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Abstract: Contactless respiratory monitoring has emerged as a promising alternative to traditional spirometry,
offering advantages in comfort, hygiene, and continuous assessment in both clinical and homecare settings.
This study proposes a method for estimating lung volume by tracking chest motion using a 3D Intel RealSense
depth camera. By capturing real-time depth data from the thoracic region, the system identifies and tracks key
surface landmarks throughout the respiratory cycle. The 3D velocity vector of these landmarks reflects the
dynamic expansion and contraction of the chest during breathing. Statistical features such as maximum,
minimum, average, and variability of motion are extracted and used to train regression models. Linear
regression model based on a three-point chest tracking (F3;-LR-20) demonstrated the highest predictive
performance. The model’s outputs were compared to established reference values from the Baldwin and

Japanese Respiratory Society (JSR) equations, with results showing a closer alignment to the JSR standard.
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1.INTRODUCTION are insufficient for estimating key pulmonary function
parameters needed for respiratory disease diagnosis.

Pulmonary function tests (PFTs) have been the To address these challenges, depth cameras such as the
standard measurements for assessing respiratory health Intel RealSense offer the capability to monitor chest
and conditions. The most traditional measurement is the surface motion in three dimensions’ enabling indirect
spirometry, which measures lung volumes and airflow by lung volume estimation without physical contact. This
requiring patients to perform forced breathing maneuvers research investigates the feasibility of using such
into Spirometers [1] The traditional spirometry, Whlle technology to monitor respiratory activity by ﬁrst
accurate, requires direct contact with the patient and extracting 3D keypoints from the chest surface. The
active cooperation, which may be unsuitable in certain motion of each keypoint is then tracked throughout the
clinical conditions or prolonged monitoring scenarios, breathing cycle. Finally, the dynamic changes in these 3D
especially under the concerns of contagious respiratory points are analyzed and converted into an estimate of
diseases during the pandemics [2]. lung volume (VC).

With the advancement of computer vision and
perceptual sensing technologies, the ability to estimate 2. METHODOLOGY

respiratory parameters through visual data has become ] )
feasible. Generally, the previous works tend to focus on This research was conducted by following these 4
analyzing temporal changes in small regions of interest main steps: (1) Data Acquisition, (2) Region of Interest
(ROI) located on the chest or abdomen in 2D image (ROI), (3) Chest Motion Tracking, gnd (4) 3D Lung
sequences captured from the frontal view. Motion Volume (VC) Analysis as shown on Fig.1.

estimation techniques are one of the most widely adopted

techniques in the field, such as dense optical flow [3], or Aresthing Cycle (1) Data Acquisition oregictas
feature tracking [4]. Similarly, the pixel intensity Depth Camera | (2) Region of Interest (ROI) Lung Volume (VC)
variation was adopted under similar image capturing (3) Chest Motion Tracking

conditions [5]. In addition, respiratory rate can be (4) 3D Lung Yolume Analysis (VC)

measured through remote plethysmography (rPPG)
calculated from the changes over facial regions [6].
However, these image-based methods face several
limitations. They are sensitive to variations in lighting
conditions and the reflective properties of clothing.
Moreover, the observable chest motion in the frontal
image plane is often minimal compared to unrelated body
movements, making it difficult to accurately extract
breathing signals. Due to these limitations, such methods

Fig. 1 Overview of the system

2.1 Data Acquisition

An Intel RealSense D435 camera was used to record
depth and RGB video of subjects in a seated position. The
camera was positioned 1.2 meters in front of the subject
to focus on the upper thoracic region. Depth data was
recorded in . bag format for offline processing using the

P Vei . Cihi RealSense SDK or Viewer, with a resolution of 640 x480
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2.1.1 The instruction for recording the data set is as
follows:

e Clothing: Subjects are required to wear non-
reflective, tight-fitting clothing (e.g., a T-shirt)
to minimize artifacts and ensure accurate depth
measurements. The green point markers are put
over the Posture. At the beginning of the
experiment, subjects are instructed to sit
comfortably with their back straight and feet flat
on the floor, maintaining a stable posture
throughout the recording.

e Breathing Protocol: To measure Vital Capacity
(VC), subjects are asked to perform a maximum
inhalation followed immediately by a full
exhalation. They are instructed to breathe in as
deeply as possible, and then exhale completely
until no air remains in their lungs.

e Instructions During Recording: Subjects are
advised to avoid speaking or moving their upper
body during the recording session to prevent
noise in the motion tracking data.

o Sitting Position: the distance between the chair
and camera are fixed at 120 cm as shown in
Fig.2.

e PDPA: The consent form with an explanation
about file storage and private information were
informed to the subjects.

828+ 480 piseis
30 frame rate
ROI 60%

3D camera

e

Fixed position
- Avoid the shoulder movement
- Fully inhalation and Fully exhalation

1.2 meter

1.2 meters

Fig. 2 Sitting position

2.1.2. 2D-3D Transformation

To make use of image features such as keypoints or
ROIs, some processing steps were performed on the 2D
image plane and then mapped to 3D coordinates using the
aligned depth data. For this transformation, each 2D
image coordinate (x,y) with its corresponding depth
value Z can be converted into a 3D point (X, Y, Z) using
the following equation:

X=(x—cx)Z n

- ’Y=(y_cy)z

fy

where f, and f, are the focal lengths of the camera in
pixels along the x and y axes, and (cx, cy) is the principal
point (optical center) of the image. This projection allows
for accurate spatial interpretation of chest surface
features detected in 2D, enabling reliable 3D tracking and
volume analysis
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2.2 Region of Interest (ROI)

To capture the area most indicative of respiratory
motion, a Region of Interest (ROI) was defined over the
central thoracic region of the subject’s chest, typically
centered around the sternum, where chest expansion and
contraction are most prominent during breathing. Depth
values within this ROI were extracted from each frame to
measure displacement corresponding to the respiratory
cycle.

In this study, a fixed rectangular ROI was applied
consistently across frames. This approach was feasible
because subject movement was minimized under
controlled environmental conditions during data
acquisition. While manual ROI selection was sufficient
in this setup, future implementations may benefit from
automated landmark detection to adaptively position the
ROI based on anatomical features.

2.3. Chest Motion Tracking

To measure chest motion during respiration, point
markers were physically placed on the subject’s shirt
over the thoracic region. These markers served as chest
landmarks that could be detected on RGB images taken
from the Intel Realsense sensor. The 2D positions of the
markers were extracted from each frame, then projected
into 3D coordinates using the aligned depth map and
camera intrinsics (as described in Section 2.1.2). Each
landmark's 3D position was tracked over time to capture
its motion throughout the respiratory cycle. The average
displacement was calculated for each frame to represent
chest displacement. This formed a time-series signal that
reflects local movement of chest surface during
breathing.

To measure chest motion during respiration, green
point markers were physically placed on the subject’s
shirt over the thoracic region. These markers served as
chest landmarks that could be detected on RGB images
taken from the Intel Realsense sensor. The 2D positions
of the markers were extracted from each frame, then
projected into 3D coordinates using the aligned depth
map and camera intrinsics (as described in Section 2.1.2).
In this work, the color of landmarks is green. The green
point is detected by converting RGB frames to BGR
images and convert to HSV for green color detection and
then the upper and lower range of green color was set to
match with the landmark’s intensity. The green landmark
is detected and return its coordinates (Py;, Py,;) in order to
track the chest movement overtime where i represents the
index of landmarks. Then, each landmark's 3D position
was tracked over time to capture its motion throughout
the respiratory cycle. The average displacement was
calculated for each frame to represent chest
displacement. This formed a time-series signal that
reflects local movement of chest surface during
breathing.

The chest landmark in Fig.3 (left) shows the location
of the reference points. The landmark was aligned based
on the anatomy, the upper landmarks both left and right
side are set five cm. below the middle of the collarbone,
the lower landmarks are set at the lower 10% rib. The



middle landmarks are the midway between the upper and
the lower landmarks. In Fig.3 (right), the midway
between the upper and middle landmarks and between
the middle and lower landmarks are added in order to
measure more movement on the chest while breathing.

(1) cm below
the middle of
the collarbone
(2) The middle
point

s
(3)The 10th rip

Fig. 3 Chest Landmark: (left) six landmark points,
(right) ten landmark points.

Fig.4 shows the example of the subjects and the green
alignment points on the body for both front and side. The
color heatmap image shows the depth on the body
surface. After the adjustment of body alignment, the
recording process is started following the instruction
from end-inspirstory to end-expiratory. It was found that
the direction of the motion on each landmark point
significant some pattern.

. 4
Fig. 4 Infrared and depth images with landmarks for
both front and side.

2.4 Volume Estimation

Lung volume estimation is a critical component in
respiratory health assessment and pulmonary function
analysis. Various empirical equations have been
proposed to estimate lung volumes based on
anthropometric measurements such as height, age, and
gender. One widely used method is the Baldwin equation
[7], which provides a regression-based approach to
estimate total lung capacity (TLC) and other pulmonary
volumes. These equations as shown in Eq. 2, derived
from large-scale population data, have been validated
across multiple demographics and serve as reliable
references in clinical practice. The Baldwin equations are
typically expressed as:

Baldwin:

VChw(ml) = (27.63 — 0.112 * age) * HT (cm),
VC}’W (ml) = (21.78 — 0.101 = age) * HT(cm)  (2)
where VCPY is the estimated lung volume of male,
VCJ,?W (ml) is the estimated lung volume of female, age
is the age of the subject, HT is the height of the subject
in cm.

It was found that Baldwin approach is widely used to
estimate static lung volumes from spirometry data. The
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research builds upon traditional regression-based
methods like Baldwin's to enhance lung volume
estimation accuracy [8]. Anothr research developed
novel formulas based on FLV measurements, which align
with the principles of the Baldwin equations by
considering individual anatomical differences [9]. They
compared functional lung volume (FLV) measurement
with the segment-counting method for predicting
postoperative pulmonary function.

In addition, the Japanese Respiratory Society (JRS)
has proposed a set of equations tailored specifically for
the Japanese population as shown in Eq.3, accounting for
ethnic and physiological differences [10]. The JRS
formulas similarly relate lung volume to body size and
age, and are given by:

JSR:
VCIR = 0.045 x HT(cm) — 0.023 * age — 2.258,
VCI™® = 0.032 X HT (cm) — 0.018 * age — 1.178 (3)

Where VC,LSR is the estimated lung volume of male,
VCf] SR is the estimated lung volume of female, age is the
age of the subject, and HT is the height of the subject in
cm.

These equations have been adopted in clinical
guidelines in Japan and are particularly important for
studies involving Asian cohorts. The use of population-
specific reference values is essential for the accurate
diagnosis and monitoring of respiratory function. The
Japanese Respiratory Society (JRS) approach also
provides official guidelines [11], offering standardized
equations for spirometry reference values that are
specifically tailored to the Japanese population.
Furthermore, the JRS equations have been utilized as a
foundation for developing spirometry-derived lung age
equations in previous studies [12].

Table 1 shows the example of lung volume estimation
from both Baldwin and JSR techniques. The mean
absolute difference between the two sets is 206.50 ml.

TABLE 1: EXAMPLE OF LUNG VOLUME ESTIMATION

subject Lung Volume (VC) Estimation (ml)
1D VCB": Baldwin VC/SR: JSR
001 3,169.692 3,376.000
002 2,221.924 2,352.000
003 2,757.888 3,038.000

In this research, the green landmarks are detected and
return its coordinates (Ly;, Ly;) in order to track the chest
movement overtime where i represents the index (point)
of landmarks. The feature set is collected for each breath
cycle. The time steps each breathing cycle was sampled
10 frames per second for a single breathing cycle. The
tracked landmarks are collected as six points, ten points,
and three points respecively. The number of features is
calculated by multiplying the tracked landmarks
(Lyis Ly;) to the (x, y, z) points. Therefore, the six-points



approach has 6 X 3 dimensions per frame, the ten-points
approach has 10 X 3 dimensions per frame, and the
three-points approach has 3 X 3 dimensions per frame.

The velocity vector (V) is determined on the landmark
point between the sampling time frames (Ly;, Ly, Ly;)

and (L', L'y, L' ;) using Euclidean distance as shown in
Eq. 4.

Vs [l + L= L0+ L= LD @)

where i represents the landmark index,
(Lyis Ly, L) localizes the landmark point at the current
frame, while the next frame is represented as
(L’xi' L’yi' L’zi)~

The feature extraction is applied to these three
approachs such as (1) Average velocity vector (Vg,q)
across all frames that gives a central baseline of the
breathing depth, (2) standard deviation (V) shows how
much variation there is in depth or how much the chest is
moving, (3) minimum velocity vector (V) is the
closest the green point gets to the camera (chest fully
exhaled), (4) maximum velocity vector (V,,,) is the
farthest distance (chest fully inhaled), and (5) Peak-to-
peak velocity vector (max - min) (V,_,) is total
movement span.

These features capture key aspects of chest
movement during breathing, including position trends
(mean, min, max), dynamic range (range and amplitude),
and variability (standard deviation). Such statistical
descriptors are biomechanically meaningful and widely
used in respiratory analysis. For instance, a recent work
[13] demonstrated that peak-to-peak amplitude of chest
movement, derived from smartphone sensors, correlates
strongly with tidal volume measured by spirometry.
Similarly, a review [14] emphasized that depth-based
plethysmography effectively uses statistical features like
mean and amplitude to monitor respiratory volume
changes non-invasively. In another study [15] used
video-based techniques to extract temporal and statistical
features from chest motion to classify breathing patterns,
including apnea and tachypnea. Together, they provide
biomechanically meaningful insights into a person’s
breathing pattern. For instance, shallow breathers tend to
exhibit a low range of motion (low V,_), while irregular
or inconsistent breathing is reflected in a high standard
deviation (Vsp) of the depth signal.

3. RESULTS AND EVALUATION

To evaluate the model, it provides set of target values
VCBY and VCISR ). y = y,,,,...y, as shown in Table
1 and a set of predicted values from our proposed model
ycpredicted: § = 3+ 37> ...,¥5. The dataset is collected
from 10 subjects. The linear regression (LR) and Random
Forest Regressor (FR) is applied in order to evaluate the
VC (ml). Model performance is assessed using cross-
validation, with test set sizes of 20% and 30%. Feature
sets are extracted from three different anatomical point-
tracking configurations: the six-point approach (F), ten-
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point approach (Fi¢), and three-point approach (F3). The
model evaluation metrics Eq.(5)-(8) include:

Coefficient of Determination (R?) represents the
proportion of variance in the dependent variable that is
explained by the independent variables in the model.
LG - w)?

i =) ®)
Mean Absolute Error (MAE) is average of absolute
differences between predicted and target values. It
measures how far predictions are from target values on
average.

RZ=1-

MAE AN | 7 ©
- EZ Yi_yll
i=1

Mean Squared Error (l_\/[SE) is verage of squared
differences. It penalizes larger errors more due to

squaring. Sensitive to outliers.
1% .,
MSE = =3 0= %)
=1

Root Mean Squared Error (RMSE) is sqare root of
MSE.

(N

1% _ (®)
RMSE = = =3
i=1

where y; is an target value, ¥ is a predicted value, y is
mean of target values, and n is number of observations.

TABLE 2: MODEL EVALUATION

MODEL EVALUATION METRICS
R | MAE(ml) | MSE(mP) | RMSE (ml)
F<LR20 | 0.60 201.59 46193.07 214.92
FicLR-20 | 0.86 168.19 2974231 172.45
F,LR20 | 0.88 168.19 2974231 172.45
FLR-30 | 0.71 205.09 47691.20 218.38
FirLR-30 | 0.82 168.19 2974231 172.45
F,LR30 | 0.87 168.19 2974231 17245
F<RF20 | 0.74 172.41 56421.48 237.53
FioRF-20 | 0.74 172.62 57421.48 239.62
F,-RF-20 | 0.70 207.07 64781.65 254.52
FeRF-30 | 0.75 189.56 54527.95 23351
FioRF-30 | 0.74 172.62 57421.87 239.62
F,-RF-30 | 0.67 193.51 72176.43 268.65

Among the tested models as shown in Table 2, Linear
Regression (LR) consistently outperformed the others
across all feature sets, particularly when applied to the F3
feature set (three-point tracking). The F3-LR-20 model,
based on a three-point chest tracking configuration and
linear regression, produced the most accurate lung
volume estimates in this study. The regression equation
derived from the model is:

$ = 1140.630 + 129.134 V,u, + 178.542 Vi, —
8.031 Vs — 49.408 V,_,, + 78.216 9)

The Eq.9 indicates that lung volume increases with
higher maximum and minimum chest depth values, as
well as average velocity vector, suggesting a direct
correlation between overall chest expansion and
predicted vital capacity (VCPTe4icted) Conversely, the
model assigns negative coefficients to standard deviation



and peak-to-peak range, which may reflect irregular or
unstable breathing patterns associated with lower lung
volume accuracy.

4. DISCUSSION AND CONCLUSION

This study explored the use of machine learning
regression techniques to estimate lung volume from
depth-derived chest motion features. Three feature sets
(Fs, F10, and F3), representing different anatomical point-
tracking configurations, were used to extract statistical
descriptors such as maximum, minimum, standard
deviation, peak-to-peak value, and average velocity
vector. We aim to determine which feature configuration
and regression method best predicted lung volume
measured in milliliters (mL). Table 2 presents the
performance of various regression models using different
feature sets (Fe, Fio, F3), algorithms (Linear Regression
and Random Forest), and test set proportions (20% and
30%). Among all evaluated models, F3-LR-20, which
combines the three-point feature set with linear
regression and a 20% test split, achieved the highest
coefficient of determination (R? = 0.88), indicating that it
explains 88% of the variance in the target variable. This
model also yielded the lowest mean absolute error (MAE
= 168.19 mL) and a root mean squared error (RMSE =
172.45 mL), demonstrating strong predictive accuracy
and consistency. In contrast, Random Forest models
exhibited slightly lower R? values and higher RMSEs,
suggesting potential overfitting or less effective
generalization in this dataset. These results shows that Fs-
LR-20 is the optimal model configuration for estimating
lung volume based on tracked chest motion points.
method for estimating lung volume. The mean absolute
difference between the proposed model’s predictions and
the JSR reference values was 60.00 mL, which is
substantially lower than the 169.00 mL difference
observed between the Baldwin and JSR equations. This
suggests that the proposed model provides a more
consistent estimation with respect to the JSR clinical
standard. For the future work, the dataset will be
expanded to include more diverse subjects and clinical
cases to improve model generalizability. In addition, a
real-time implementation using embedded systems and
validation against gold-standard spirometry will also be
pursued to move the system toward clinical deployment.
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