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Abstract
Wireless sensing is an emerging technology with a wide range of
applications, but most existing systems capture only the motion of
a single point, such as in respiration monitoring. This limitation
is critical for tasks requiring multi-point data, such as respiratory
volume measurement, where di!erent body points provide distinct
information, and a single point cannot represent them all. In this pa-
per, we propose LiSen, a smartphone-integrated LiDAR system for
multi-point wireless sensing, and demonstrate its contact-free ca-
pability for measuring respiratory volume. LiSen uses smartphone
LiDAR to track multiple chest and abdominal points, enabling the
"rst ranging-based spirometer system that captures the full vol-
ume curve without new-user calibration. We leverage the unique
feature of multi-point sensing to address challenges such as body
interference, diverse breathing patterns, and pressure di!erences.
Tests with 35 examinees show that LiSen accurately estimates both
instantaneous forced expiratory and inspiratory volume, achieving
mean absolute errors below 0.24 L and 0.30 L, respectively, and an
8.93% error for four common pulmonary function indices.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools.
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Figure 1: LiSen uses a novel smartphone LiDAR-based multi-
point sensing method for Pulmonary Function Test (PFT).
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1 Introduction
Wireless signals have been extensively studied for sensing purposes
in recent years. Numerous wireless technologies have been utilized
for sensing including Wi-Fi [82, 88], RFID [71, 76], mmWave [1, 15],
UWB [92, 94], and ultrasound [12, 42, 43, 51]. The basic principle of
wireless sensing is that signal propagation is altered when signals
are re#ected by targets. By analyzing these variations, valuable
information can be inferred about the target’s presence, location,
movement, and even certain physical characteristics. A wide range
of wireless sensing applications has been realized, including contact-
free vital sign monitoring [88, 93], human gesture recognition [20,
48], and material sensing [74, 76]. Wireless sensing eliminates the
need for bulky dedicated sensors by leveraging everyday devices,
such as Wi-Fi routers and smartphones, for sensing.

However, existing wireless sensing systems typically treat the
re#ection path as a single path for analysis [37, 92]. When multi-
ple points on the same object are at similar distances from the
transceiver, their re#ections arrive nearly simultaneously and
merge into a single waveform. In other words, the target motion
can only be represented as the motion of one single point. Even
with an antenna array of eight antennas to steer the signal in a
speci"c direction, the beamwidth remains too wide, preventing
accurate resolution of multiple nearby points [79]. This limitation
does not signi"cantly a!ect certain sensing applications, such as
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respiration rate monitoring, where any point on the chest provides
the same information, making single-point sensing su$cient. How-
ever, it becomes a critical issue for more "ne-grained tasks, such
as pulmonary function evaluation, where information from mul-
tiple re#ection points is required, and di!erent points contribute
very di!erently to the measurements. At present, this level of anal-
ysis requires professional, bulky equipment [50]. Thus, we pose
the question: “Is it possible to leverage portable commercial de-
vices to enable multi-point wireless sensing and support critical
applications such as pulmonary function assessment?”

To answer this question, we explore a current trend in smart-
phones, the most ubiquitous consumer devices. Many of the latest
models are equipped with miniature LiDAR modules, which are
infrared-based depth sensors. LiDAR emits hundreds of beams and
calculates their time-of-#ight directly, achieving millimeter-level
precision [68], which enables essential applications such as aug-
mented reality, 3D object reconstruction, and photography assis-
tance [36, 83]. We observe that their extremely narrow infrared
beams, as narrow as 0.5 degrees, hold great potential for enabling
the proposed multi-point wireless sensing. In this work, we focus
on enabling pulmonary function testing (PFT) using commercial
smartphones, a critical application due to its clinical importance
and the unique challenges that can be addressed by moving from
single-point to multi-point sensing.
Challenge 1 - Body Motion Interference: One critical issue
with existing sensing methods is that the target information can be
easily contaminated by irrelevant body movements. This problem
becomes even more pronounced during pulmonary function testing
(PFT), where vital breathing signals are often buried under large
involuntary torso movements, such as leaning forward [78]. More-
over, unlike normal, natural breathing patterns, the respiratory
motions during forced e!orts in PFT exhibit similarly aperiodic
characteristics to torso movements, making them even more di$-
cult to distinguish. Conventional single-point sensing captures a
composite motion signal in which respiratory and torso movements
are mixed, lacking the spatial context needed to separate them.

Solution 1 - Points Reference: We cancel the body motion
interference by leveraging key points as references for other points
in the multi-point sensing system. The key insight is that certain
areas around the shoulders and pelvis are less a!ected by respi-
ratory motion. Thus, we can extract cleaner body motion signals
from these regions and use the information to build a reference for
canceling torso movement in respiration sensing. Speci"cally, we
"rst track shoulder key points by leveraging dense neighboring
points to provide semantic information. We then model the trunk
of the seated individual1 as a plane rotating around the buttocks.
Finally, we use the reference points on the shoulders and pelvis to
"t the body’s rotation and subtract the body motion e!ect from the
respiration signals.
Challenge 2 - Di!erences in Air Pressure Inside and Outside
the Human Body: After obtaining the precise volume changes of
the chest and abdomen, we observe that they do not directly corre-
spond to lung capacity. This is because lung capacity is measured
by the volume of air under ambient air pressure, which di!ers from
the pressure inside the human body, particularly during forceful

1Note that the target is usually required to be seated during the PFT.

exhalation. Therefore, the volume change of the human body is
not equal to the lung capacity measured by the air volume under
ambient atmospheric pressure. Estimating this hidden parameter
is di$cult using a single-point sensing method. Even with neu-
ral networks, the lack of su$cient spatial information limits the
e!ectiveness of the input.

Solution 2 - Local Coherence Extraction: We estimate the
in"uence of air pressure inside the human lung by leveraging shared
geometric patterns of local surface deformation. This information
can be extracted from the coupling between neighboring points. An
intuitive phenomenon inspires us: A balloon collapses faster when
you squeeze it because higher internal pressure speeds up the volume
change. Human breathing follows the same pressure–volume prin-
ciples, but the relationship is more complex, as both chest geometry
and breathing patterns in#uence lung pressure, even for the same
air volume. To capture this, we develop a physics-informed neu-
ral network (PINN) that encodes the local geometric coherence of
the torso, using relative displacements, surface normals, and patch
volumes as inputs to predict indicative pressure values.
Challenge 3 - The E!ect of Abdomen: Unlike conventional
respiration sensing, where overall torsomotion is looselymapped to
breathing activity, PFT requires distinguishing chest and abdominal
movements. Because chest and abdomen jointly help determine the
true limits of lung volume, yet their body motion relates di!erently
to air volume change [4]. Moreover, respiration mode varies across
individuals. For example, some favor chest breathing while others
rely more on abdominal breathing [8]. Therefore, the chest and
abdomen must be treated as distinct regions, rather than being
modeled as a single sensing point. However, segmenting these
regions is challenging; unlike hand or facial landmarks, no clear
boundary exists between the chest and abdomen as the regions are
usually covered by clothing.

Solution 3 - Point Segmentation: To address the above chal-
lenge, we leverage another unique advantage of multi-point sensing,
i.e., the ability to independently extract information from points at
di!erent body locations. The key insight for segmenting the chest
and abdomen lies in the physiological structure of the human body:
chestmovement is constrained by the rigid rib cage, whereas abdom-
inal movement is not. The structural di!erence between the chest
and abdomen creates noticeable changes in respiration-induced
displacement around their boundary. By comparing displacement
magnitudes across points, we can distinguish chest from abdomen
regions. These two sets of points are then fed into parallel input
branches of the PINN encoder, which jointly produce the "nal
estimate of lung volume.

Based on the proposed new sensing modality, we developed
a smartphone-based PFT sensing system named LiSen. With our
proposed system, PFT, which is “often not available in low- and
middle-income countries”2 can become far more convenient and
accessible to the general public, as illustrated in Figure 1. We im-
plement LiSen on two COTS smartphones (Apple iPhone 12&13
Pro) and a tablet (Apple iPad Pro M1) respectively. We recruited
35 participants aged 21 to 65 to evaluate the e!ectiveness of the

2WHO. Chronic Obstructive Pulmonary Disease (COPD) Fact Sheet. Available at:
https://www.who.int/news-room/fact-sheets/detail/chronic-obstructive-pulmonary-
disease-(copd)

https://www.who.int/news-room/fact-sheets/detail/chronic-obstructive-pulmonary-disease-(copd)
https://www.who.int/news-room/fact-sheets/detail/chronic-obstructive-pulmonary-disease-(copd)
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proposed system using the most common pulmonary function test,
Forced Vital Capacity (FVC). Unlike prior works that require new-
user calibration [64] or bare-chest exposure [53, 61], our system
can be used immediately by new users wearing normal clothing.

In summary, our contributions are as follows:
(1) We explore a new wireless-signal-based modality to enable

"ne-grained multi-point sensing and demonstrate the ca-
pability of the novel sensing modality with LiSen, the "rst
smartphone LiDAR-based Pulmonary Function Test system.

(2) We design a series of multi-point–enabled signal processing
algorithms to address long-standing practical challenges that
cannot be resolved using single-point sensing.

(3) We conducted comprehensive IRB-approved experiments
with 35 examinees to evaluate the performance of LiSen.
The results demonstrate that the proposed system achieves
highly accurate sensing, withmean absolute errors (MAE) be-
low 0.24 L for instantaneous forced expiratory lung volume
estimation and below 0.30 L for forced inspiratory estima-
tion.

2 Background
In this section, we "rst present the basic principles of LiDAR-based
multi-point sensing and the volume measurements it enables, fol-
lowed by a brief overview of Pulmonary Function Testing (PFT).

2.1 LiDAR on Smartphone and Tablet
As a ranging method, LiDAR emits laser beams toward a target and
measures the time it takes for them to return, obtaining distances
from multiple points. Thanks to their low cost and compact size, Li-
DARmodules are widely integrated into commercial mobile devices.
Taking iPhone as an example, the built-in LiDAR module projects
576 beams to the environment [68], producing non-overlapping
speckles arranged in a 24 × 24 array on surrounding objects. The
resulting re#ections are then captured by a cooperating sensor to
measure the time of #ight for each individual beam.

As a result, this multi-point sensing paradigm provides a unique
opportunity to estimate the target’s volume. Figure 2 shows an
example torso volume of region 𝐿 enclosed by the front torso wall
(!"#$% &’((), the xy plane ()’*+ &’((), and ,-./ *"#,, ,/*%-#$,.
Assuming )’*+ &’(( stays still during respiration, Solemani et
al. [65] prove that we can approximate the volume in the form of
multi-point depth, using Gauss’s Theorem:

𝐿𝐿 =
∭

𝑀
(↑ · F) 𝑀𝐿 =

∯
𝑁

(F · n) 𝑀𝑁 ↓ 𝑁𝑂𝑃 _𝑄_𝑅𝑆𝑇 𝑈
∑

𝑂𝑉 , (1)

where 𝑁 is the piecewise smooth boundary surface of region 𝐿
(𝑃𝐿 = 𝑁); n is the outward normal vector of 𝑁 ; F = [0, 0, 𝑂]𝑊 is
a continuously di!erentiable vector "eld; and 𝑁𝑂𝑃 _𝑄_𝑅𝑆𝑇 𝑈 is the
projection of region 𝐿 onto the xy-plane, which can be estimated
using the convex hull algorithm. LiDAR provides precise 𝑁𝑂𝑃 _𝑄_𝑅𝑆𝑇 𝑈
and {𝑂} from dense and accurate multi-point information, which
further boost the "delity of the above approximation.

2.2 Pulmonary Function Test (PFT)
Respiratory movement is a coordinated process driven by the di-
aphragm, intercostal, and abdominal muscles [14, 49]. Inhalation

Table 1:M!"#$%"&’ and other impor-
tant pulmonary function indices

FVC Test In-
dices

Explanation

FVC | F#"*/. 0-1
%’( *’2’*-%3

V#(45/ #! %#%’(
’-" /67’(/.

FEV1 | F#"*/.
/62-"’%#"3 0#(1
45/ -$ ’ ,/*#$.

V#(45/ #! ’-"
/67’(/. -$ %7/
!-",% ,/*#$.

FEV1/FVC | R’%-# #! FEV1
’$. FVC

FIVC | F#"*/.
-$,2-"’%#"3 0-1
%’( *’2’*-%3

V#(45/ #! %#%’(
’-" -$7’(/.
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Figure 2: Coordinate
Setup.

involves the contraction of the diaphragm and the elevation of
the ribs, which expand the thoracic cavity and draw air into the
lungs. Exhalation occurs passively via elastic recoil, or forcefully
with contraction of internal intercostals and abdominal muscles
to increase intra-abdominal pressure. Pulmonary Function Testing
(PFT) quantitatively measures air#ow and lung volume. As summa-
rized in Table 1, the Forced Vital Capacity (FVC) test is the most
commonly used method for obtaining pulmonary function indices.
A standard FVC maneuver [3] requires the examinee to: (i) inhale
maximally after three to four normal breaths, (ii) exhale as force-
fully and completely as possible, and (iii) inhale maximally once
more.

3 Challenges of Dynamic Volume Sensing
The vanilla ranging-based PFT sensing method [64] provides the
basic principle of contact-free PFT. However, it still faces several
fundamental challenges: (1) interference from unintentional non-
respiratory torsomovements; (2) discrepancies between air pressure
and lung pressure; and (3) signal diversity due to individual vari-
ations in breathing patterns, such as mixed chest and abdominal
breathing. In this section, we discuss these challenges in detail.

3.1 C1: Body Motion Interference
Though physicians typically instruct examinees to sit up straight at
the beginning of PFT, many of them inevitably lean forward or back-
ward during maximal inhalation and exhalation maneuvers [64].
Such body sway induces distance signal #uctuation on the decime-
ter scale, which can easily overwhelm respiration-related signals
at the centimeter scale [54, 81]. Therefore, we need to estimate the
body motion and correct the lung volume measurement as:

𝐿𝐿 ↓ 𝑁𝑂𝑃 _𝑄_𝑅𝑆𝑇 𝑈
∑

(𝑄𝑋𝑉𝑌𝑍𝑎 (𝑅,𝑆) ↔ 𝑄𝑏𝑐𝑑𝑒 (𝑅,𝑆)), (2)

where 𝑄𝑋𝑉𝑌𝑍𝑎 (𝑅,𝑆) denotes the measured displacement of the sub-
ject’s front wall, and 𝑄𝑏𝑐𝑑𝑒 (𝑅,𝑆) represents the displacement due to
body leaning (referred to as 5#%-#$ &’(( in the following).

Prior ranging-based PFT systems have explored several ways to
mitigate the e!ect of unintentional motion. SpiroSonic [66] com-
pensates contaminated signals with a linear trend, which only ad-
dresses minor body movements, while DeepBreath [78] subtracts
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Figure 3: (a) Pressure discrepancy-oriented change in air vol-
ume inside and outside body; (b) Di!erent respiratory mech-
anisms of the chest and abdomen.

large-window moving averages to suppress interference from peri-
odic, continuous respiration. Consequently, they fail to account for
aperiodic, single-instance forced breaths during an FVC test, when
unintentional motions can be more pronounced.

3.2 C2: Di!erent Air Pressure Inside and
Outside the Human Body

Another factor we need to consider is the pressure di!erence. The
estimated physical volume of the lung does not directly correspond
to the lung capacity, as shown in Figure 3(a). This discrepancy
arises because lung capacity in PFT is de"ned as the volume of
air exchanged at ambient atmospheric pressure, whereas the intra-
pulmonary pressure (the air pressure within the lung) #uctuates
during respiration [56]. According to Boyle’s law, the volume and
pressure of air are inversely proportional. Thus, we have:

𝐿𝑑𝑉𝑆 ,𝑓 =
𝑇𝑈𝑉

𝑊𝑑𝑉𝑆 ,𝑓
=
𝑊𝑏𝑔𝑒𝑕,𝑓
𝑊𝑑𝑉𝑆

·𝐿𝐿,𝑓 , (3)

where 𝑊𝑑𝑉𝑆 is the ambient air pressure, 𝑇 is the number of molecules,
𝑉 is the temperature, 𝑈 is a constant, and 𝑊𝑏𝑔𝑒𝑕,𝑓 denotes the in-
trapulmonary pressure at timestamp 𝑋 . In practice, the pressure
di!erence can reach over 120 𝑌𝑍𝑎2𝑏 or 0.116𝑐𝑋𝑍 during forced
expiration [2, 35], resulting in more than 10% discrepancies be-
tween𝐿𝑑𝑉𝑆 ,𝑓 and𝐿𝑖 𝑆𝑇𝑒𝑓 ,𝑓 . However, it is di$cult to directly measure
ground truth 𝑊𝑏𝑔𝑒𝑕,𝑓 , the intrapulmonary pressure,3 as it requires a
professional physician to insert a catheter into the lung [72].

3.3 C3: The E!ect of Abdomen
Finally, it is insu$cient to model the measured volume 𝐿𝑑𝑉𝑆 ,𝑓 using
only a single representative pressure 𝑊𝑏𝑔𝑒𝑕,𝑓 , as discussed above. In
practice, pressure and volume changes in the chest and abdominal
regions can vary signi"cantly and independently during the respira-
tion process [2, 40], resulting in di!erent pressures in the lungs and
abdomen. This divergence is partly due to inter-individual di!er-
ences in breathing patterns. Speci"cally, some examinees rely more
on chest breathing, characterized by rib cage elevation, whereas
others predominantly use diaphragmatic (abdominal) breathing,
in which the diaphragm descends to expand lung volume, as il-
lustrated in Figure 3(b). Thus, these two breathing modes induce
di!erent lung and abdominal pressures. Moreover, even the same
3Although handheld respiratory pressure meters exist, they measure pressure at the
mouth or nose [73], which di!ers from the intrapulmonary pressure [11].
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Figure 4: The fourfold pipeline for LiSen.

subject may exhibit slight variations in the mixture of these two
breathing modes across di!erent trials.

Therefore, a chest-abdomen segmentation method is required to
enable regional independent processing in lung capacity estimation:

𝐿𝑑𝑉𝑆 ,𝑓 =
𝑊𝑑𝑗𝑘𝑇𝑙𝑐𝑒,𝑓

𝑊𝑑𝑉𝑆
·𝐿𝑑𝑗𝑘𝑇𝑙𝑐𝑒,𝑓 +

𝑊𝑏𝑔𝑒𝑕,𝑓
𝑊𝑑𝑉𝑆

·𝐿𝑚𝑛𝑐𝑜𝑓 ,𝑓 . (4)

However, there is no clear boundary between the chest and ab-
domen, as both regions exhibit similar respiratory movements un-
der clothing. Existing studies have either only qualitatively classi-
"ed chest- or abdomen-dominated respiration [31, 78], or conducted
simple segmentation under ideal conditions (e.g., examinees with a
bare upper body) [5, 10].

4 System Design
In the following section, we introduce how LiSen responds to the
three challenges with a work#ow depicted in Figure 4 using three
sequential modules, i.e., eliminating the motion interference using
Point Reference (for C1), dividing multi-points into chest wall
and abdomen using Point Segmentation (for C3), and estimating
an indicative pressure cue using Local Coherence Extraction
(for C2). To use the system, the examinee sits on a backless chair,
with both hands holding a spirometer to the mouth, and both arms
raised to avoid occluding the !"#$% &’((. A smartphone LiDAR
is placed in the front. To ensure reliable results and capture the
maximum e!ort, the examinee repeats PFT at least three times [62].

4.1 Multi-Point ROI extraction: Eliminate
Surrounding Interference

The modern smartphone LiDAR captures re#ections of the emit-
ted 576 depth beams and fuses them with optical data to provide
multi-point information in a 256 ↗ 192 depth map4 𝑑 . In addition,
synchronized RGB video 𝑒 , camera intrinsics𝑓 are also streamed.
However, such a dense multi-point sensing paradigm is a double-
edged sword: while it provides meaningful sensing information,
it is also inevitably contaminated by re#ections from surrounding
objects. To address this, we "rst extract the region of interest (ROI)
around the examinee to suppress interferences.

A straightforward approach is to apply neural network–based
segmentation to all RGB frames to obtain the subject ROI. However,

4Even though no direct access to raw LiDAR measurement is available, we can project
the 2D depth map into 3D point cloud in the world coordinate system (WCS).
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this method is computationally burdensome and sometimes unsta-
ble, as it relies entirely on deep neural networks and dense RGB
frames. Instead, we propose a lightweight and stable method that
uses simple threshold-based signal processing to extract the subject
ROI from LiDAR frames with multi-point information. Only the
"rst RGB frame is required for initialization using a pose estimator.

Speci"cally, we use AlphaPose [26] to process the "rst RGB
frame and obtain a bounding box around the examinee’s torso.
LiDAR points within this bounding box are selected as the initial
ROI, and the geometric center of the ROI, denoted as 𝑊𝑚,1, is chosen
as the reference point for the subsequent ROI extraction. We then
leverage the fact that the human chest-to-back distance is typically
less than 30 cm [7], and remove LiDAR points located more than
40 cm deeper than 𝑊𝑚,1 to eliminate re#ections from surrounding
objects. To further separate objects at similar depths, we compute
frame gradients with a Sobel operator and discard points above the
90th percentile of the frame. The remaining connected components
are identi"ed, and the component containing 𝑊𝑚,1 is de"ned as
the "rst-frame LiDAR ROI segment, ω1 (𝑅,𝑆). We then iterate this
process: at each step, the reference point from the previous frame,
𝑊𝑚,𝑓 , guides the segmentation of the next frame to obtain ω𝑓+1 (𝑅,𝑆),
ensuring stable tracking of the examinee over time.

4.2 Multi-Point Reference: Cancel Body Motion
To suppress unintentional whole-body motion during PFT, as de-
tailed in Section 3.1, we exploit four landmarks: the left and right
pelvis, which remain constant as the examinees remain seated, and
the left and right shoulders, which remain "xed during normal
respiratory motion but shift with unintended body movements.
These four points further aid in extracting the respiration-related
ROI, 𝑔𝑓 (𝑅,𝑆) ↘ ω𝑓 (𝑅,𝑆), from the selected torso LiDAR points by
retaining only the points bounded by the four landmarks. More
importantly, they allow us to suppress interference by estimating
depth changes caused solely by unintentional body movements
from the landmarks and subtracting them from the measurements.

4.2.1 Landmark Selections. Pelvis landmarks are relatively easy
to obtain, as examinees remain seated. They can be calculated us-
ing an o!-the-shelf pose estimator (e.g., AlphaPose) in the "rst
frame and kept "xed over time. However, these estimators often
fail to reliably select the shoulder landmarks because there could be
dozens of nearby points in an image meeting the vague de"nition
of “shoulder”. In addition, smartphones may capture only a partial

Algorithm 1:Multi-Point Tracker
Input: Body masks 𝛚 (𝑜𝑛𝑑𝑅𝑐 𝑊 ↗ (𝑝 ↗𝑃 ) )

Output: Pelvis {𝑋_𝑅𝑐𝑏𝐿𝑉𝑜, 𝑎_𝑅𝑐𝑏𝐿𝑉𝑜 };
shoulders {𝑋_𝑜𝑛𝑏𝑘𝑐𝑆 , 𝑎_𝑜𝑛𝑏𝑘𝑐𝑆 };

1 Criteria/thresholds: ≃0.33𝑝 ⇐, 𝑅=70%.
/* 1) Pelvis (fixed) */

2 𝑋_𝑅𝑐𝑏𝐿𝑉𝑜,𝑎_𝑅𝑐𝑏𝐿𝑉𝑜 ⇒ PoseEstimator(𝛚[0] ) .
/* 2) Shoulders. */

3 for 𝑓 = 0 to𝑊↔1 do
4 𝑞𝐿 [𝑟 ] ⇒ get_le!_contour(ω[𝑓 ] ) ;
5 𝑟𝑀𝑁𝑂 ⇒ argmax(get_width(ω[𝑓 ] (𝑟 < 0.8𝑝 ) ) ) ;

/* 2)a, Find underarm as steepest shrink on contour
under 𝑟𝑀𝑁𝑂. */

6 𝑠 = [𝑟𝑀𝑁𝑂 : 𝑟𝑀𝑁𝑂+𝑡] ; // ROI under arm

7 𝑟𝐿𝑀𝑃 ⇒ argmax
(
↔↑𝑞𝐿 [𝑟 ⇑ 𝑠 ]

)
;

/* 2)b, Locate shoulder in the column where arm
thickness hits p-th percentile of mask vertical
span. */

8 {𝐿𝑜 (𝑞 ) } ⇒ calculate vertical span for all near-underarm
columns of ω[𝑓 ];

9 𝑋_𝑜𝑛𝑏𝑘𝑐𝑆_𝑞 ⇒ arg _percentile[p] ({vs(x}) ) ;
10 𝑋_𝑜𝑛𝑏𝑘𝑐𝑆_𝑟 ⇒ "nd nearest row on contour (𝑞𝐿 [𝑋_𝑜𝑛𝑏𝑘𝑐𝑆_𝑞 ])

above underarm;
/* 𝑎_𝑜𝑛𝑏𝑘𝑐𝑆 can be acquired in the same way */

11 𝑜𝑛𝑇𝑔𝑏𝑘𝑐𝑆 [𝑓 ] ⇒ (𝑋_𝑜𝑛𝑏𝑘𝑐𝑆 ,𝑎_𝑜𝑛𝑏𝑘𝑐𝑆 )
12 end
13 return pelvis, shoulder

view of the body, as they are typically positioned close to the ex-
aminee. This can confuse existing pose estimators, causing errors
in distinguishing the front and back of subjects and potentially
swapping the left and right shoulders. These shoulder swaps, as
well as even small-scale jitter, can signi"cantly interfere with the
system, since the shoulder points serve as key landmarks.

To address this issue, we design a lightweight geometry-based
algorithm that uses only depth data, consisting of two phases, as
illustrated in Figure 5. The key insight is that the underarm point
can be used to infer the shoulder point and is easier to locate,
as it consistently appears at the body corner when the examinee
raises their arms. We "rst coarsely identify the underarm point
using rows 4–7 of algorithm 1 by comparing slopes along the body
outline. Next, we re"ne the shoulder point by searching around this
coarse underarm location, leveraging the fact that the vertical line
connecting the shoulder and underarm corresponds to the widest
segment of the arm (as detailed in rows 6–11 of algorithm 1).

4.2.2 Interference Cancellation. After obtaining the four land-
marks, we use them as boundary points to extract the ROI from the
torso LiDAR points, 𝑔𝑓 (𝑅,𝑆) ↘ ω𝑓 (𝑅,𝑆), covering only the chest
and abdominal regions directly involved in respiratory motion. The
next step is to cancel interference from unintentional body move-
ments during PFT. A straightforward approach would be to isolate
the depth changes caused by unintentional movements and subtract
them from themeasurements. However, since unintentional and res-
piratory motions occur simultaneously, it is challenging to separate
depth variations caused solely by unintentional movements.
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Figure 6: (a) Multi-Point Semantic Segmentation (CASeg)
Module; (b) results under varying breathing patterns.

To address this, we leverage the observation that during force-
ful breathing, the body leans forward or backward almost as
a rigid block [52, 69]. In other words, depth changes of all
points caused by unintentional movements can be approximated
as a plane, with the four landmarks (left/right shoulders and
pelvis) serving as coplanar samples of that plane. Thus, we
"t a plane using ordinary least squares on the landmark set
{(𝑅,𝑆, 𝑂) |𝑕_𝑖𝑗𝑘𝑀𝑙𝑚 ,𝑈_𝑖𝑗𝑘𝑀𝑙𝑚 , 𝑕_𝑛𝑙𝑘𝑜𝑝𝑖,𝑈_𝑛𝑙𝑘𝑜𝑝𝑖} to represent such
a plane caused by the unintentional movement:

(𝑞,𝑟,𝑠) = arg min
𝑍,𝑢,𝑣

4∑
𝑤=1

(
𝑞𝑅𝑤 + 𝑟𝑆𝑤 + 𝑠 ↔ 𝑂𝑤

)2 . (5)

Each point on the estimated plane has a depth coordinate 𝑂 which
is subtracted from the corresponding LiDAR measurements to elim-
inate the in#uence of unintentional motions.

4.3 Multi-Point Segmentation: Subdivide Torso
into Chest and Abdomen

After canceling unintentional body motion during breathing, we
further separate the chest and abdomen regions, as these areas con-
tribute di!erently to PFT. The key observation is that during forceful
breathing, chest movement is constrained by rib-cage expansion,
whereas abdominal movement is less restricted. Consequently, a dis-
placement discontinuity tends to appear near the boundary, which
can be used to di!erentiate the two regions. To exploit this ob-
servation, we "rst determine the start and end timestamps of the
breathing movement for PFT. We then calculate the depth displace-
ment "eld over this period, which indicates the magnitude of depth
displacement at each point. Finally, we construct a histogram of
the depth displacement "eld and use it to guide boundary detection
between the chest and abdomen.

4.3.1 Flow–based Time Parsing. The standard PFT requires the
examinee to perform a sequence of breathing maneuvers: a prepara-
tory forced inspiration (5’6-$1), a forced expiration (5’6#4%), and
a second forced inspiration (5’6-$2). To obtain the FVC test re-
sults, we focus on the last two phases, which require accurately
identifying their timestamps. Rather than using volume changes
directly, we estimate air#ow speed, which provides a more accurate
and straightforward measurement.

We use the Hampel "lter [55] and moving average smoother to
get the #ow based on the measured volume trace 𝐿𝐿,𝑓 :

𝑡𝑖 𝑆𝑇𝑒𝑓 ,𝑓 = movavg
[
Hampel

[
( 𝐿𝐿,𝑓 ↔𝐿𝐿,𝑓↔1 )/𝑄𝑜

] ]
. (6)

Algorithm 2:Multi-Point Segmentation (CASeg)
Input: Depthmap frames 𝑌 (shape𝑊 ↗ (𝑝 ↗𝑃 ));
!"#$% &’(( masks𝑥 (length-𝑊 list);
point tracker 𝑦𝑊 (shape𝑊 ↗ (𝑝 ↗𝑃 ) ↗ 2);
5’6#4% interval [𝑓𝑄𝑅𝑀𝑁𝑅 , 𝑓𝑆𝑇𝑈 ].
Output:Masks CHE (length-𝑊 list), ABD (length-𝑊 list).

/* 1) Build Depth Displacement Field */

1 𝑧 ⇓

𝑆𝑇𝑈 ⇒ 𝑦𝑊 [𝑓𝑆𝑇𝑈 ] (𝑧 [𝑓𝑄𝑅𝑀𝑁𝑈 ] ) ;
2 ε𝑘 ⇒ 𝑌 [𝑓𝑄𝑅𝑀𝑁𝑅 ] (𝑧 [𝑓𝑄𝑅𝑀𝑁𝑅 ] ) ↔ 𝑌 [𝑓𝑆𝑇𝑈 ] (𝑧 ⇓

𝑆𝑇𝑈 ) ;

/* 2) Leverage histogram of ε𝑘 to split 0th-frame mask
into chest/abdomen */

3 𝑙𝑇𝑘𝑐𝑜_ε𝑘𝑀𝑉𝑉 ⇒ arg_peaks (hist(ε𝑘 ) ) ;
4 𝑙𝑇𝑘𝑐𝑜_ε𝑘⇔ ⇒ arg_peaks (hist(ε𝑘𝑊<𝑋/2 ) ) ;
5 𝑙𝑇𝑘𝑐𝑜_ε𝑘↖ ⇒ arg_peaks (hist(ε𝑘𝑊↙𝑋/2 ) ) ;
6 𝑓𝑛𝑆𝑄𝑆𝑌 ⇒ Select threshold to segment dominant motion area (i.e.

coarse mask of chest or abdoman), using majority displacements
{𝑙𝑇𝑘𝑐𝑜_ε} with criteria in Sec. 4.3.3;

7 𝑥𝑍𝑎𝑀𝑁𝑄𝑆 ⇒ arg(ε𝑘 ↙ 𝑓𝑛𝑆𝑄𝑆𝑌 )

/* 3) Find steepest shrink row to split the mask into
chest/abdomen */

8 𝛥 [𝑟 ] ⇒ get_width(𝑥𝑍𝑎𝑀𝑁𝑄𝑆 ) ;
9 𝑟𝑄𝑆𝑌 ⇒ argmax𝑊

(
↔↑𝛥 [𝑟 ]

)
;

10 CHE0 ⇒ {𝑧 [0] : 𝑟 < 𝑟𝑄𝑆𝑌}; ABD0 ⇒ {𝑧 [0] : 𝑟 ↙ 𝑟𝑄𝑆𝑌 };

11 for 𝑓 ⇒ 0 to𝑊↔1 do // Project masks to all frames
12 CHE[𝑓 ] ⇒ 𝑦𝑊 [𝑓 ] (CHE0 ) ; ABD[𝑓 ] ⇒ 𝑦𝑊 [𝑓 ] (ABD0 ) ;
13 end
14 return CHE, ABD

// *CHEST = chest, ABD = abdomen.

Then we use the peak "nder algorithm [70] to select positive
peaks, which represent the maximal expiratory #ow in 5’6#4%;
negative peaks, which represent the maximal inspiratory #ow in
5’6-$2. Phase boundaries are de"ned as the samples nearest to
zero around these peaks, yielding the corresponding timestamps
(𝑋out,start, 𝑋in2,start, 𝑋in2,end) for a full FVC cycle (as represented in the
1st rows of algorithm 2).

4.3.2 Point-wise Depth Displacement (ε𝑑) Field Mapper. After ob-
taining the start and end timestamps of the breathing, we calculate
the depth displacement "eld over this period, which indicates the
magnitude of depth change at each point. However, LiDAR points
at di!erent timestamps do not necessarily correspond to the same
physical locations on the torso due to unintentional body move-
ments. Thus, we leverage the four landmarks (two shoulders and
two pelvis points), stably tracked as described in Section 4.2, as
anchors. Each LiDAR point in di!erent frames is then matched
based on its relative distance to these four anchors, which remain
constant under body motion. For every tracked point, the depth
displacement during forced expiration (5’6#4%) is computed as:

ε𝑀 = 𝑂 (𝑋𝑇𝑔𝑓 ,𝑜𝑓𝑑𝑆𝑓 ) ↔ 𝑂⇓ (𝑋𝑇𝑔𝑓 ,𝑐𝑒𝑘 ), (7)

yielding a dense depth displacement "eld ε𝑑 (𝑅,𝑆), that represents
respiration-induced movement (2nd row of algorithm 2).

4.3.3 Histogram-guided segmentation. Finally, we use the obtained
depth displacement "eld ε𝑑 (𝑅,𝑆) to segment the chest region and
the abdomen region. The principle is to identify the boundary based
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on the distinct movement patterns: chest motion is constrained by
rib-cage expansion, whereas abdominal motion is less restricted.
In other words, during forceful breathing, points within the chest
region exhibit similar depth displacements, as do points within the
abdomen region. Thus, it is necessary to examine the distribution
of depth displacements. Speci"cally, we analyze this distribution
using the histogram 𝑎 (ε𝑑) of all points, as shown in Figure 6:

• Two large displacement histogram peaks represent the point
clusters in chest and/or abdomen, re#ecting a plateau-like dis-
placement pro"le [19, 40].

• Small-displacement peaks (⊋ 2 cm, often smoothed by clothing)
correspond to background clusters—body parts that remain
stationary during breathing.

• The sparse histogram valleys between the chest and abdomen
peaks indicate the boundary we aim to identify.

The boundary is estimated based on two observations: (1) its
displacement should lie between the chest and abdominal displace-
ments, as it is physically located between the two regions; and (2)
the number of points in the boundary area should be much smaller
than in the chest or abdomen regions. The corresponding algorithm
is shown in the 3rd–7th rows of algorithm 2. Usually, the boundary
obtained from the above method is su$cient to distinguish the
chest and abdomen regions as shown in Figure 6b. However, in
some cases, clothing can blur this boundary, as illustrated in the
upper-right sub"gure of Figure 6a. To address this, we compute the
width of each row of boundary points; the row exhibiting the steep-
est top-to-bottom width drop indicates the anatomical transition
between the chest and abdomen.

4.4 Local Coherence Extraction: Compensate
Pressure Di!erence

To fully exploit the multi-point geometry of LiDAR data, we convert
depth maps into 4D point cloud sequences (3D space + time). Point
clouds maintain permutation invariance and scale consistency, al-
lowing per-point attributes, such as surface normals, to capture
local geometric context. A temporal–spatial kernel then clusters the
4D point cloud sequence into patches, providing structured input
for our physics-informed neural network (PINN) as depicted in Fig-
ure 7. This pipeline aligns global and local features, compensates
for pressure variations, and decodes accurate respiration volumes.

4.4.1 Conversion of DepthMap to Point Cloud. 3D point clouds pre-
serve invariance and metric consistency, enabling local descriptors
for "ne respiratory motion. We unwrap depth 𝑑 (𝑢, 𝑜) to (𝑅,𝑆, 𝑂) us-
ing camera intrinsics [39], and downsample by a same-index policy
(odd rows) for stability and e$ciency. For a 190 cm tall examinee
seated 80 cm from the lidar, this yields an average of ∝1318 points
for %7/ *7/,% &’(( and ∝1620 points for %7/ ’).#5/$ &’((.
Representation of each point is enriched with a surface normal
(n = (𝑇𝑞 ,𝑇𝑟,𝑇𝑄)) estimated via PCA over its 35 nearest neighbors.
Finally, frames are centered by translating their centroid to the
origin, and the normalized *7/,% &’(( and ’).#5/$ &’(( clouds
serve as dual input to our PINN pipeline.

4.4.2 Physics-Informed Neural Network (PINN). While pressure
di!erence is usually ignored in prior ranging-based lung function
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Figure 7: Physics-informed neural network of LiSen, con-
sisting of a dual-input point cloud encoder, an indicative
pressure-cue, and an Informer [97]-based decoder.

measurements, our idea is to exploit the multi-point information of
the !"#$% &’((, and the region volume estimate 𝐿𝐿,𝑓 , to recover
an instantaneous suggestive intra-pulmonary pressure 𝑊lung,𝑓 that
corrects the lung volume estimate 𝐿𝑑𝑉𝑆 according to Boyle’s law.

An intuitive observation suggests the feasibility of a physical
correlation between {𝑊𝑏𝑔𝑒𝑕,𝑓 } and {𝐿𝐿,𝑓 }: for a de"ating balloon,
the volume shrinking would accelerate when the inner pressure is
increased, e.g., by squeezing it by hand. We theorize the phenomenon
with two complementary descriptions of the same air#ow 𝑡 :

𝑡 =

(
𝑊𝑏𝑔𝑒𝑕,𝑓 ↔ 𝑊𝑑𝑉𝑆

) 2
3

𝑈︸⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︷︷⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︸
Fluid Mechanics [57]

= ′𝐿𝑑𝑉𝑆 ,𝑓 =

(
′𝑊𝑏𝑔𝑒𝑕,𝑓 𝐿𝐿,𝑓 + 𝑊𝑏𝑔𝑒𝑕,𝑓 ′𝐿𝐿,𝑓

)
𝑊𝑑𝑉𝑆︸⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︷︷⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌⨌︸

General De"nition

. (8)

Although respiration is an open system, we apply Boyle’s law at
each sampling instant by approximating the lungs as a quasi-static
system with a "xed gas amount. This normalizes lung volume to
ambient atmospheric pressure, aligning with standard pulmonary
function tests (PFT) [33] and grounding the general de"nition of
air#ow above. This yields a di!erential equation for 𝑊𝑏𝑔𝑒𝑕,𝑓 :

′𝑊𝑏𝑔𝑒𝑕,𝑓 + 𝑊𝑏𝑔𝑒𝑕,𝑓 ·
′𝐿𝐿,𝑓
𝐿𝐿,𝑓

↔
𝑊𝑑𝑉𝑆

𝑈 ·𝐿𝐿,𝑓
· (𝑊𝑏𝑔𝑒𝑕,𝑓 ↔ 𝑊𝑑𝑉𝑆 )

2
3 = 0. (9)

Because 𝑈 varies with airway geometry and #ow regime, we
solve this data–physics coupling with a physics-informed neural
network (PINN) [9] shown in Figure 7. For data#ow, two 4D se-
quences from chest/abdomen are encoded via point-cloud back-
bones [24, 25] into pressure-normalized volume embeddings. These
embeddings are fused in a decoder and further re"ned by an In-
former, together with metadata-based personalization, to regress
the PFT volume curve {𝐿𝑑𝑉𝑆 }. For supervision, the model is op-
timized against ground-truth spirometer measurements using a
mean squared error (MSE) loss. The ODE penalty (Equation 9) is
omitted, as enforcing this regularization leads to instability and
hinders convergence.

Multi-Scale Patch Inputs: Following point cloud preprocessing
with the point 4D convolutional (P4D-Conv) layer [24], we partition
each frame’s chest and abdominal input sequences into 𝑣0 = 40
patches (32 points per patch). This patch-based grouping captures
local geometry at a de"ned scale. To capture multi-scale features,
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Figure 8: Multi-branch encoder to accommodate multi-scale
patches.
the centroids of the primary patches are hierarchically pooled (𝑣1 =
9, 𝑣2 = 1), yielding complementary spatial granularity.

Figure 8 shows our multi-branch encoder inspired by mSi-
lent [87], in which features from each scale are fused through
element-wise addition rather than channel concatenation. This
design enforces projection into a shared feature space while re-
ducing over"tting and parameter count. Notably, our architecture
is fundamentally adapted to handle distinct data modalities com-
pared to [87] (4D point clouds Vs. 2D time-frequency spectrograms),
including modi"ed preprocessing and encoder layers.

Each patch sequence is processed with a modi"ed P4D-Conv
layer [24], using as input: (i) relative spatio-temporal displacement
𝑤𝑤𝑤 = [𝑤𝑞 ⇓ ,𝑤𝑟⇓ ,𝑤𝑄⇓ ,𝑤𝑓 ⇓ ]∞, (ii) surface normals n, and (iii) absolute
displacement along the 𝑂 axis, which directly re#ects lung volume
changes. The output is:

𝑡 =
∑
𝑓_𝛥𝑉𝑒

∑
𝑕𝑆𝑇𝑔𝑅

∑
𝑅𝑑𝑓𝑚𝑛

(W𝑘 · 𝑤𝑤𝑤 +W𝑒 · n +W𝑄 [𝑂
⇓
]) , (10)

where W𝑘 ,W𝑒,W𝑄 are kernel weights. In our intended postures,
clothing air gaps often appear as thin, stripe-like wrinkles in depth,
which are more locally abrupt than the torso’s smooth depth varia-
tion. The patch features incorporate local coherence and facilitate
suppression of wrinkle outliers by leveraging nearby regions with
tighter garment–body contact. Finally, a spatio-temporal trans-
former (PST-tran) [25] fuses patch features across space and time.
We supplement its encoding with an embedding of instantaneous
patch volume, boosting pressure regression e$cacy.

Pressure cue and decoding: Parallel heads estimate compart-
mental pressures 𝑊𝑏𝑔𝑒𝑕,𝑓 , 𝑊𝑑𝑗𝑘𝑇𝑙𝑐𝑒,𝑓 and volumes 𝐿𝑚𝑛𝑐𝑜𝑓 ,𝑓 , 𝐿𝑑𝑗𝑘𝑇𝑙𝑐𝑒,𝑓

(the latter from the naïve geometric estimator in Equation 1). Mo-
tivated by Boyle’s law, we inject a physically meaningful cue by
multiplying pressure and volume for both chest and abdomen, and
let an attention merger learn time-varying mixture weights to ac-
commodate inter-examinee and inter-trial variability:

𝑏𝑐𝑒𝑚 = A"n_Merger{𝑊𝑏𝑔𝑒𝑕,𝑓𝐿𝑚𝑛𝑐𝑜𝑓 ,𝑓 , 𝑊𝑑𝑗𝑘𝑇𝑙𝑐𝑒,𝑓𝐿𝑑𝑗𝑘𝑇𝑙𝑐𝑒}. (11)

Sequences are sampled at 30Hz and often exceed 200 time steps
during a single 5’6#4% or 5’6-$2, requiring long-range temporal
modeling. We therefore decode 𝑏𝑐𝑒𝑚 with a 5-layer Informer [97]
using ProbSparse self-attention, which retains only the most in-
formative queries, achieving O(𝑇 log𝑇) memory complexity and
near-O(1) per-step latency.

Metadata personalization and training: Finally, the Informer
output and meta information (sex, height, weight, age, smoking)
are projected by MLPs into a shared space and fused via multi-
head attention to "ne-tune the prediction; a "nal MLP predicts

b) Example experiment environment c) Experiment apparatus
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SP-90 

Spirometer

iPad 
Pro 5th 
iPhone 
13 Pro 
iPhone 
12 Pro

a) Example 
LiDAR’s view

Indoor 1

Indoor 2 3 Outdoor 14 5

Figure 9: Setup of experiment.

Figure 10: Demographics of cohorts 1 and 2.

𝐿lung,𝑓 . This metadata-based personalization is calibration-free: it
does not require paired ground-truth lung-volume measurements,
which are often unavailable in low-resource settings. Moreover,
such metadata is routinely collected in spirometry to interpret PFT
results. Two identical PINNs (expiration/inspiration) are trained in
the same way, using MSE loss and the Adam optimizer [38], with an
initial learning rate of 5↗10↔4 and OneCycleLR [63], for 30 epochs.

5 Study Design
In this section, we "rst present the implementation of LiSen fol-
lowed by the data collection protocol and evaluation metrics.

5.1 Implementation
5.1.1 Hardware. LiSen is implemented on two commodity smart-
phones (iPhone 13 Pro, iPhone 12 Pro) and one tablet (iPad Pro
M1) as shown in Figure 9c. We access the LiDAR readings using a
modi"ed data collection application [83] built on the ARKit frame-
work. The ground truth is collected by a medical-level spirometer
(Contec SP-90), which records real-time volume curves and com-
putes pulmonary function indices. Consistent with hospital practice
and the ATS/ERS 2019 spirometry standard [33], we calibrate the
spirometer daily using a medical-grade 3-liter syringe.
Power and storage budget: Practical daily health monitoring re-
quires minimal impact on device resources. We therefore evaluate
the proposed LiDAR sensing method in terms of battery consump-
tion and storage overhead. Because a single PFT session uses LiDAR
only brie#y, direct battery measurements over short windows are
unreliable. Instead, we conduct full-drain tests with continuous
LiDAR sensing on an iPhone 12 Pro (2,420 mAh), iPhone 13 Pro
(3,150 mAh), and iPad Pro M1 (8,825 mAh), and analyze the logs
using Battery Life Pro"le. The devices were depleted in 100, 139,
and 141 minutes, respectively. We want to note that this test is
only an approximation, as the results can vary with system ver-
sion, individual model di!erences, and environmental factors such
as temperature. These results suggest that LiDAR recording for a
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standard three-trial spirometry protocol of up to one minute per
trial would consume at most 2.1%–3.0% of the battery. Thus, the
battery impact is likely negligible.

For storage, the proposed system records up to one minute of
continuous LiDAR data along with a single RGB frame, generating
179.7–216.9 MB of temporary cache "les. The "le size is modest, and
importantly, they are deleted immediately after analysis, imposing
no long-term storage burden on the user’s device.

5.1.2 So!ware. The preprocessing modules (MPRef, CASeg) were
implemented in Python, and our deep learning PINN was trained
using PyTorch on a desktop computer with an Intel i9-10980XE
3.00 GHzCPU, 128GBmemory, and anNvidia A6000GPU. Note that
all reported results are from models trained using other examinees’
data. To accelerate the process, we adopt a Leave-Three-Subject-Out
strategy (LTSO). We present the following implementation details
to facilitate reproduction of LiSen:

• AlphaPose parameter: We use AlphaPose with the released
model weights (no additional training) solely to initialize the
body mask and coarse ROI. Because shoulder localization can
be unstable under partial visibility, we subsequently rely on
our geometry-based shoulder tracker (Algorithm 1).

• ARKit parameter: The ARKit API provides time-aligned RGB
and depth streams, which we resample to 30 Hz.

• Smoothing and normalization: We reduce shoulder land-
mark jitter using a Hampel "lter (𝑥𝑝𝑇_𝑖𝑝𝑂𝑙 = 60, 𝑤) and
moving-average smoothing (𝑥𝑝𝑇_𝑖𝑝𝑂𝑙 = 5). After depthmap-
to-point-cloud conversion, each frame of chest/abdomen is
normalized by translating coordinates so the chest/abdomen
mask centroid is at the origin.

5.2 Study Procedures and Datasets
A dataset was constructed following approval from our Institu-
tional Review Board (IRB). We recruited two cohorts comprising
35 healthy examinees in total (18 males and 17 females) from
three countries. Figure 10 shows the wide age range of 21 to 65
years (mean 30.8) and a diverse FVC from 3.01 to 6.88 L. Cohort 1
(25 examinees, 13 male and 12 female) was used to validate each
component of the proposed system and to evaluate its robustness
across variations in LiDAR–subject distance, device orientation,
and examinee clothing. Another 10 additional examinees (5 male
and 5 female) in cohort 2 were recruited to examine the system’s
generalizability across varying usage scenarios, including new en-
vironments, user postures, and lighting conditions.

LiSen targets user-initiated, short PFT-style maneuvers (e.g.,
FVC) at close range in lower-limb-stable postures (e.g., seated,
standing still, or high-Fowler’s). Our data collection followed the
safety principles and operational recommendations of the ATS/ERS
spirometry standards [33]. For both cohorts, each data-collection
session consisted of up to six FVC maneuvers. To ensure safety, a
mandatory rest of at least one minute was required between ma-
neuvers within each session, and a longer break of at least "ve
minutes was provided after every six maneuvers. Each new attempt
began only after the examinee con"rmed readiness, and stopped
immediately if any discomfort was reported or observed. Gold-
standard spirometric data were collected under the oversight of a

licensed physician.5 During all remote data-collection sessions, the
supervising physician provided protocol-level guidance, ensured
compliance with the ATS/ERS 2019 spirometry standard [33], and
validated the acceptability and repeatability of each maneuver prior
to inclusion in the dataset.

An example collection scenario is illustrated in Figure 9b, with
a smartphone placed in front of the examinee. The examinee re-
moves heavy outerwear and stretches and wraps the garment hem
to reduce slack, mitigating cloth–body air-gap artifacts. The exam-
inee then performs the FVC test using a spirometer with a new
mouthpiece and a sanitized nose clip to prevent nasal air leakage.

5.3 Evaluation Preparation
To assess the quality of the estimated V–T curve and evaluate the
performance, we adopt the following metrics and benchmarks.

5.3.1 Performance Metrics.

()*!%# MAE. The mean–absolute error (MAE) evaluated on the
expiration segment.
()*+,2 MAE. The MAE on the subsequent forced inspiration seg-
ment beginning at the end of 𝐿maxout.
Pulmonary-function indices. From each regressed vol-
ume–time curve, we derive the standard spirometric indices
{FVC, FEV1, FEV1/FVC, FIVC} (de"ned in Table 1). We report
absolute error for the scalar quantities (FVC, FEV1, FIVC) and
percentage error for the ratio.

5.3.2 Baselines.
DeepBreath† [78]. Depthmap-based model for volume regression
(ResNet+CBAM feature extractor + 1D U-Net regressor). Since the
original motion canceller is designed for steady, periodic breath-
ing and unsuitable for single forced maneuvers, we either re-
move the module or replace it with our motion-cancellation so-
lution (DeepBreath w/ MPRef).
LiSen w/o Metadata. The input and processing module for ex-
aminees’ metadata is removed to assess the impact of metadata
personalization.
LiSen w/o MPRef. Raw !"#$% &’(( points are fed directly into
CASeg, exposing downstream stages to global torso translation and
posture drift.
LiSen w/o CASeg. Motion-cancelled points are fed straight into a
single-input version of PINN, revealing the value of explicit multi-
region segmentation.
LiSen w/o PINN. The PINN is replaced with a vanilla point-cloud
backbone [25] (P4DConv+PST) using single-scale patches (memory
limits cap at 20 patches per region vs. 40), emphasizing the gains
achieved through physics-guided design.
LiSen-Sparse (𝑎𝑁 ↗𝑦𝑁 ). To simulate sparsity without access to
raw LiDAR data, we decimate the iPhone depth map into a virtual
grid of size𝑎𝑁 ↗𝑦𝑁 , aggregating valid depths within each cell using
the median, while preserving the original resolution so the MPRef-
CASeg-PINN pipeline remains unchanged. A cell is marked valid
if it overlaps the chest/abdomen mask. We evaluate 12 ↗ 16 (1/256

5The physician’s role was limited to research supervision and quality assurance and
did not constitute clinical practice.
†The implementation was provided by the authors and retrained on our dataset for a
fair comparison, excluding the multi-task learning and motion cancellation modules.
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Figure 11: Per-user performance of LiSen.
Figure 12: CDFs and temporal error
distributions of volume estimation.

Figure 13: Example estimation
across di!erent examinees.

Method MAXOUT
(MAE)

MAXIN2
(MAE)

FVC (%)

DeepBreath 0.57±0.13 0.40±0.16 26.22±4.68
DeepBreath w/MPRef 0.46±0.13 0.30±0.10 25.71±7.00
LiSen w/o Metadata 0.36±0.11 0.42±0.14 11.02±5.76
LiSen w/o MPRef 0.36±0.16 0.37±0.15 13.79±6.02
LiSen w/o CASeg 0.34±0.12 0.34±0.10 13.60±5.57
LiSen w/o PINN 0.27±0.09 0.44±0.14 13.10±4.99
LiSen-Sparse (12 ↗ 16) 0.35±0.13 0.42±0.16 13.59±5.34
LiSen 0.24±0.07 0.30±0.08 9.07±4.98

Table 2: Baseline comparison.
points), indicating merit of dense multi-point and feasibility of
sparser point sensing (e.g., using multi-zone laser focusing modules
in commodity smartphones.)

6 Evaluation
In this section, we "rst present a baseline study to validate the
contribution of the key components in our system.We then evaluate
LiSen’s generalizability across users, environments, postures, and
illumination conditions. Finally, we assess its robustness under
additional variations encountered in real-world settings.

6.1 Baseline Study (Cohort 1)
Table 2 presents a performance comparison between LiSen, prior-
work baselines, and ablation models. With all components enabled,
LiSen attains 0.24 L 5’6#4%MAE and 9.07% FVC error, surpassing
the best competing result. We also observe that LiSen achieves
similarly promising performance on Cohort 2.

Compared to depth map-based DeepBreath [78], our point cloud
approach improves both the expiratory (5’6#4%) and inspiratory
(5’6-$2) estimation for more than 0.10 L. However, DeepBreath
performs relatively better on 5’6-$2 than on 5’6#4%, showing
an opposite trend to LiSen. We attribute this di!erence to the
phase characteristics. During 5’6#4%, rapid and forceful exhala-
tion compresses volume changes into a short period, producing
more consistent spatial features across users and making the richer
distance-invariant features of point clouds easier to exploit. In con-
trast, 5’6-$2 has no speed requirement and involves averagely
longer inhalation at variational rates as shown in Figure 12d. We
suspect that the projected 3D point clouds are inherently more
sensitive to these motion variances than the 2D depth maps.

Fortunately, our proposed modules constrain the 5’6-$2 MAE
to a highly competitive level. Adding basic metadata (also required
for medical assessment) personalizes the estimation, reducing both
5’6#4% and 5’6-$2 errors by more than 30%. Ablating MPRef
increases the 5’6#4% error (where motion is heavily coupled) by
roughly 50%. Removing CASeg degrades performance across both
phases, highlighting the need to model the chest and abdomen
separately to account for diverse breathing patterns. Finally, re-
moving the PINN mainly increases inspiratory error, suggesting
that physics guidance is particularly helpful for more diverse in-
puts. Furthermore, while point-density downsampling degrades
performance on both phases, the resulting 5’6#4% MAE and FVC
still outperform DeepBreath, underscoring the robustness of our
multi-point sensing work#ow.

6.2 User Generalization (Cohort 1&2)
We further investigate the uncalibrated generalizability of LiSen, a
critical requirement especially for low-resource settings, by eval-
uating per-user performance of our LTSO-trained model on both
pulmonary curve and indices.

6.2.1 Volume-Time Curve Estimation. For each pair of estimated
V-T curve and its ground truth, we compute the absolute error per
point to compute the distribution of estimated errors. The detailed
result in Figure 12 shows that 80% of samples having a5’6#4%MAE
less than 0.27 L and a5’6-$2 MAE less than 0.36 L. This distribution
of volume MAE aligns with our argument in Section 6.1. While
5’6#4%MAE steadily declines after the initial peak as most air is
expelled, 5’6-$2 MAE remains around 0.3 L, re#ecting the greater
challenge of "ne regression compared to 5’6#4%.

We also show the per-user performance in Figure 11 and detailed
sample curves in Figure 13, drawn from examinees across di!erent
age groups and FVC index categories. The largest inhalation errors
occur for P1 and P33, both with a 0.40 L 5’6-$2 MAE, which
remains close to the DeepBreath baseline average and demonstrates
the strong user generalizability of LiSen. P1 and P33 are the tallest
and shortest examinees in the cohort, suggesting that performance
degradation could be mitigated with a more diverse training set.

6.2.2 Pulmonary Function Indices Estimation. We observe that
LiSen not only achieves promising results in volume curve re-
gression but also accurately estimates key pulmonary function
indices. For three key pulmonary function indices—FVC, FEV1,
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(a) Overall performance (b) CDF

(c) Bland-Altman analysis
Figure 14: Pulmonary function index estimation.

FEV1/FVC—plus FIVC, LiSen achieves mean errors of 7.10%, 9.82%,
7.84%, and 10.05%, respectively, as shown in Figure 14a. The detailed
cumulative distributions are further shown in Figure 14b. The small
FVC error is even lower than audio-based measurement reported
in [77] (9.9%), where the tube-blowing sound is more directly con-
nected to air#ow and cumulated volume compared to the complex
relation of !"#$% &’((.

Furthermore, we evaluate the clinical reliability using Bland-
Altman analysis as shown in Figure 14c. For both FVC and FEV1,
LiSen achieves a mean bias within 0.10 L and 95% limits of agree-
ment (LoA) of [↔0.96, 0.80] L for FVC and [↔0.89, 0.70] L for FEV1,
which is substantially more stable than the DeepBreath w/MPRef
baseline. From a clinical perspective, the near-zero mean bias in-
dicates minimal systematic error. Although the LoA is wider than
the stringent diagnostic tolerances of clinical spirometers, it re-
mains practical for large-scale contactless screening and long-term
pulmonary monitoring in home-care settings.

6.3 Scenario Generalization (Cohort 2)
To assess whether LiSen generalizes beyond a "xed lab setting
(Indoor 1 Stool), we recruited Cohort 2 and evaluated the system
across six scenarios varying in environment (indoor vs. outdoor),
posture (stool, standing, wheelchair, high Fowler), and illumination
(daylight vs. low-light) as shown in Figure 16. We report the per-
formance of our model trained exclusively on Cohort 1 (Indoor 1
Stool) and tested on Cohort 2 under the 6 new scenarios. This cross-
cohort approach ensures that both the examinees and the speci"c
scenario are strictly unseen during training. For comparison, we
also provide a baseline result of an LTSO-trained PINN tested on
the Indoor 2 Stool scenario. Figure 15 summarizes the percentage
errors for three key spirometric indices across these settings.

Across all indoor conditions, the mean FVC error remains
between 8.3–10.5%. FEV1 errors are similarly bounded within

7.4–11.5%, and FEV1/FVC errors within 5.9–13.8%, with overlap-
ping standard deviations across scenarios, indicating our system
can adapt to environmental variation and common postures. The
greatest FVC error of 10.5 ± 4.7% is attained in Indoor 4 Wheelchair,
suggesting that the less stable seated posture in a wheelchair may
increase lower-body instability during the test. However, we do
not observe systematic degradation when moving from the indoor
baseline to outdoor use, nor when changing postures from neutral
stool sitting to standing, wheelchair sitting, or high-Fowler posture.

The outdoor experiments further highlight the robustness of
LiDAR-based approaches under varying illumination in open-air
environments. The FVC and FEV1 errors under Outdoor 1 Stool &
Dark (8.0 ± 8.4% and 11.6 ± 5.1%) are even better than those un-
der normal daylight (Outdoor 1 Stool: 9.6 ± 3.0% and 13.0 ± 4.2%).
We suspect the increased noise arises from infrared-band inter-
ference from the sunlight. Overall, these results indicate that our
multi-point LiDAR sensing and motion-robust PFT estimation gen-
eralizes across diverse real-world scenarios without recalibration,
supporting the feasibility of at-home and out-of-clinic FVC testing.

6.4 E!ect of Real-World Setup Diversities
We further evaluate the impact of real-world setup diversities, using
the average performance of LiSen under the setup in Figure 9 as the
neutral baseline. The model is trained solely on data from the base-
line setup and tested on data from additional setups (partly shown
in Figure 18) using a leave-three-subject-out (LTSO) protocol, with
all hyperparameters identical to those described in Section 4.4.2.
The performance is reported in Figure 17.
LiDAR–subject distance.Moving the phone 20 cm–40 cm further
away (1.0 m, 1.2 m) has negligible impact: 5’6#4%MAE even drops
slightly (from 0.30 L to 0.26 L) thanks to a wider "eld of view, while
5’6-$2 increases by only 0.02 L. These results suggest that users
do not need to position the device with centimeter-level precision.
LiDAR angle. At a 15∈ yaw o!set, the errors remain statistically
unchanged, and at 30∈ the increase is limited to ∋0.02 L, indicating
that the multi-point reference e!ectively compensates for moderate
perspective distortion under orientation variations.
Clothing. As Figure 17 shows, typical indoor garments (e.g., a
mild cardigan or midweight sweater, shown in Figure 18) introduce
marginal error (5’6#4%MAE ∋ 0.28 L, 5’6-$2 MAE ∋ 0.39 L). A
loose oversized sweater further degrades performance (5’6#4%MAE
0.34 L,5’6-$2 MAE 0.42 L), as the loose fabric easily decouples from
the body and obscures subtle respiratory displacements. However,
the degradation remains bounded, con"rming that LiDAR’s spatial
features e!ectively compensate for the clothing-induced air gap.
Devices. Curves from the iPad Pro and iPhone 12 Pro di!er by less
than 0.03 L from the baseline (iPhone 13 Pro), demonstrating that
L-S/$ generalizes across di!erent models without re-calibration.
Summary. Across all 15 perturbed conditions, 5’6#4%MAE never
exceeds 0.42 L and 5’6-$2 never exceeds 0.48 L—only 0.12–0.18 L
above baseline. These bounded drifts con"rm that motion cancella-
tion, region segmentation, and physics-based constraints remain
e!ective under common real-world variations.

7 Related Work
We "rst survey wireless-sensing systems, and then mobile device-
based PFT methods, before positioning our laser ranging approach.
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Figure 15: Generalizability to scenarios (environment, posture,
illumination).

Figure 16: Experiment scenarios (environment, pos-
ture, illumination).

DISTANCE (n=3) LIDAR ANGLE (n=4) DEVICE (n=3)CLOTHES (n=9)

Figure 17: Performance under setup diversity.
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Figure 18: Part of real-world setup diversity; (a) diverse cloth-
ing; (b) di!erent range and LiDAR orientation).

7.1 Conventional Wireless Sensing
A wide range of wireless signals, such as WiFi, LoRa, RFID,
UWB/mmWave, and acoustics, have been employed for sensing [22,
57, 96]. In particular, ubiquitous WiFi infrastructure has been used
for respiration monitoring [89, 90], indoor localization and track-
ing [45–47], and activity recognition [28]. LoRa’s long-range ca-
pability enables large-area sensing [16, 75, 91]. With wider band-
width, UWB/mmWave supports "ne-grained perception, including
body point clouds [58, 67] and posture estimation [60]. Commodity
speakers/microphones also enable ultrasonic sensing at inaudible
bands, powering diverse applications [17, 20, 21, 27, 29, 43, 86].
However, typical RF and acoustic transmitters produce wide beams,
resulting in strong multipath e!ects and coarse angular resolu-
tion—limitations that we address with narrow-beam LiDAR.

7.2 Mobile PFT
Prior systems using LiDAR [34, 59, 95] only detect normal respira-
tion patterns without quantifying lung volumes for full PFT. Among
PFT-orientedworks, audio-based PFT [30, 41, 66, 77] is vulnerable to
audio interference, and those built with earphones [13, 80] can be in-
trusive for some examinees. Range-based PFT systems [1, 64, 66, 84],
such as those using Kinect camera [18], face challenges such as mo-
tion interference. For example, DeepBreath [78] relies on periodic
signals for motion removal, and does not explicitly separate chest vs.
abdomen. In contrast, LiSen enables uncalibrated FVC prediction by
canceling motion without relying on periodicity, compensating for
intra-ambient pressure di!erences, and explicitly modeling chest

and abdomen contributions. To our knowledge, LiSen is the "rst
mobile FVC system that addresses these challenges.

8 Discussion
Privacy concerns. High-precision depth sensing inevitably cap-
tures information about a user’s body and environment, raising
potential privacy concerns. Future work could incorporate privacy-
preserving approaches such as di!erential privacy [23], federated
learning [44], or encryption [32].
Other sensing modalities. Camera-based methods depend on
su$cient lighting and raise privacy concerns [6]. The coarse spatial
resolution of mmWave radar andWi-Fi limits their ability to capture
"ne-grained body motion. For example, MSense [15] tracks only
a few points rather than dense multi-points, restricting detailed
spatial analysis. Acoustic methods can capture air#ow sounds but
cannot distinguish between chest and abdominal contributions, and
are vulnerable to ambient noise [30, 66, 77, 85].
Limitations of LiDAR. Despite its advantages, smartphone Li-
DAR has limitations—short sensing range, narrow "eld of view,
and bundled LiDAR–RGB API access—resulting in higher energy
consumption than RF or audio-based continuous monitoring. This
limits its suitability for long-term, always-on respiratory tracking.
However, at-home PFTs like spirometry require only brief, close-
range measurements (e.g., 80 cm), making smartphone LiDAR well
suited for such tasks.

9 Conclusion
We introduce the concept of multi-point sensing, and propose
the "rst smartphone-LiDAR system that transforms a ubiquitous
LiDAR-equipped phone into a calibration-free at-home pulmonary
function sensor, recovering full volume curves from multi-point
torso measurements. We envision that the multi-point sensing
modality could inspire other applications requiring "ne-grained,
multi-point spatial information.
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