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Abstract
Exhaled breath is a biologically generated molecular signal exhibit-
ing spatiotemporal humidity–temperature dynamics. Beyond respi-
ratory pattern recognition, interpreting breath as an information-
bearing signal enables non-invasive monitoring of airway function
and supports future wearable and ambient health-sensing applica-
tions. This work studies mouth-nose source localization using a
single low-cost DHT22 sensor. Temporal data from Eupnea, Bradyp-
nea, and Tachypnea are processed using learning-driven methods
for source inference under a subject-independent evaluation proto-
col, achieving a mean balanced accuracy of 76% across leave-one-
subject-out folds, with up to 87% on an individual held-out subject.
The results demonstrate that even minimal sensing hardware cap-
tures discriminative spatiotemporal features while ensuring gener-
alization across unseen subjects, establishing a proof-of-concept for
breath-source localization in air-based molecular communication.

CCS Concepts
• Hardware → Sensors and actuators; • Applied computing
→ Health care information systems.
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1 Introduction
The Internet of Bio-Nano Things targets nanoscale biological and
artificial devices communicating via molecular or terahertz sig-
nals [1, 7], but clinical deployment is limited by miniaturization,
energy, and biocompatibility. As a practical alternative, the Internet
of Bio Things exploits biological transmitters, primarily humans,
and engineered receivers through air-based molecular communi-
cation (ABMC) [2, 13], enabling non-invasive breath monitoring
and linking molecular communication (MC) theory to deployable
healthcare.
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ABMC-based breath sensing aims for low-cost, unobtrusive res-
piratory monitoring beyond clinical settings. Exhaled breath is
modeled as a molecular signal whose source and dynamics can be
inferred using simple receivers.

Unlike conventional clinical breath diagnostics conducted un-
der controlled supervision, this work targets passive and ambient
sensing scenarios where the exhalation origin cannot be assumed
a priori, as individuals switch between nasal and oral breathing
depending on physiology, activity, or airway condition. In such
settings, user input is impractical, motivating automatic source
localization.

Exhaled breath encodes airway, metabolic, and inflammatory
states through gases and aerosols including carbon dioxide (CO2),
humidity, and volatile organic compounds (VOCs) [17]. Building
on our prior work, which showed that humidity-temperature signa-
tures from a single DHT22 sensor can classify respiratory patterns
via machine learning (ML) [3], we extend ABMC to mouth-nose
localization. Although both pathways carry the same biomark-
ers, their origin is diagnostically distinct: oral nitric oxide (NO)
elevation indicates eosinophilic asthma [6], reduced nasal NO sug-
gests primary ciliary dyskinesia [21], and oral versus nasal volatile
profiles differentiate periodontal disease from sinonasal inflam-
mation [12, 18]. The oral-versus-nasal breathing ratio is further
associated with nasal obstruction, sleep-disordered breathing, and
respiratory fatigue.

Thiswork establishes aminimal-hardware sensing-and-decoding
framework for breath-source localization within an ABMC perspec-
tive. Modeling mouth–nose as distinct molecular sources, we inves-
tigate whether a single low-cost DHT22 sensor can support mouth–
nose localization through supervised learning under a subject-
independent leave-one-subject-out (LOSO) evaluation protocol. As
an initial proof-of-concept, our objective is to demonstrate the
feasibility of breath-source localization using a low-cost humidity–
temperature sensor.

Our key contributions can be summarized as follows:

• Breath-source localization formulated as a decoding problem
within ABMC

• Minimal-hardware, wearable-compatible experimental setup
based on humidity–temperature temporal sensing

• Learning-based subject-independent localization framework
with information-theoretic characterization

2 Related Work
Breath-based sensing has been widely explored for non-invasive
healthmonitoring, especially for detecting gaseous biomarkers such
as CO2, NO, and VOCs. While prior studies show strong diagnos-
tic value for respiratory and metabolic disorders, they commonly
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model exhalation as a spatially uniform source, neglecting anatom-
ical origin [9, 14, 17]. Within ABMC, exhaled breath is modeled
as an information-bearing signal propagating through an ambient
channel [2, 13], and recent studies show that simple receivers can
classify respiratory patterns using temporal features [3]. These
works assume a single biological source of emission and do not
address source localization, thereby neglecting spatial ambiguity
in biomarker release. Clinical and biomechanical studies have com-
pared nasal and oral breathing using spirometry [8], imaging [22],
or multi-sensor setups to characterize air�ow [20]. While informa-
tive, these methods rely on bulky instruments, limiting low-cost
sensing and communication-theoretic modeling, and they do not
leverage propagation-induced signal dynamics for source inference.

Recent ML approaches demonstrate that temporal features from
low-cost sensors can classify breathing patterns, but they often
aggregate signals across pathways or assume �xed sources [10, 11].
As a result, diagnostically important cases, where identical biomark-
ers from the mouth or nose indicate di�erent pathologies, remain
largely unaddressed. Localization has been studied in MC, e.g.,
ML-based infection source localization in biological channels [16].
However, existing works focus on estimation or classi�cation per-
formance rather than information-theoretic analysis.

We address these limitations by introducing breath-source lo-
calization within ABMC, modeling mouth-nose as two distinct
and separable molecular sources in space. Using a single low-cost
humidity�temperature sensor and supervised learning on a com-
bined dataset of Eupnea, Bradypnea, and Tachypnea, we investigate
the feasibility of mouth-nose discrimination under a minimal sens-
ing setup. The approach is evaluated under a subject-independent
framework, highlighting its behavior across individuals and the in-
�uence of subject-speci�c variability. This formulation additionally
provides an initial information-theoretic perspective by treating
the anatomical source as an information-bearing symbol observed
through a noisy ambient channel, thereby bridging ABMC theory
with wearable-compatible diagnostics.

3 System Model
Figure 1 depicts the proposed ABMC system, where exhaled breath
is modeled as a molecular signal emitted by a biological source,
propagating through air, and detected by a low-cost receiver. The
objective is to localize the emitting source, mouth or nose, from the
received signal. The model is not intended to provide an accurate
physical description of breath propagation, which would require
detailed �uid-dynamic modeling of turbulent air�ow. Instead, it
serves as a conceptual abstraction that explains how humidity and
temperature signatures originating from mouth and nose exhala-
tions are transformed into sensor measurements and motivates
the subsequent data-driven classi�cation framework. The model
describes the response to a single exhalation event. Temporal pulse
broadening is inherently accounted for through the channel and
sensor impulse responses.

3.1 Source Model
The mouth M and noseN are modeled as discrete molecular
sources. The random variable- 2 fM• Ng denotes which source
produced a given exhalation event, and each event is assumed
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Figure 1: System model for analyzing the exhaled breath
from a source via a channel to a receiver.

to originate from exactly one source. During an exhalation from
source- , air carrying water vapor molecules is released into the
environment. The water vapor concentration of the exhaled air at
the source boundary is modeled as

=- ¹Cº = 2- B- ¹Cº• (1)

where2- is the peak water vapor concentration of the exhaled air,
andB- ¹Cºis a normalized temporal waveform that captures the
air�ow envelope of the exhalation event.

3.2 Channel Model
After emission, the exhaled plume disperses through the ambient
air via advection, turbulent mixing, and molecular di�usion. Over
the short observation window and source�receiver distances con-
sidered, this dispersal and mixing process is approximated as a
linear time-invariant system. Under this approximation, the water
vapor concentration at the receiver location is

=- •channel¹Cº = =- ¹Cº � �¹Cº• (2)

where�¹Cº is the e�ective impulse response that captures the spa-
tiotemporal dilution of the plume between the source and the re-
ceiver.

3.3 Receiver Model
A single DHT22 sensor at the receiver location measures humidity
and temperature, both of which are perturbed by the arriving ex-
haled plume. The sensor is approximated as a �rst-order low-pass
system with impulse response6¹Cº. The receiver observation model
is

y- ¹Cº ¬
�
~- •H ¹Cº
~- •T ¹Cº

�
= f

�
=- •channel¹Cº � 6¹Cº

�
¸ w¹Cº• (3)

where f¹�º maps the local water vapor concentration to the humidity
and temperature levels observed by the sensor, and w¹Cºis an addi-
tive noise process. Since the exhaled plume co-transports heat and
moisture, the local water vapor concentration serves as a su�cient
proxy for both humidity and temperature perturbations at the sen-
sor. The sensor is also assumed to be linear time-invariant system
over the observation window. As the mouth and nose exhalations
produce di�erent spatiotemporal plume characteristics, the result-
ing time series signal at the receiver exhibits source-dependent
signatures. Each received signal is mapped to features from which
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Figure 2: Sensor assembly as used in our experiments. The
sensor is positioned close to mouth and nose.

the source estimatê- 2 fM• Ng is inferred. These systematic dif-
ferences motivate the use of feature-based supervised ML models
to infer the source identity from the measured signals.

4 Experimental Setup
4.1 Hardware Con�guration
A DHT22 humidity�temperature sensor interfaced with an Ar-
duino Uno recorded exhaled breath during Eupnea, Bradypnea, and
Tachypnea at 2 s sampling intervals. This sampling rate was chosen
considering the intrinsic response time of the DHT22 sensor, which
is on the order of several seconds. Consequently, the measurements
capture only slower plume dynamics rather than rapid intra-breath
transients. Mounted on a harmonica stand and positioned� 5cm
in front of the nostrils, the sensor maintained line-of-sight to peak
nasal air�ow while limiting oral-�ow bias (cf. Figure 2). Experi-
ments were conducted indoors under stable ambient conditions,
with the setup ensuring consistent placement across trials. The
resulting setup should therefore be viewed as a controlled labora-
tory prototype for feasibility evaluation rather than as a deployable
system. In practical applications, the sensing unit could be miniatur-
ized and integrated into wearable or smart-environment platforms
for unobtrusive respiratory monitoring.

4.2 Data Collection
Experiments were conducted with three healthy adult subjects (two
male, one female) aged 25�35. None of the subjects reported respira-
tory or airway-related conditions during data collection. Each sub-
ject performed controlled mouth-only and nose-only breathing tri-
als. Eupnea represents natural resting breathing, while Bradypnea
and Tachypnea were voluntarily emulated based on standard clini-
cal ranges. Speci�cally, Eupnea corresponds to 12�20 breaths/min,
Bradypnea to below 12 breaths/min, and Tachypnea to above 20
breaths/min [23]. Subjects followed verbal pacing instructions to
maintain consistent breathing intervals. Each recording corresponds
to a single controlled trial and contains synchronized humidity and
temperature time series. In total, 1021 recordings were collected
across all subjects, sources, and patterns, including 512 mouth- and
509 nose-breathing samples.

Figure 3 shows the baseline-corrected system impulse response
(SIR) for humidity and temperature, averaged over 20 trials to re-
duce environmental variability. Subjects performed a brief exhala-
tion through either the mouth or nose while maintaining a �xed
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Figure 3: System impulse response averaged over 20 trials
and baseline corrected for both mouth and nose.
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Figure 4: Humidity and temperature trends for Eupnea over
5 trials each from mouth and nose.

position relative to the sensor. For the SIR characterization only,
no additional breaths were taken during the observation window,
allowing the impulse response to decay naturally. A 70 s duration
was selected to capture both the initial response and subsequent
relaxation. As shown in Figure 3a, mouth breathing produces a
sharp, high-amplitude humidity impulse due to larger �ow and a
wider plume, whereas nose breathing yields a weaker, more gradual
response. After exhalation, humidity returns to baseline within 60�
70 s, governed by di�usion, ambient mixing, and DHT22 recovery.
These rise�decay pro�les re�ect source-dependent air�ow charac-
teristics. Similarly, Figure 3b shows that mouth breathing produces
a higher temperature o�set due to stronger convective heat transfer.
Unlike humidity, temperature does not return to baseline within
the observation window because of the DHT22's thermal inertia.
Heat retention in the sensor and enclosure leads to slow relaxation
and a quasi-steady elevated o�set.

Figure 4 shows representative Eupnea trials (�ve each for mouth
and nose). From Figure 4a, mouth breathing exhibits a rapid rise to
higher humidity with greater inter-trial variability due to stronger,
turbulent air�ow, whereas nose breathing increases more gradually
and remains tightly clustered. The observed drift and plateau re�ect
sensor response and ambient mixing. Figure 4b further shows that
mouth breathing produces a consistent positive temperature o�set,
while nose breathing remains lower and more stable with minimal
spread. Despite some overlap between trials, thermal signatures
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