for

user-specific estimators.

3 ESPIRO: A MODEL-DRIVEN DESIGN
This section first provides an overview of ESPIRO’s architec-

ture and then delves into individual elements of its design.

3.1 System Overview
As illustrated in Figure 5, ESPIRO consists of four com-

ponents: PF-Encoded Phonetics Modeling, Speech Detection,
Ambient Noise Cancellation, and PF Indices Estimation. PF-
Encoded Phonetics Modeling employs a widely recognized

duct model to describe phonetics, which establishes a novel

mapping from lung flow to glottal flow. According to this

model, ESPIRO decodes PF indices from normal speech cap-

tured by microphone-embedded earphones: ESPIRO first

detects human speech based on unique frequency cues in

Speech Detection. Upon detecting speech, ESPIRO performs

Ambient Noise Cancellation by classifying signals as recover-

able or irrecoverable
2
; it then removes irrecoverable signals

and mitigates noise in recoverable ones using a deep learning

model with a loss function specifically designed to take PF

information into account, ensuring reliable glottal flow char-

acterization. Subsequently, in PF Indices Estimation, ESPIRO
leverages an inverse filter-basedmethod to derive glottal flow

from the normal speech. It then extracts effective features by

analyzing the response of glottal flow to PF variations using

the phonetic model. Finally, a deep neural estimator is used

to accurately estimate FVC, FEV1, and FEV1/FVC.

2
Speech signals are deemed irrecoverable if noise and PF details are too

heavily overlapped to allow for effective noise cancellation.

Subglottal duct (A)Lungs (      )AL

Glottis

Contraction

Expansion

Figure 6: Mathematical model of the subglottal vocal
region coupled to the glottis.

3.2 PF-Encoded Phonetics Modeling
As introduced in Section 2.2, PF information is encoded into

speech via glottal flow. This is a relatively new and less

studied area and still lacks sufficient theoretical justification.

To bridge this gap, we study phonetics, which examines the

interactions among vocal organs during speech. Specifically,

we adopt a widely recognized duct model [30], as shown in

Figure 6. The subglottal tract is modeled as a uniform, hard-

walled duct of length ℓ and cross-sectional areaA (width 2ℎ),

extends from−ℓ to 0 on the𝑥 axis. At𝑥 = −ℓ , it connects to an
infinite duct representing the lungs, positioned at 𝑥 = −ℓ̄(<
−ℓ), |ℓ̄ |→ ∞, with a cross-sectional area of AL. At 𝑥 = 0, the

subglottal tract connects to free space via the glottis, which

features an elliptical shape but is modeled as rectangular

with a constant span of 2𝑎 and a time-varying width of 2𝜉(𝑡 ).

The following explores airflow dynamics through the lungs,

subglottal duct, and glottis, along with their relationships.

PF determines lung flow. The steady contraction of the

lung cavity produces a uniform volume flow in the form of

a plane wave 𝜑 spanning the lung plenum, with constant

strength 𝑞 per unit area. It is determined by 𝜑 = −𝑐0𝑞/2(𝑡 −
𝑥/𝑐0)𝐻 (𝑡 − 𝑥/𝑐0),−ℓ̄ < 𝑥 < −ℓ , with 𝐻 (𝑡 − 𝑥/𝑐0) denotes

the Heaviside step function, 𝑐0 is the sound speed. As an

infinitely long duct, 𝜑 represents the lung’s ability to deliver

airflow—affected by lung elasticity, lung volume, and overall

lung health—depends on 𝑞, which is a function of AL [30].

This confirms that lung flow dynamics encode PF.

Lung flow establishes subglottal pressure waves. As the lung
flow reaches the subglottal duct inlet, the rapid decrease in

cross-sectional area reflects a delayed plane wave 𝜑𝑅 back

into the lung plenum, which interacts with 𝜑 and gener-

ates a pressure wave 𝑝𝐼 = −𝜌0

𝜕
𝜕𝑡

(𝜑 + 𝜑𝑅) = 𝜌0𝑐0𝑞AL/(AL +

A), where 𝜌0 is the mean fluid density. This pressure wave

then propagates through the subglottal duct, forming 𝑝(𝑡 ) =

𝑝𝐼𝐻 (𝑡 − 𝑥/𝑐0) at 𝑥 ∼ 0, corresponding to periodic expansion

and contraction of the glottis. So far, the chain of correlations

suggests that PF-reflected lung flow determines the pressure

wave 𝑝𝐼 and 𝑝 in the subglottal duct.

4
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Subglottal pressure waves form glottal flow. Airflow in the

subglottal duct is ejected due to the pressure wave 𝑝(𝑡 ), form-

ing the glottal flow at speed 𝑣𝜎 (𝑡 ) with the jet contraction

ratio 𝜎 . According to the vortex sound equation [31], the

relationship between 𝑝(𝑡 ) and 𝑣𝜎 (𝑡 ) satisfies

𝑝(𝑡 )

𝜌0

=

A
2𝜋𝑐0 |x|

𝜕

𝜕𝑡
{ 2𝑝𝐼

𝜌0

∞∑︁
𝑛=0

|R|𝑛𝐻 (𝑡 − 𝑡𝑑 ) − 1

2

𝑣2

𝜎 (𝑡 − 𝑡𝑒 )

−
∞∑︁
𝑛=0

1

2

|𝑅 |𝑛[𝑣2

𝜎 (𝑡 − 𝑡𝑑 ) + 𝑣2

𝜎 (𝑡 − 𝑡𝑑 +

2𝑙𝑒

𝑐0

)]},
(2)

𝑅 = −AL − A
AL + A , 𝑡𝑑 =

[|x|+2𝑛𝐿 + ℓ𝑒]

𝑐0

, 𝑡𝑒 =

[|x|+ℓ𝑒]

𝑐0

, |x|→ ∞,

where the subglottal length is augmented by an end correc-

tion 𝐿 = ℓ + ℓ𝑒 to better represent real conditions. Building

on the earlier analysis, PF dictates 𝑞, subsequently affecting

𝑝(𝑡 ) and 𝑣𝜎 (𝑡 ). For homogeneous flow, the glottal volume

velocity (the most commonly used time-domain represen-

tation for glottal flow [36]) is expressed as 𝐺(𝑡 ) = 𝜎∆(𝑡 )𝑣𝜎 ,

where ∆(𝑡 ) = 4𝑎𝜉(𝑡 ) is the cross-sectional area downstream

of the glottis. Therefore, by tracing these correlations, we

can safely conclude that PF affects glottal flow, which can be

quantified through the aforementioned equations. Clinical

practice demonstrates that reduced PF, resulting in lung vol-

ume reduction and subglottal tube narrowing, typically leads

to declines in FVC and FEV1 [91]—reductions in AL and A
correspond to decreases in these indices. Furthermore, the

FEV1/FVC ratio may either decrease or increase, depending

on the specific disease [76]. With this theoretical basis, we

design an effective speech processing pipeline to achieve

accurate PF indices estimation.

3.3 Speech Detection
Accurate detection of speech is essential to avoid running

expensive algorithms on non-speech periods. In real-world

scenarios, the earphone’s microphones can capture diverse

ambient noise, making speech boundary detection very chal-

lenging. To address this, we leverage the fact that human

speech demonstrates pronounced energy fluctuations across
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Figure 7: Illustration of speech detection and segmen-
tation based on sub-band variance analysis.

frequency bands, with distinct peaks at resonance frequen-

cies, while non-speech audio signals demonstrate a more

uniform energy distribution with gradual variations [95].

By analyzing energy changes between different frequency

bands, we can accurately detect human speech. Specifically,

we segment speech signals into 25ms frames and calculate

frame-wise sub-band variance. We then apply a dynamic

threshold set at twice the amplitude variance of the previous

three non-speech frames—an approach validated by prior

research [95]—to accurately detect speech boundaries. In

Figure 7, we showcase examples of clean speech, speech

interfered by domestic and urban noises, and sub-band vari-

ance for three normal speech sentences. We can observe that

frequency band variance peaks at speech boundaries and re-

mains low in noise, and the dynamic threshold can robustly

detect speech onsets and offsets, validating the effectiveness

of our approach. Furthermore, to focus on normal speech,

we exclude segments below 55dB [15], thereby avoiding the

processing of non-normal speech such as whispering.

3.4 Ambient Noise Cancellation
The obtained speech segments inevitably overlap with noise.

To better serve the purpose of frequent PF monitoring, our

goal is to mitigate the impact of noise while preserving PF

details. However, certain noises—including nearby conversa-

tions, musical instruments, television/radio broadcasts, wind,

car horns, and their combinations—can severely overlap with

the speech spectrogram, making it impractical to remove

noise without distorting the original speech. This is partic-

ularly challenging for glottal flow analysis, which is highly

sensitive to spectral distortion, often leading to significant

loss of PF detail [16]. Therefore, we introduce an innovative

method for assessing signal recoverability, with specially

designed reference signal selection to filter out signals with

pronounced spectral overlap. Then, we apply deep neural

networks to refine those recoverable signals for PF analysis.

3.4.1 Recoverability Assessment. Despite the availability of

various speech quality assessment methodologies, their re-

liance on signal-to-noise ratio (SNR) or an overemphasis on

intelligibility fails to adequately assess glottal flow distor-

tions. Given the diversity of speech and noise, speech recov-

erability assessment remains a relatively novel and under-

researched domain, lacking clear evaluation criteria. To ad-

dress this challenge, we propose a novel comparator inspired

by the success of pairwise comparisons of images and voices

in scoring and ranking without clear standards [41, 44].

Comparator Structure. Our comparator, as shown in Fig-

ure 8, integrates three modules: embedding, temporal ag-

gregation for extracting features, and binary classifier for

comparing the recoverability of two signals. Specifically, i)

the embedding model uses the Inception [70] network to

5
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Figure 8: The architecture of comparator.

capture multi-scale features from the input signal, which ef-

fectively characterizes diverse normal speech without the

need for selecting optimal kernel sizes. It employs six Incep-

tion blocks with parallel convolution layers of 1×1, 3×3, and

5× 5 filter sizes, and an additional 3× 3 max-pooling layer to

extract more dominated features from the input. ii) The tem-

poral aggregation model employs temporal convolutional

networks to capture long-term historical information with

low time and memory costs [35]. It comprises four temporal

convolutional blocks (TCBs), each containing two convolu-

tional layers with kernel size of 1× 3 and channel sizes of 32,

64, 64, and 128, respectively. It also utilizes dilated convolu-

tions with dilation factors of 2, 4, 8, and 16, along with weight

normalization. iii) The binary classifier employs three fully

connected layers and a softmax layer, classifying whether

the recoverability of the second input signal is higher than

the first input signal.

In the offline phase, we randomly select two clean speech

signals from a public dataset [58] and introduce noise into

them
3
. To control the level of spectral interference, we change

factors affecting the noise spectrogram, such as altering the

type of noise, adjusting noise power, filtering different fre-

quency bands in the noise, or varying the mixing ratio be-

tween the noise and the speech signals, and ultimately obtain

signals with different degrees of recoverability. These sig-

nals are then framed into 25ms segments with 5ms overlap

and inputted into the comparator to facilitate training by

minimizing the label-smoothed loss function:

𝐿 =

∑
2

𝑘=1
−(𝑦𝑘 (1 − 𝛼) +

𝛼
2

) log(𝑝𝑘 ), (3)

where 𝑝𝑘 signifies the likelihood of classification into 𝑘𝑡ℎ
class, while 𝑦𝑘 denotes correct (1) or mis-classification (0)

into respective class, with 𝛼 = 0.1 as an additional label

smoothing parameter to prevent over-fitting [47]. In the

online phase, earphone-captured speech segments are pair-

wise compared with reference signals that delineate recover-

able and irrecoverable signals. Segments with recoverability

lower than all references are classified as recoverable; other-

wise, they are classified as irrecoverable.

3
The noise is obtained from [51] and [58], encompassing animal sounds,

natural soundscapes, human (non-speech) sounds, human speech sounds,

domestic sounds, and urban noises.

Reference Signals Selection. Effective reference signals are
critical for accurate recoverability assessment. Given that

recoverable signals generally yield lower PF indices estima-

tion errors compared to irrecoverable ones (as demonstrated

in Section 4.3.2), we compare errors from various candidate

signals to identify those that best delineate recoverable and

irrecoverable signals. This process involves three iterative

steps. i) Establishing the Candidate Reference Signal Set: We

add noise to the 𝑅𝑖𝑛𝑡 random clean speech signals, as we

did earlier in the offline phase, to create signals with recov-

erable levels distributed from large to small. These signals

are sequentially divided into 𝑔 groups, from which a sig-

nal is selected to form a candidate reference set with dif-

ferent recoverable levels. ii) Assessing Recoverability using
Candidate Signals: We collect PF indices and around 200min

diverse noisy normal speech signals from subjects. These

noisy signals are compared with candidate signals using the

comparator, and recoverable ones are used for PF indices

estimation. iii) Determination of the Optimal Reference Sig-
nal: Errors trend in PF estimation reveals initially low errors

at high recoverability levels of reference signals, indicating

accurate classification of recoverable signals, although some

may be missed. As recoverability in the reference signals

decreases, errors rise sharply due to misclassification of ir-

recoverable signals as recoverable (see Figure 8). Clearly, the

optimal reference signal is the one with the highest noise

level before errors increase sharply, as it ensures accurate

detection of most recoverable signals while minimizing the

misclassification of irrecoverable ones. This iterative pro-

cess is repeated 𝑅𝑖𝑛𝑡/𝑔 times to generate 𝑔 reference signals

with ample variability. In our proof-of-concept study, 𝑅𝑖𝑛𝑡
and 𝑔 are set to 120 and 10, but can be adjusted according

to available computational resources. Section 4.3.1 validates

the effectiveness of this method.

3.4.2 Noise Removal for Irrecoverable Signals. ESPIRO dis-

cards irrecoverable signals as it is impractical to remove noise

interference from these signals while retaining PF detail.

However, irrecoverable frames do not always occur continu-

ously. If irrecoverable frames are interspersed with recover-

able frames that are shorter than three frames, these recover-

able frames are also removed as they lack sufficient contex-

tual information for accurate pulmonary function analysis.

3.4.3 Noise Mitigation for Recoverable Signals. Despite ad-
vancements in speech noise mitigation [93], these methods

are unsuitable for ESPIRO because their focus on semantics

leads to spectrogram distortions, further introducing errors

in glottal flow extraction. To address this issue, we build a

deep model that uses a new deep feature loss [27] that com-

pares crucial feature disparities in spectrograms between

the denoised signal and a clean speech reference, thus avoid-

ing distortions of PF information during noise mitigation.
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Figure 9: The architecture of noise eliminationnetwork
based on deep feature loss.

Figure 9 shows the pipeline, which includes a noise mitiga-

tion component and a feature loss comparison component.

They are trained alternately to minimize the spectrogram

differences between real clean speech and the output signals.

Noise Mitigation Component. We design a cascaded con-

volutional architecture for noise mitigation, which demon-

strates compactness and low runtime overhead in prior stud-

ies [12]. Specifically, the speech frames are fed into the in-

put layer, then into 12 (experimentally determined) convo-

lutional layers, utilizing 3 × 1 dilated kernel with dilation

factors increasing from 2
0
in the 1-st layer to 2

10
in the 11-st

layer, and no dilation in the 12-nd layer. Each convolutional

layer is followed by batch normalization (adaptive normaliza-

tion) where a non-linear operation was implemented using

point-wise non-linear leaky rectified linear units (LReLU)

[12]. This architecture adapts to varying input signal lengths,

enabling effective processing of speech sequences, including

those with targeted portions located near sequence edges.

Deep Feature Loss Comparison. Using traditional loss func-

tions like mean squared error (MSE) in noise mitigation fails

to prevent spectrogram distortions, which hinders the sub-

sequent glottal information extraction. To address this, we

introduce a feature loss comparison component [27], impos-

ing constraints on spectrogram feature differences between

denoised and clean signals to guide training: It comprises 6

convolutional layers of kernel size 3×1, batch normalization,

and LReLU units, with down-sampling between them by the

factor of 2. During training, noise is added to clean speech

signals 𝑠 from open-source datasets, resulting in 𝑥 . Then, 𝑥

is processed by the noise mitigation networkN with weight

Φ to yield a quasi-clean speech signalN (𝑥 ; Φ). Subsequently,

spectrograms of 𝑠 and N (𝑥 ; Φ) are fed into the feature loss

comparison module, resulting in cross-entropy loss as:

𝐿𝑠,𝑥 =

6∑︁
𝑚=1

𝜆𝑚 ∥𝜓𝑚(𝑠) −𝜓𝑚(N (𝑥 ; Φ))∥1, (4)

where 𝜓𝑚 denote the 𝑚-th feature layer, with impact de-

termined by 𝜆𝑚 set as the inverse of the relative values of

∥𝜓𝑚(𝑠)−𝜓𝑚(𝑔(𝑥 ; Φ))∥1 after 10 training epochs [27].We show-

case that deep feature loss produces more accurate spectro-

gram than MSE loss in Figure 10, affirming our approach’s

superiority. Section 4.3.2’s experiments further underscore

20

10

0

30

1.0

0.5

0 1.00.80.40 0.60.2

1.5

Time (s)

Fr
eq

ue
nc

y 
(k

Hz
)

(a) Noisy speech.
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(b) Clean reference (same content).
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(c) Results of MSE loss.
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(d) Results of feature loss.

Figure 10: Feature loss efficiently mitigates noise, yield-
ing more accurate speech spectrogram over conven-
tional MSE loss. Low frequencies are shown to empha-
size the noise reduction in the most affected range.

the improved performance of our method over conventional

noise mitigation methods techniques.

3.5 PF Indices Estimation
Following the prior analysis, we analyze speech signals to

extract glottal flow signals, then identify effective patterns

by investigating the glottal flow variations under different PF

conditions, and finally apply reliable regression techniques

to predict PF indices.

3.5.1 Glottal Flow Derivation. Given the extensive research

on glottal flow, we adopt a well-established Linear Predic-

tive Coding (LPC)-based technique [3, 16], as shown in Fig-

ure 11. The employed multi-order LPC combinations and

the setting of a 30ms processing window have been exten-

sively validated in the literature, thus eliminating the need

for a redesigned extraction process. Specifically, we focus on

phoneme /a:/ as an example (though other voiced phonemes

are theoretically viable [84]), and we first detect phoneme /a:/

in clean speech via automatic speech recognition [36]. We

follow these steps to extract glottal flow: i) apply 80Hz high-

pass filter on speech 𝑆 to remove low-frequency interference

unrelated to the speech and segment the filtered results into

25ms frames. ii) perform first-order LPC on framed speech

𝑆 to estimate 𝐻𝑔1, representing the combined effects of the

glottal flow and lip radiation. iii) inverse filter 𝑆 with 𝐻𝑔 and

apply sixteenth-order LPC to roughly estimate vocal tract

filter and obtain 𝑉 ′
, iv) based on 𝑉 ′

, inverse filter and inte-

grate 𝑆 to generate a preliminary glottal flow estimate, 𝐺 ′
.

v) repeat the above process with fourth-order LPC, inverse

filtering, and integration, we accurately estimate the vocal

tract filter 𝑉 and obtain the final glottal flow estimate 𝐺 by

inverse filtering and integrating 𝑆 .

3.5.2 Towards Effective Features. Based on the relationship

between PF and glottal flow revealed by the phonetics model

7
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Figure 11: Extracting glottal flow from normal speech.

in Section 3.2, we proceed to delve into effective features for

PF indices estimation, rather than directly feeding glottal

flow into a neural network to learn a mapping that may not

necessarily exhibit causality [63]. Applying Green’s func-

tion [30] to solve Eqn. (2), we can derive the glottal volume

velocity (time-domain glottal flow) 𝐺(𝑡 ) as:

𝐺(𝑡 )

𝑄
=

√︄
𝐼2

+

2𝑞AL

𝑐0A
−

∞∑︁
𝑛=1

|𝑅 |𝑛[

𝐺(𝑡 − 𝑡𝐿)

𝑄
+

𝐺(𝑡 − 𝑡𝐸 )

𝑄
] − 𝐼 , (5)

𝑄 = 𝜎∆(𝑡 )𝑐0, 𝐼 =

𝑄

𝑐0A
, 𝑡𝐿 =

2𝑛𝐿

𝑐0

, 𝑡𝐸 =

2𝑛𝐿 − 2ℓ𝑒

𝑐0

, 𝑡 → ∞.

This equation clearly reveals that glottal flow depends on

properties of lungs, subglottal duct, and glottis, including

lung cross-sectional area AL, subglottal duct cross-sectional

areaA, and subglottal tube length 𝐿, with variations in ampli-

tude associated with the time-varying glottal opening width

𝜉(𝑡 ). Among these factors, 𝐿 is stable for a specific person,

while AL and A are intrinsically linked to PF: Lungs’ ability

to deliver airflow and maintain exhalation (lung compliance)

depends on AL [30]; AL and A also reflect lung capacity

and the degree of obstruction [33]. Reductions in them indi-

cate obstructive lung diseases (e.g., COPD and asthma), em-

physema, restrictive lung diseases (e.g., pulmonary fibrosis),

respiratory muscle weakness, increased airway resistance,

or respiratory tract inflammation and infections [18, 29].

Hence, our focus shifts to exploring the response of 𝐺(𝑡 )

to AL and A dynamics as PF varies. Acknowledging that

the iterative nature of Eqn. (5) convolutes the AL-A-𝑄(𝑡 )

relationship, we harness the junction reflection coefficient

|𝑅 |= |(AL − A)/(AL + A)| that involves both AL and A as

an alternative means of exploration.

Using typical adult male parameters
4
, we compute 𝐺(𝑡 )

based on Eqn. (5), as shown in Figure 12, where |𝑅 | set to
0.9 and 0.5 to represent different PF states and 2𝑓0𝐿/𝑐0 set

to 0.4, 0.6 and 0.8 to represent different subjects. During

each glottal cycle, as glottis opens, returns, and closes,𝐺(𝑡 )

increases to a peak value (representing the maximum flow

rate when the glottis is fully open), decreases, and returns to

zero, matching the waveform observed in real-world settings

(Figure 4). Notably, different |𝑅 | values cause significant dif-
ferences in the trajectories of the glottal open and return

4𝑝𝐼 =10cm of water (∼ 1kPa), 𝑓0=125Hz, 𝑐0=340m/s, 𝜌0=1.23𝑘𝑔/𝑚
3
,𝑚 =

0.5 × 10
−4𝑘𝑔, 𝜎 = 0.62 for d𝜉/d𝑡 > 0, and 𝜎 = 1.15 for d𝜉/d𝑡 < 0.
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Figure 12: Normalized glottal volume velocity wave-
forms; |𝑅 |=0.9 (blue line), and |𝑅 |=0.5 (orange line).

phases, such as the number, positions, and amplitudes of

peaks, troughs, and inflection points. Furthermore, the in-

herent variability in the properties, such as subglottal tract

length, glottis width, and span, leads to different waveform

patterns among subjects even under the same 𝑅, highlighting

the need for user-specific PF estimators.

To effectively capture variations in glottal flow waveform,

ESPIRO extract features from each glottal cycle, including

statistical features (mean, standard deviation, energy) of the
number and amplitude of peaks, troughs, and inflection points,
as well as the distance between them; media-crossing rate;
and wavelet features (maximum, minimum, mean, and stan-
dard deviation of wavelet coefficients in each sub-band) from a
four-level decomposition using db2. These features are highly
sensitive to waveform variations and are also widely used

in existing studies on waveform analysis [11, 64]. We ex-

tract these features from the real-world data presented in

Section 2.2, which covers two subjects experiencing healthy

and impaired PF. We illustrate their t-SNE (t-distributed sto-

chastic neighbor embedding) in Figure 13. Points from the

same user exhibit distinct clustering under different lung

functions, demonstrating that the features effectively differ-

entiate between varying lung functions. Additionally, points

from different users display unique clustering patterns, high-

lighting the necessity for developing user-specific estimators

for each user.

3.5.3 Pulmonary Function Indices Estimation. After extract-
ing effective features from glottal airflow, a new question

emerges: how should we estimate pulmonary function indices?
To answer this, we implement five well-established estima-

tors from related work: support vector machine (SVM) [57],

random forest regression (RFR) [62, 65], gradient boosting re-

gression (GBR) [25, 62], adaboost regression (ABR) [62, 68],

and convolutional neural networks with long short-term

memory networks (CNN-LSTM) [75], each with different

advantages and limitations. The first four models adopt em-

pirically validate optimal configurations, and the CNN-LSTM

model, consisting of cascaded 1D conventional layer, a dense

layer, an attention layer, a concatenate layer, two LSTM

layers, a dense layer, and finally a softmax layer, has been
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Figure 13: t-SNE projection of the features; H and I
denote healthy and impaired PF, respectively.

demonstrated to effectively integrate CNN’s prowess in nu-

anced feature analysis with LSTM’s advantage in captur-

ing long-term temporal dependencies [79]. Notably, we de-

velop user-specific estimators that use personalized data

from the users to infer FVC, FEV1, and FEV1/FVC (aver-

aged from direct predictions and the ratio of predicted FEV1

to FVC). Cross-validation demonstrates that, despite per-

formance variations, all indices fall within acceptable error

ranges [69, 82]. We choose the CNN-LSTM model as the de-

fault estimator for its superior performance, as presented in

Section 4.2.

4 EVALUATION
In this section, we first explain the implementation of ES-

PIRO along with the experiment setup. Then we conduct a

thorough evaluation on ESPIRO under various scenarios.

4.1 Prototyping and Experiment Setup
Hardware and Software. ESPIRO employs microphone-

embedded earphones as the sensing device to record normal

speech sounds of the wearer. Specifically, the evaluation

involves 18 pairs of earphones, each with varying prices

around $100, featuring diverse microphone hardware and

placements, thereby leading to variations in speech signal

quality. Additionally, a laptop (with an Intel Core i7-12700H

processor, 16 GB RAM, and an Nvidia GeForce RTX 4060

graphics card) processes the data as an end server to estimate

pulmonary function indices: FVC, FEV1, and FEV1/FVC.

Data Collection. We recruit 38 participants, including 22

males and 16 females aging between 22 to 56 to collect nor-

mal speech data. Of these, 32 participants are healthy, while

6 have developed respiratory conditions during the study,

providing a broad range of pulmonary function indices val-

ues. The study, approved by our university’s ethics com-

mittee, uses a clinical-grade spirometer [17] to obtain base-

line values for FVC, FEV1, and FEV1/FVC, following stan-

dard procedures [46]. Participants wear one of the available

microphone-embedded earphones to record diverse normal

speech, including both spontaneous and prepared readings

(a subset of the LibriTTS corpus [94], which contains 50

short common English conversations featuring the vowel

Table 1: Errors across different gender and age groups.

Gender Index(%) 20-30 30-40 40-50 >50

Male

FVC 5.6±2.7 5.5±2.7 5.7±2.9 6.0± 2.8

FEV1 4.0±2.0 4.3±2.1 4.7±2.1 4.8± 2.3

FEV1/FVC 1.0±0.8 1.0±0.7 1.1±0.9 1.6±1.4

Female

FVC 5.6±2.9 5.7±3.1 6.3±2.9 6.4± 3.7

FEV1 4.3±2.0 4.4±2.4 5.2±2.6 5.1± 2.6

FEV1/FVC 1.0±1.2 1.3±1.8 1.4±1.6 1.8± 1.9

/a:/). They complete 6 to 10 sessions, each lasting 5 minutes

each, resulting in a total of over 23,800 instances of /a:/ seg-

ments in the collected speech. We also record normal speech

in various ambient noise conditions (30 to 70 dB), involv-

ing human (non-speech) sounds, human speech, domestic

sounds, and urban noises, to assess the system’s robustness

to environmental noise and the effectiveness of the proposed

noise mitigation technique. Additionally, we conduct a num-

ber of experiments across different scenarios and emotional

states to validate ESPIRO’s robustness and effectiveness.

Evaluation Metrics. We assess the accuracy of estimating

pulmonary function indices using the relative error between

the estimated values 𝑥 and the true values 𝑥 , which is defined

as (𝑥 −𝑥 )/𝑥 × 100%. For spirometry systems, the error ranges

for FVC and FEV1 should be less than 10% [20, 69], while

the error rang for FEV1/FVC is stricter, at below 5%, due

to its composite nature [69, 82]. These serve as baselines to

evaluate ESPIRO’s performance.

4.2 Overall Accuracy
We build user-specific estimators for each subject based on

their data from 18 different earphones and conduct five-fold

cross-validation to evaluate ESPIRO’s accuracy in inferring

PF indices. The collected normal speech signals are processed

as described in Section 3.4.3, which estimates FVC, FEV1,

and FEV1/FVC, despite discarding roughly 12% of the in-

stances due to noise reduction-related irrecoverability, with

over 20,000 samples still remaining for the experiment. Over-

all, ESPIRO achieves average prediction errors of 5.8%, 4.6%,

and 1.2% for FVC, FEV1, and FEV1/FVC, respectively. Since

ESPIRO aims to serve diverse populations, Table 1 offers de-

tailed averages±standard deviations, with results grouped by
gender and age. We can observe distinct performance varia-

tions: errors are generally higher for females than males, and

lower for middle-aged individuals than the elderly. Specifi-

cally, FVC errors range from 5.5% to 6.4% and FEV1 errors

from 4% to 5.2%, both within the acceptable 10% error margin.

Besides, FEV1/FVC exhibits lower errors due to its compos-

ite nature, ranging from 1% to 1.8%, within the acceptable

5% error margin. These results confirm ESPIRO’s effective-

ness in estimating pulmonary function indices across diverse

populations.
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Figure 14: Individual components of ESPIRO contribute to reliable estimation of pulmonary function indices.

4.3 Effectiveness of Key Components
We study the effectiveness of key components in canceling

ambient noise and estimating PF indices.

4.3.1 Effectiveness of Recoverability Assessment. Due to the

lack of ground truth for recoverability, we validate ourmethod

by comparing pulmonary function indices estimation errors

across datasets with varying degrees of recoverability. In

particular, we use five datasets: i) clean speech signals; ii)

signals classified as recoverable; iii) signals classified as re-

coverable with 10% randomly discarded; iv) signals classified

as recoverable with 10% irrecoverable signals added; v) sig-

nals classified as irrecoverable. All datasets undergo noise

elimination, and the resulting errors are illustrated in Fig-

ure 14(a). As expected, irrecoverable signals (case v) result

in unacceptably high errors even after noise elimination,

highlighting the need for precise recoverability assessment.

Recoverable signals (case ii) show errors similar to clean

signals (case i), indicating effective recovery to near-clean

speech. Reducing the recoverable dataset (case iii) does not

enhance performance, while increasing it with irrecoverable

noise (case iv) raises errors. This validates the optimality of

the current dataset and the effectiveness of the recoverability

assessment. Furthermore, our analysis reveals that human

speech sounds and urban noises in the surroundings typically

result in irrecoverable signals, whereas human (non-speech)

sounds and domestic sounds generally become irrecoverable

only at higher noise levels.

4.3.2 Effectiveness of Noise Mitigation. Upon detecting re-

coverable signals, noise interference is mitigated for pul-

monary function indices estimation. We particularly con-

duct five-fold cross-validation to evaluate ESPIRO’s perfor-

mance on (i) clean speech signals (about 6,000s speech), (ii)

recoverable signals after applying noise mitigation (about

5,200s speech), and (iii) recoverable signals without apply-

ing noise mitigation (about 5,200s speech). Additionally, to

highlight the advantages of ESPIRO, we implement three

traditional noise elimination methods as baselines: (b1) our

method with MSE loss, (b2) spectral subtraction [73], and

(b3) wiener filter [50]. The resulting relative errors are shown

in Figure 14(b). For noisy speech signals without noise miti-

gation (case iii), the average relative errors for FVC, FEV1,

and FEV1/FVC are 13.3%, 10.7%, and 8.4%, respectively, far

exceeding the acceptable range. After applying noise miti-

gation (case ii), the errors significantly drop to 5.9%, 4.5%,

and 1.2%, respectively, all within the acceptable error range

and comparable to the errors of clean signals (case i). These

results validate the effectiveness of our method in ensuring

reliable estimation of pulmonary function indices. Besides,

comparing case ii with b1 shows that without applying the

deep feature loss, errors increase to 8.9%, 8.3%, and 6.2%, re-

spectively. This indicates that our feature loss is beneficial

and crucial in achieving the desired error margins. Addition-

ally, case ii’s lower errors compared to b2 and b3 demonstrate

the superiority of our method over traditional ones.

4.3.3 Effectiveness of Features. We evaluate the effectiveness

of the features by implementing five well-established esti-

mation models, including SVM, RFR, GBR, ABR, and CNN-

LSTM, with input layers adjusted to match our feature array

size. Figure 14(c) illustrates the relative errors of these five

models under five-fold cross-validation, with average errors

for FVC of 7.2%,7.2%,6.3%,6.4%, and 5.8%; for FEV1 of 6.0%,

5.9%, 5.1%, 4.5%, and 4.6%; for FEV1/FVC of 4.0%, 2.5%, 2.8%,

4.6%, and 1.2%, respectively, all within the acceptable error

range. These good cross-model performances validate the

effectiveness of the features used by ESPIRO, indicating a

strong correlation with pulmonary function indices. Addi-

tionally, we carefully study the feature importance of each

model and find that the statistical features of the number of

peaks, and amplitude of inflection points contribute most sig-

nificantly to accurate estimations. Due to its lowest observed

error, CNN-LSTM is selected as the default model. However,

downstream applications may opt for other models based

on accuracy requirements and computational resources, en-

abling ESPIRO to be deployed more broadly.

Moreover, we extract maximal volume speech features

(MFCC, Mel-spectrogram features, etc.) validated in previous

studies [75, 84] for experiments on normal speech. Among

six models, CNN-LSTM attains the lowest average relative

errors of 18.6%, 18.2%, and 9.7% for FVC, FEV1, and FEV1/FVC.
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Figure 15: ESPIRO exhibits robustness across various devices, emotional states, and impaired speech conditions.

However, these results lag significantly behind our proposed

features, which directly reflect PF information, bypassing

vocal tract modulation.

4.4 System Robustness
4.4.1 Impact of Earphone Models. Microphones are com-

monly integrated into earphones for functions such as call

handling and noise cancellation. However, their varying

placements affect sound propagation and consequently alter

speech quality. To assess the robustness of ESPIRO across dif-

ferent earphone models, we specifically ask each participant

to collect normal speech using 18 different earphones and

compare system accuracy based on microphone positions: (i)

3 devices with on-cable microphones (integrated into the vol-

ume control buttons around chest height); (ii) 11 devices with

on-ear microphones (integrated directly into the ear cups or

earbuds); (iii) 4 devices with on-flexible arm microphones

(mounted on a boom arm extending near the mouth); and (iv)

all 18 devices. We conduct five-fold cross-validation, with

both the training and testing data from the same device, with

results shown in Figure 15(a). Group iii exhibits the lowest

errors, with average FVC, FEV1, and FEV1/FVC of 5.6%, 4.6%,

and 1.2%, respectively, likely thanks to the closer proximity

of the microphone to the mouth. In contrast, group ii demon-

strates the highest errors, potentially due to the longer sound

propagation distance and potential noise from cable friction.

Nevertheless, the errors remain within acceptable ranges,

confirming that various earphone models have significant

potential for reliable pulmonary function monitoring. Never-

theless, the errors remain within acceptable ranges and are

comparable to earlier forced-breathing-based solutions (as

demonstrated in Sec. 4.2). Thus, ESPIRO, an effortless speech-

based system, emerges as a robust and viable alternative to

prior solutions.

4.4.2 Impact of Emotions. Emotional states can influence

glottal airflow patterns in speech [89], potentially affecting

ESPIRO’s performance. To evaluate system robustness under

different emotions, we ask each participant to record normal

speech while experiencing neutral, anger, happy, sad, and

fear, triggered by video clips, a widely used method of elic-

iting emotions [66, 81]. Particularly, we train the estimator

with neutral speech data, and evaluate it using data from

these five emotions through five-fold cross-validations. As

shown in Figure 15(b), the errors are generally higher under

anger, happy, sad, and fear compared to the neutral state,

with fear inducing the largest errors, likely due to changes in

phonation from pressed to breathy and increased glottal flow

waveform asymmetry [77]. Despite these variations, FVC

remains below 7.7%, FEV1 below 6.0%, and FEV1/FVC below

2.9%, all within acceptable error ranges. This confirms that,

while emotions influence the system, ESPIRO can reliably

estimate pulmonary function indices.

4.4.3 Impact of Impaired Speech. In practice, impaired speech

is inevitable and may hinder ESPIRO’s performance. We par-

ticularly evaluate ESPIRO using impaired speech signals

(about 2,240sec) to assess the robustness of ESPIRO. These

signals encompass (i) unclear pronunciation, (ii) speech repe-

tition (stuttering), (iii) sudden pauses, and (iv) abnormal into-

nation. The relative errors are illustrated in Figure 15(c), with

errors from normal speech serving as the baseline. Impaired

speech generally results in higher errors than the baseline.

Particularly, unclear pronunciation results in the highest er-

rors, where FVC at 10.4%, FEV1 at 9.0%, and FEV1/FVC at

4.0%. While FEV1/FVC and FEV1 errors stay within accept-

able ranges, the FVC error slightly exceeds the 10% threshold

but is close to it. Errors for other types of impaired speech are

within acceptable limits. These results suggest that ESPIRO

effectively handles impaired speech and provides reliable

pulmonary function estimates in most cases.

4.5 Performance on Subjects of Pulmonary
Function Impairments

As introduced in Section 4.1, our dataset includes speech of

six participants who developed respiratory diseases for 3 to 7

days and showed varying pulmonary function changes dur-

ing the one-month experiment. We now evaluate ESPIRO’s

performance with these participants to demonstrate its po-

tential in inferring pulmonary function indices for patients

with respiratory conditions. Specifically, the training data
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Table 2: Comparisons of ESPIRO with typical related works on mobile pulmonary function monitoring.

Items SpiroSonic [69] SprioSmart [39] EarSpiro [82] SpeechSpiro [75] Yadav et.al [84] ESPIRO

Measurement Chest wall motion Breathing sound Breathing sound Speech sound Speech sound Speech sound

Theoretical explanation ✓ ✓ ✓ × × ✓

Void of extra hardware ✓ × × ✓ ✓ ✓

Noise-robustness ✓ × ✓ × × ✓

Unforced maneuvers × × × × × ✓

FVC error <2.5%RE 5.2%RE 9.9%RE 11% NRMSE 0.67L(of 1.7-2.63L) 5.8%RE

FEV1 error <2.5%RE 4.8%RE 7.8%RE 12% NRMSE - 4.5%RE

FEV1/FVC error <2.5%RE 4.0%RE 5.1%RE 13%NRMSE - 1.3%RE

are taken in healthy states, while the testing data comes

from the week of illness (denoted as 0 weeks), and one, two,

and three weeks post-illness. Figure 16 shows the average

relative errors for FVC, FEV1, and FEV1/FVC among the six

participants. Results demonstrate the significant potential

of ESPIRO in tracking varying pulmonary function indices,

with average relative errors for FVC below 6.2%, FEV1 below

4.8%, and FEV1/FVC below 1.3%, all within acceptable ranges.

4.6 Unique System Advantages
Table 2 compares ESPIRO with other typical mobile pul-

monary function monitoring solutions, in terms of measure-

ment targets, theoretical explanation, extra hardware require-

ments, noise robustness, necessity for forced maneuvers, and

the reported errors for monitoring pulmonary function in-

dices. Prior solutions, such as [39, 69, 82], primarily analyze

chest expansion and breathing sounds associated with forced

breathing to estimate pulmonary function indices. However,

forced breathing poses significant barriers for vulnerable

populations and often requires multiple attempts for accurate

results, which could cause dizziness and discomfort. Besides,

studies [39] and [82] necessitate specialized mouthpieces for

effective sound collection, adding extra costs.

Studies [75, 84] demonstrate the feasibility of estimating

spirometry indices by analyzing speech sounds, freeing users

from forced breathing. However, they do not fully eliminate

forced maneuvers, as users must read specific text at max-

imum volume until breath exhaustion. Additionally, their
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Figure 16: ESPIRO accurately tracks pulmonary func-
tion indices across various health conditions.

practicality is limited. They infer pulmonary function indices

from common acoustic features, but the lack of theoretical

justification raises concerns about the causality of their map-

pings. Furthermore, the requirement for a quiet environment

and a microphone-enabled device at a specific distance re-

stricts their use in noisy settings and scenarios involving

body movements.

Compared to previous approaches, ESPIRO, a normal speech-

based pulmonary function (PF) monitoring solution using

earphones, offers several inherent advantages: i) ubiquitous

deployment, leveraging commonly available microphone-

embedded earphones and demonstrating robustness across

different models; ii) user-friendliness, requiring only nor-

mal speech without forced breathing, thus eliminating the

need for exhausting and forced maneuvers; iii) broad appli-

cability, as prior systems, which depend on user effort, are

less suitable for the elderly, children, pregnant women, and

individuals with certain conditions, while normal speech

is accessible to a wider population. Additionally, through

rigorous theoretical research and system development, ES-

PIRO offers additional benefits, including a robust theoretical

foundation that enhances medical reliability and efficient

data processing algorithms that ensure effective operation

in noisy environments.

4.7 System Overhead
To accurately assess system overhead, we deploy ESPIRO

pipeline on a Raspberry Pi 4B platform, with DL algorithms

converted to TensorFlow lite, simulating a standalone earable

system with on-device processing. Particularly, the average

system latency (looped 1,000 times) for recoverability as-

sessment, noise mitigation, PF indices estimation, and other

processes are 0.42s, 0.32s, 0.19s, and 0.27s, respectively. These

results demonstrate that ESPIRO generates PF indices within

1.2s of user speech, validating its effective real-time perfor-

mance. Besides, ESPIRO’s speech recording energy consump-

tion is about 181mw, and energy consumption of algorithms

is 849mW (derived by subtracting the recording state power

from the post-operational power). The microphone sampling

runs continuously, but ESPIRO is only active for 1.2 s for
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each estimate (despite around 12% of data experiencing ex-

tended delays due to noise interference), and an estimate is

made around every 2.4s (due to our focus on the prevalent

phoneme /a:/). Consequently, the average energy consumed

per second is 181mW×1s+849mW×1.2s/2.4=605mJ.

5 DISCUSSION
As the first spirometry solution based on normal speech,

ESPIRO certainly leaves several directions to be further ex-

plored. First, ESPIRO’s noise robustness is limited by the

use of a single microphone, making it effective only for pro-

cessing recoverable signals with manageable interference.

Given that advanced earphones now feature multiple micro-

phones, it is prudent to explore their integration to enhance

ESPIRO’s noise robustness, potentially comparing it with

future DL-based glottal flow refinement methods. Second, in-

dividual variability requires user-specific estimators, which

may increase the burden of training data collection. We plan

to address this by using labeled medical records and data

augmentation techniques [74] to expand the dataset. Besides,

we will employ continuous learning methodologies [8] and

implement training data quality assessment to enhance the

model’s generalization capabilities and uphold training ef-

ficacy. Third, we are yet to deliver flow-volume curve [46],

which some spirometers provide as a disease indicator [40].

However, since we already measure FVC and FEV1 values

that correspond to specific points on the curve, it can be

easily achieved through curve fitting [43]. Forth, due to IRB

restrictions, we have not evaluated ESPIRO on subjects with

severe pulmonary disease. Nonetheless, its strong perfor-

mance in users with respiratory infections demonstrates its

potential for tracking lung function variations. We are ac-

tively collaborating with hospitals to gather additional data

from diagnosed patients. Fifth, ESPIRO currently focuses on

the English phoneme /a:/. Studies [84] indicate potential for

other phonemes, such as /i:/, /u:/, and /ei/, highlighting the

need to explore PF inference across additional phonemes,

languages, and dialects. Last but not least, in our pursuit of a

user-friendly health monitoring system, gathering opinions

from both users and medical experts is indispensable.

6 RELATEDWORK
Clinical spirometry typically uses devices such as pneumo-

tachs [23], ultrasonic sensors [78], and hot wire anemome-

ters [52], which require expert operation and can be as

large as a refrigerator [26]. Although portable spirometry

devices [17] are available, they are either costly (> $2,000)

or prone to high measurement errors (>20%).

Recent advances in mobile sensing offer new spirome-

try opportunities by using built-in sensors in mobile and

wearable devices–such as cameras, microphones, and radio

frequency sensors—to capture chest wall movements [4, 14,

24, 61, 69, 85–87, 92, 96], breath sounds [2, 39, 71, 82], and

vibrations [1]. However, these systems require users to re-

main still, maintain an unobstructed chest view, and be in a

noise-free environment, limiting their practical usability in

real-life scenarios. Additionally, these solutions depend on

forced breathing, which increases pressure in the chest, ab-

domen, and eyes, making them unsuitable for vulnerable in-

dividuals [59] and often necessitates multiple test iterations,

potentially causing dizziness or shortness of breath [72].

To overcome the limitations of forced breathing, researchers

have explored more natural approaches. Cough sounds [49,

59] and airway impulse response [91] have been successfully

used for detecting pulmonary diseases. Additionally, speech

analysis [38, 62] has been leveraged to infer pulmonary func-

tion indices. However, these methods still face significant

limitations, such as requiring users to continuously say cer-

tain content until breath exhaustion, and their performance

can be impaired by background noise in practical implemen-

tations. Compared to these existing solutions, ESPIRO avoids

forced maneuvers and difficult procedures, offering advan-

tages such as ubiquitous deployability, user-friendliness, ap-

plicability to diverse populations, and robustness against

ambient noise. Notably, a parallel study has investigated PF

monitoring via arbitrary breathing [83].

7 CONCLUSION
In this paper, we address the problems of forced maneuvers

and difficult procedures associated with traditional spirom-

etry. Particularly, we propose a novel pulmonary function

monitoring system, ESPIRO, that enables frequent home-

based monitoring by utilizing normal speech recorded by

microphones-emended earphones to infer pulmonary func-

tion indices, including FVC, FEV1, and FEV1/FVC. By ana-

lyzing phonetics, ESPIRO reveals the implicit relationships

between pulmonary function and glottal flow that generates

speech. ESPIRO first filters the impacts of ambient noises

in the captured normal speech, then extracts glottal flow

that encodes pulmonary function information. After that,

we propose effective features that accurately predict pul-

monary function indices across various regression models.

Real-world experiments confirm ESPIRO’s accuracy and ro-

bustness, highlighting its potential to improve pulmonary

function monitoring.
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