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Independent Particles tracking from video

Abstract
Non-contact monitoring videos capture subtle respiratory-induced
motions, yet existing methods primarily focus on estimating res-
piratory rate (RR), neglecting the extraction of respiratory wave-
forms—a vital parameter that provides critical health information.
We formulate video-based RR estimation as a Tracking All Points
(TAP) problem and propose a coarse-to-fine, multi-frame Persistent
Independent Particle (RRPIPs) framework for robust, multi-modal
(RGB, NIR, IR) RR waveform estimation. Addressing the challenge
of tracking minute, non-rigid pixel displacements caused by respira-
tory motions, our top-down approach magnifies respiratory motion
using phase-based video magnification tuned to the respiratory fre-
quency range and employs a pretrained RAFT optical flow model
for initial region identification via a two-frame analysis. Coarse-
scale tracking is performed using the RRPIPs model, while a Signal
Quality Index (SQI) block evaluates the SNR of trajectories to refine
high-respiratory-activity regions. These regions are upsampled,
and fine-scale tracking is applied to extract precise waveforms. We
curated a large-scale multimodal dataset for respiratory point track-
ing, combining in-house collected data and public datasets, with
dense annotations of non-rigid pixel movements across multiple
scales in key respiratory regions. Experimental results demonstrate
that our framework achieves state-of-the-art accuracy (∼1 MAE)
and interpretability in respiratory waveform extraction across RGB,
NIR, and IR modalities, effectively addressing multi-scale track-
ing and low-SNR challenges. Thorough ablation studies validate
the contributions of each framework component, and we plan to
open-source our codes and dataset to support further research.
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1. Introduction
Respiratory rate (RR), or breathing frequency, measures the num-
ber of breaths per minute [3]. It is typically assessed by observing
respiratory-induced movements in areas such as the chest, torso,
shoulders, neck, and abdomen during inhalation and exhalation.
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RR measurements help classify respiratory patterns as normal (eu-
pnea), excessively rapid (tachypnea), abnormally slow (bradypnea),
or absent (apnea) respiration [11]. RR is a key marker for detect-
ing conditions such as sleep apnea, sudden infant death syndrome,
respiratory depression, and clinical deterioration [12, 13, 26, 50],
as well as for diagnosing issues in post-anesthesia care, neonatal
intensive care, and other clinical settings [25, 30]. Beyond clinical
use, RR reflects stressors such as emotional stress, cognitive load,
physical exertion, and fatigue [10, 20, 40, 47, 48, 60], driving ad-
vancements in automated measurement techniques [16, 40]. RR
estimation methods are either contact-based [39], using sensors
and equipment, or contactless [40], relying on body movements
detected by video, laser, or radar, with contactless methods being
more comfortable for prolonged use [41].

This study focuses on contactless respiration monitoring using
video modalities (RGB, NIR, IR) available in devices like smart-
phones and computers, which capture respiratory-induced mo-
tions of visible organs. We address a critical research gap in non-
contact respiratory rate (RR) estimation by focusing on the more
complex problem of extracting respiratory waveforms, a graphical
representation of changes in pressure, flow, and volume within
the respiratory system. Beyond RR estimation, respiratory wave-
forms provide insights into breathing depth, timing, and consis-
tency, aiding in the assessment of conditions such as apnea, ab-
normal respiration, spinal cord injury, diaphragmatic dysfunction,
Cheyne-Stokes breathing patterns, central nervous system (CNS)
changes, respiratory-metabolic imbalances, 𝐶𝑂2 levels [55], tidal
volume [7, 65], breathing exercises and overall respiratory health.

While recent computer vision methods estimate RR by analyz-
ing pixel movements, they fall short of reconstructing respiratory
waveforms across diverse video modalities [41]. To bridge this gap,
we propose formulating waveform estimation as a Tracking-All-
Points (TAP) problem [14], enabling continuous tracking of subtle
respiratory movements in videos. This task is inherently challeng-
ing due to low signal-to-noise ratios, small and non-rigid regions
of interest, and significant variability across subjects, motion pat-
terns, and backgrounds, with movements spanning only a few pix-
els [44, 52, 66]. Existing TAP-based deep learningmodels [22, 31, 63]
underperform in such scenarios, especially on low-textured sur-
faces or under distribution shifts [15], highlighting the need for a
specialized approach.

We propose a customized approach that leverages domain-specific
priors to address respiratory waveform reconstruction through a
multi-stage strategy. First, we localize relevant respiratory regions
in video frames to minimize subsequent tracking computations.
This initial step enables efficient and accurate region selection.
by leveraging video motion magnification and utilizing a single-
stage dense spatial and sparse temporal approach that considers
complete spatial computation due to the uncertainty in the res-
piratory regions optimizing temporal computations by targeting
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motion rather than tracking long-range movement. Next, we de-
velop a robust respiratory waveform tracking model tailored for
sparse, independent, long-range point tracking, allowing for inter-
pretable, adaptable design choices without requiring global motion
adjustments [63] or test-time optimization [63]. After evaluating
various TAP models, we identify deep learning particle tracking
(PIPs)[22, 66] as a promising solution and repurpose the PIPs model
to develop a specialized particle tracking model to achieve accurate
respiratory waveform reconstruction, addressing key challenges
such as large-scale data annotation, multi-modal data processing,
multi-scale tracking, and precise localization of slight non-rigid
pixel movements. To our knowledge, this research is the first to
address respiratory waveform estimation using a TAP solution.

We pose our contributions as follows:
• Coarse-to-fine scale RR point tracking: We introduce a
coarse-to-fine (top-down) continuous, high-fidelity respira-
tory waveform reconstruction across multiple video modal-
ities. It accurately localizes dominant respiratory-induced
movement regions (ROIs) through motion magnification,
optical flow estimation, and coarse-scale tracking from a
few high-resolution video frames and analyzes their res-
piratory signal strength. Secondly, we upscale the ROI lo-
cations and perform precise fine-scale respiratory move-
ment tracking. This interpretable estimation addresses (a)
the "where"—visually depicting their trajectories and (b) the
"how" -during RR calculations from video frame sequences.

• RRPIPs: We develop a specialized particle tracking model,
RRPIPs, and train them on multimodal respiratory videos to
capture respiratory waveforms. This model can track single-
pixel (coarse) and multi-pixel (fine) respiratory displacement
continuously across frames, performing robustly across var-
ious video modalities (RGB, NIR, IR) and frame rates.

• Dataset and experimentation: We curated a large-scale,
real-world respiratory pixel tracking video dataset by com-
bining two public (Sleep, AIR) datasets with in-house res-
piratory videos, specifically for developing and validating
video-based respiratory waveform models. Using an effi-
cient, semi-supervised human-in-the-loop annotation pro-
cess, we generate high-quality ground truth labels for non-
rigid respiratory-induced displacements using optical flow
and point-tracking models. The dataset includes diverse de-
mographics, respiratory patterns, body regions, and environ-
mental conditions. Our experiments achieve RR estimation
accuracy within an MAE of 1, outperforming existing base-
lines, and extensive ablation studies further validate our
approach. The dataset and code are open-sourced to support
further RR research.

2. Background
Respiration Induced Movement in the Videos: The process of
breathing involves rhythmic, continuous, and mostly involuntary
movements of the diaphragm (a thin dome-shaped muscle posi-
tioned beneath the lungs and heart) and rib muscles, resulting in
two phases: inspiration and expiration (as illustrated in Figure 1
(a)). During inspiration (breathing in or inhaling), the diaphragm
contracts, descending, while rib muscles simultaneously contract,
expanding the chest cavity. This coordinated effort increases lung

volume, leading to a reduced lung air pressure that draws air into
the lungs. In contrast, in the expiration (breathing out or exhaling)
phase, the diaphragm relaxes, retaining its dome-like structure, and
the rib muscles relax, which increases lung air pressure and causes
the expulsion of air from the lungs.

Figure 1: (a) Respiratory rate Mechanism during inhale and exhale
phases. (b) Video cameras capture subtle respiration-induced move-
ments in subsequent frames.

Problem Statement and Design Criteria: The objective is to
accurately track respiratory-induced movements in body compo-
nents and estimate the corresponding respiratory waveform from
video data. This task is challenging due to the sparse and localized
nature of respiratory motion, variance in signal strength between
regions, motion expanding in few pixels, and low-texture surfaces
of areas of the body involved in respiration (Figure 12). Our design
criteria focus on developing a multimodal, multi-scale framework
that leverages dense correlation maps for coarse-scale region iden-
tification and sparse tracking for fine-scale motion estimation. The
model must efficiently handle uncertainty in the location of respi-
ratory motion while ensuring high accuracy with minimal points
in key regions. To achieve robust respiratory rate estimation, the
model should support long-range, multi-frame tracking and be
adaptable across diverse settings without requiring retraining or
test-time optimization methods. It emphasizes flexibility, ease of
retraining, and efficient computational design by avoiding dense
operations in non-relevant video regions and focusing resources
on accurately tracking respiratory areas.

Optical Flow using RAFT: To detect respiratory rate, it is
essential to track the motion of external organs involved in respi-
ration, such as the chest and abdomen. An effective solution is to
compute optical flow, which estimates the motion between consec-
utive frames in a video by analyzing pixel displacements. Optical
flow techniques enable the tracking of subtle, respiration-induced
movements across frames. Among various optical flow methods,
Recurrent All-Pairs Field Transforms (RAFT) [59] stand out for
their precision and efficiency. RAFT computes dense optical flow
by analyzing all-pair pixel correlations between two frames and
iteratively refining the motion estimates through a recurrent neural
network. It builds a high-resolution correlation volume to capture
pixel interactions, enabling precise tracking even in low-texture
or challenging conditions. RAFT’s ability to handle fine-grained
displacements makes it well-suited for respiratory motion tracking,
where movements are often subtle and localized.

Video Motion Magnification: The motion of the outer organs
caused by respiration is often very subtle, making it challenging to
detect even with advanced optical flow models such as RAFT. Even
if RAFT detects the optical flow, the magnitude of the motion is of-
ten too low to be effectively analyzed. Video motion magnification
addresses this limitation by amplifying these small, imperceptible
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motions within specific frequency ranges associated with respi-
ration. Learning-based approaches, such as DeepMag [49], utilize
deep convolutional neural networks (CNNs) to achieve this. The net-
work is trained on synthetic data designed to capture small motions,
with three main components: an encoder for spatial decomposition,
a manipulator to magnify motion by scaling differences between
frame representations, and a decoder to reconstruct the magni-
fied frames. By enhancing subtle respiratory displacements, video
motion magnification improves the detectability and accuracy of
subsequent motion tracking under low signal-to-noise conditions.

Particle Video for video motion estimation: Video motion
estimation aims to determine pixel movements across consecutive
frames and can be broadly classified into six groups: sparse fea-
ture tracking, optical flow, feature matching, pixel-level long-range
tracking, video-based motion optimization, and neural video repre-
sentations [63]. Sparse feature tracking requires predefined features,
which may not be available in all cases, while optical flow estimates
a comprehensive motion field but can be computationally expensive
for our framework. The tracking-all-points (TAP) problem general-
izes motion estimation by tracking any given point across frames to
reconstruct its trajectory. Recent deep learning frameworks, such
as PIPs and PIPs++[22, 66], enhance TAP by integrating sparse fea-
ture tracking and dense optical flow, enabling persistent tracking
through occlusions and leveraging multi-frame temporal priors for
accurate long-range particle tracking. However, these models face
challenges with small-scale oscillatory movements, less-textured
surfaces, and domain shifts due to reliance on synthetic RGB data,
limiting their generalization to diverse real-world scenarios[6, 31].
In the context of respiratory videos, we reinterpret respiration-
induced organ movements as oscillating particles across frames
and adapt PIPs++ for dense pixel-level tracking. Fine-tuning PIPs++
addresses its limitations and ensures applicability to real-world
respiratory motion tasks, where precision demands incorporating
local spatial context around the target pixels. Following [22], we
use "point" and "particle" interchangeably, while "pixel" denotes
discrete image grid cells.

3. Related Work

Existing RR estimation methods broadly fall into two main cate-
gories: signal processing and data-driven. Signal processing meth-
ods involve selecting different ROI, such as the chest or abdomen,
through strategies such as manual cropping [46], Viola-Jones face
detection algorithm [56, 61], cascade face classifier [27] and apply-
ing diverse techniques like filtering [5, 23, 27, 46], Eulerian video
magnification [4, 8, 51], motion detection [34], intensity variation
[37, 38, 41], spectral subtraction with canonical correlation analysis
[9], marker tracking [2, 17, 36], auto-regressive models [58], and
optical flow between frames [29, 42, 53].

Alternatively, recent research has shown that DL models driven
by data have RR estimation, offering heuristic-free solutions. DL
approaches, utilizing architectures such as Convolutional Neural
Networks and signal decomposition [21, 28, 32], Artificial Hydro-
carbon Network [8], flow-based network [35], single-shot object
detection [33], YOLO object detector [43], and human pose detectors
[18], showcase the potential to extract RR frequency from videos
in an end-to-end fashion. In this research, in contrast to existing

solutions, we propose a hybrid approach of DL-based point track-
ing and simple single processing for RR estimation from tracked
point trajectories. To our knowledge, this is the first particle video
algorithm adoption for video-based RR estimation.

The existing RGB-based RR dataset mostly covers infants’ RR
patterns during sleeping and mostly private datasets [35]. There
are currently limited publicly available multipurpose resources
in the adult video RR dataset, such as synthetic dataset SCAMPS
[45], real datasets COHFACE [24], MAHNOB [57], NIR and ther-
mal dataset [27] mostly covering the front shoulder movements of
sitting subjects. Alternatively, we aim to develop and open-source
our comprehensive video-based RR dataset specialized for RR es-
timation on adults covering multiple respiration-induced organs’
movement with practical variations to facilitate general use cases
and further research.

4. Methodology
We formulate video-based respiratory waveform estimation as local-
izing and tracking subtle, respiration-induced particle movements
across frames. These oscillatory pixel displacements are confined
to specific regions, while most of the frame remains static. Here,
we propose a coarse-to-fine (top-down) framework decomposing
the problem into two steps: (i) identifying respiratory motion re-
gions by analyzing all spatial areas, as the locations of respiratory
organs and their motions are unknown in uncontrolled videos, and
(2) tracking fine-scale pixel movements within these regions to
reconstruct the waveform. The framework operates in three stages,
progressively narrowing spatial focus while expanding temporal
analysis, ensuring efficient and accurate estimation as detailed be-
low.

4.1. Respiratory Region Localization

This stage addresses the challenge of identifying the regions of
interest (ROI) for respiratory motion in a video, where respiratory-
induced movements can occur at any spatial location. We use a
single-stage one-time dense spatial and sparse temporal operation
to achieve efficient and accurate localization. Instead of tracking
motion over time, we focus on localizing respiratory motion by
analyzing two randomly selected frames taken a short time apart.
This method minimizes temporal computations while ensuring
comprehensive spatial analysis.

Motion Magnification: We apply motion magnification to am-
plify subtle respiratory-induced movements that might span only
a few pixels. We use the pre-trained DeepMag model [49], which
takes two frames as input and outputs a magnified motion frame.
This magnification transforms small pixel displacements into more
noticeable movements, facilitating effective region detection.

Optical flow estimation: We estimate dense optical flow be-
tween the original andmagnified frames to detect pixel-wisemotion.
Here, we leverage the pre-trained RAFT model [59], to compute
a dense optical flow field for each pixel comprising two channels
representing x- and y-axis movements. We generate a 2D heatmap
for the flow field by calculating the magnitude (the root of the
squared sum of the x- and y-components). This heatmap highlights
the spatial regions with the most significant movement as in Figure
3. We then apply a threshold (75th percentile) to select the regions
with the highest flow magnitude, masking out irrelevant areas. The
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Figure 2: (a) Sparse temporal and full spatial operation (b) Medium temporal and Medium Spatial Operation (c) Full Temporal and Sparse
spatial operation.

Frame 1 Frame 2 Without Magnification With Magnification

Frame 1 Frame 2 Without Magnification With Magnification

Frame 1 Frame 2 Without Magnification With Magnification

Figure 3: The columns represent 1st Frame, 2nd frame, optical flow
magnitude between original frames, and between original andmagni-
fied frame. The magnification enhances the respiratory movements
resulting in better RAFT performance.

resulting spatial regions represent the initial ROI containing poten-
tial respiratory-induced motion. These ROIs serve as the key spatial
areas for subsequent stages of respiratory waveform estimation.

4.2. Quality Respiratory Motion Localization

In this stage, we refine the regions identified in Stage 1 by pinpoint-
ing specific coordinates with the strongest respiratory-induced
motion. This involves intermediate spatial and temporal operations,
combining coarse-scale point tracking with signal quality analysis
to identify points with reliable respiratory movement.

Coarse-Scale point tracking: To improve resolution, the se-
lected regions of the RAFT model are upscaled by a factor of two.
Within these regions, multiple random points are selected and
tracked over a limited number of frames using the developed RRPIPs
model, which is specifically designed to handle subtle oscillatory
movements caused by respiration as discussed in the following
section. The trajectories obtained from this step serve as the basis
for identifying locations of significant respiratory signals.

Signal Quality Index (SQI)-Based Coordinate Localization:
Not all points within the region exhibit equal respiratory signal
quality. We employ a Signal Quality Index (SQI) block that evaluates
the SNR of the coarse-scale trajectory of the tracked points in terms
of RR information to rank the points to select point coordinates with
high-quality and reliable respiratory-induced motions for the final
stages of fine-scale motion tracking and waveform reconstruction.
Our SQI block consists of three steps of (i) Waveform Extraction:
Each point’s trajectory is converted into a respiratory waveform
using the method discussed in later sections. (ii) Spectral Analysis:
We compute the Power Spectral Density (PSD) of each point’s
waveform, focusing on the respiratory frequency range, and (iii)
Point Ranking: Points are ranked based on the PSD magnitude
and signal energy near the dominant respiratory frequency. This
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Figure 4: Signal Quality Index (SQI) Framework for Point Selection
Based on Respiratory Signal Quality

coarse-level SQI estimation further narrows down potential areas of
interest, focusing on points with the highest power in the relevant
frequency band for subsequent fine-scale tracking.

4.3. Fine-Scale Point Tracking and Respiratory Waveform
Extraction

In this stage, we refine the respiratory signal extraction process
focusing on the dominant respiratory motion points identified in
Stage 2. This involves upscaling the selected regions for fine-scale
point tracking, ensuring accurate respiratory waveform reconstruc-
tion.

Region Upscaling: To facilitate fine-scale tracking, we crop a
small window centered on each selected point from the dominant
respiratory regions. These cropped regions are upscaled by a fac-
tor of eight to enhance resolution, magnifying previously subtle
movements spanning only a few pixels. The spatial resolution is
increased while maintaining the frame resolution, enabling more
precise tracking of minute, non-rigid respiratory-induced pixel
displacements.

Fine-Scale Point Tracking: We perform sparse spatial oper-
ations combined with full temporal operations over the upscaled
regions. Using the same RRPIPs model as in Stage 2, we conduct
multi-frame tracking to capture the fine-grain oscillatory pixel
movements caused by respiratory organ motion. This continual
fine-grain tracking addresses the challenges of subtle, non-rigid
motion and ensures accurate trajectory estimation for each point.

RespiratoryWaveformExtraction:We extract the respiratory
waveforms from the fine-scale point trajectories for the upscaled
regions. This top-down method, starting from coarse localization
and progressing to fine-grain tracking, enhances both the accuracy
and interpretability of the respiratory waveform extraction process,
ensuring reliable and robust respiratory waveform estimation.



RRPIPS: Respiratory Waveform Reconstruction using Persistent Independent Particles tracking from video Conference acronym ’XX, June 24–26, 2025, Manhattan, NY

Figure 5: Steps to extract respiratorywaveform fromPoint trajectory.

5. RRPIPS

This section introduces RRPIPS, a generalized multimodal, multi-
scale persistent independent particle model for estimating respira-
tory waveforms by tracking respiratory-induced movements. Built
on the PIPs++ framework, RRPIPS addresses the challenges of video-
based respiratory waveform estimation through tailored enhance-
ments and fine-tuning using curated real-world multimodal respi-
ratory datasets.

The PIPs++ model [22, 66] offers a strong foundation due to
its balance of flexibility, accuracy, computational efficiency, and
suitability for respiratory motion tracking. Its CNN-based archi-
tecture supports sparse, long-range point tracking within small
temporal windows, effectively capturing subtle, non-rigid oscil-
latory respiratory movements. The model’s iterative refinement
mechanism improves tracking accuracy, and its correlation maps
provide interpretability, fostering trust and enabling domain ex-
perts to identify and address errors. However, its original training
on synthetic RGB datasets limits its generalizability to real-world
multimodal applications involving RGB, NIR, and IR data and subtle
non-rigid respiratory motion.

RRPIPS extends PIPs++ with key adaptations. First, it incorpo-
rates multimodal generalization for robust tracking across diverse
data sources. Second, it introduces multi-scale mechanisms to han-
dle coarse global shifts and fine local displacements. Finally, fine-
tuning on a curated multimodal, multi-scale respiratory dataset
ensures accurate and reliable performance in real-world scenarios.

5.1. RRPIPS Development

We developed RRPIPS, a multi-frame tracking model specialized
in respiratory-induced motion tracking across multiple scales and
modalities. Built upon the PIPs++ architecture, the model processes
32 input frames per pass at varying spatial resolutions. To adapt
PIPs++ for this task, we fine-tuned it using a curated multimodal
real-world respiratory point-tracking dataset, ensuring robust and
precise respiratory waveform estimation.

Training Data Preparation: The training dataset was semi-
automatically created from multimodal respiratory motion data,
incorporating RGB, NIR, and IR modalities. Ground truth was gener-
ated using a semi-supervised, human-in-the-loop optical flow-based
labeling strategy, which ensured efficient and accurate data prepa-
ration, as discussed later. The training dataset preparation process
follows the PIPs ++ training pipeline, in which a segment of 32
frames is selected and 128 points are placed in the initial frame,
with their tracking information derived from our labeling strategy
to enable supervised, end-to-end training. To enhance robustness,
we augmented the dataset while preserving respiratory tracking

information that includes rotation, frame shifting, rescaling, bright-
ness, hue and saturation augmentation, multi-resolution training,
color transformations, noise jittering, and salt-and-pepper noise.

Training Protocols and Strategies: The RRPIPS model was
fine-tuned using multiple strategies to optimize its performance:
(i) full training of the entire model from scratch, (ii) fine-tuning
the entire pre-trained PIPs++ model, and (iii) component-specific
tuning, which involved refining either the MLP mixer or the CNN
feature encoder while freezing other components. In the latter ap-
proaches, smaller learning rates were employed to maintain train-
ing stability and prevent overfitting. The training protocol also
included adjustments to emphasize respiratory-induced motion, en-
abling the model to generalize across multiple data modalities and
scales. These strategies collectively enhance RRPIPS’s capability
for generalized tracking of respiratory movements and estimating
respiratory waveforms from video data.

5.2. Tracking Operation

Data Preparation (Temporal Downsample): The RRPIPS model
employs temporal downsampling to optimize computational ef-
ficiency while maintaining signal fidelity. Respiratory rate (RR)
signals, typically ranging from 0.166 to 1 Hz, correspond to RR val-
ues across age groups (e.g. 12˘20 for adults over 18 years) [19, 54].
A minimum Nyquist frequency of 2 Hz is required to capture these
signals without aliasing. Standard video cameras capturing at 30
fps exceed this threshold. Frames are selected at intervals of 𝑑
(𝑑 << 15), producing a sequence with a sampling rate of 𝑁𝑓 =

fps
𝑑
,

which remains above the Nyquist frequency. This approach reduces
computational complexity by a factor of 𝑑 while ensuring adequate
performance.

Data Preparation (Spatial Upscale): Spatial domain process-
ing enhances tracking accuracy through upscaling. For coarse-scale
tracking, regions of interest (ROI) are extracted from RAFT model
outputs and upsampled by a factor of two. For fine-scale tracking,
localized regions around points selected using the Signal Quality
Index (SQI) block are upsampled by a factor of eight. While both
scales use the same tracking mechanism, coarse-scale processing
uses masked outputs, and fine-scale processing uses windowed
frames. These adjustments enable for accurate and efficient motion
estimation across spatial resolutions.

Tracking Iteration: RRPIPS processes𝑇 frames per iteration to
estimate pixel motion. For a downsampled video with 𝑁𝑓 frames,

the model requires 𝑁𝑓

𝑇−1 iterations, as the last frame of each iteration
serves as the first frame for the next (Figure 6).

In the 𝑗-th iteration, the model inputs 𝑇 consecutive frames
[𝑓1, 𝑓2, . . . , 𝑓𝑇 ] 𝑗 and the coordinates of 𝑃 pixels (𝑥𝑖1, 𝑦

𝑖
1)

𝑗 in the first
frame, where 𝑖 ∈ {1, 2, . . . , 𝑃}. It tracks these 𝑃 points across the
remaining 𝑇 − 1 frames, outputting (𝑥𝑖𝑡 , 𝑦𝑖𝑡 ) 𝑗 for 𝑖 ∈ {1, 2, . . . , 𝑃}
and 𝑡 ∈ {2, . . . ,𝑇 } (Figure 7).

During the first iteration ( 𝑗 = 1), 𝑃 points are uniformly sampled
across the selected pixel grid (Figure 2(a)). For subsequent iterations
( 𝑗 > 1), the tracked coordinates (𝑥𝑖

𝑇
, 𝑦𝑖
𝑇
) 𝑗 from the last frame of the

𝑗-th iteration initialize the starting coordinates (𝑥𝑖1, 𝑦
𝑖
1)

𝑗+1 for the
( 𝑗 + 1)-th iteration. Similarly, the last frame 𝑓 𝑗

𝑇
of the 𝑗-th iteration

becomes the first frame 𝑓 𝑗+1
1 of the next iteration, ensuring seamless

continuity in trajectory tracking across iterations.
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Figure 6: The model takes consecutive 𝑇 frames to perform each
iteration. The next iteration starts from the last frame of the previous
iteration for tracking continuity.

Figure 7: The PIPs model takes𝑇 frames and initial coordinates as
input and estimates the pixel coordinates in the subsequent 𝑇 − 1
frames. The blue dotted lines represent the corresponding points’
coordinates.

5.3. Respiratory Waveform from Point Trajectories:

Pixel Trajectory Estimation: For each point 𝑖 , the RRPIPS model
provides trajectory coordinates (𝑥𝑖

𝑗
, 𝑦𝑖

𝑗
), where 𝑗 represents the

time-stamp of the point’s location. To derive displacement over time,
we calculate (𝑥𝑖

𝑗
− 𝑥𝑖1) and (𝑦𝑖

𝑗
−𝑦𝑖1), resulting in two-channel time-

series signals corresponding to movement in the x and y directions.
Next, we extract movements on the respiratory frequency range,
typically between 0.1Hz and 1.5Hz. A bandpass filter is applied
with a passband frequency range of 0.05Hz to 2Hz, isolating the
signal within the respiratory frequency band while removing noise
and irrelevant low-frequency components. The filtered result is the
estimated respiratory waveform, which provides the respiration-
induced motion. We perform Power Spectral Density (PSD) analysis
on the estimated respiratory waveform to determine the respiratory
rate (RR). The maximum peak in the PSD indicates the frequency
with the highest power within the respiratory range, corresponding
to the RR. To extract the dominant motion component, we apply
Principal Component Analysis (PCA) on these two filtered signals
and select the first principal component, which captures the major
variation in point trajectories (Figure 5).

6. Experiments
We perform a comparative analysis by experimenting with two ex-
isting approaches and naive baselines using our In-house dataset.
We further experiment with two public datasets.

6.1. Dataset

This section describes the datasets used in our study.

6.1.1. In-house Dataset: In this study, we develop a video-based
respiratory rate (RR) estimation dataset thatmimics a clinical labora-
tory setting, capturing diverse test subjects, postures (sitting, stand-
ing, lying), RR patterns (regular, slow, fast), respiration-induced
organ movements, and realistic environments. The dataset consists
of 38 video sessions (3 to 5 minutes each) from 29 adult volunteers,
recorded using a mounted stand camera and a static robot-mounted
camera (ROSBot) positioned approximately 4 feet from the partic-
ipants to capture RGB videos of shoulders, abdomen, and chest

Figure 8: Cropped sample frames from our in-house dataset
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Figure 9: (a) Diversity in RR ranges (b) Diversity in Subjects and
Camera POV and exposed RR induced organs.

Figure 10: A sample data Collection Setting. The camera sensor
captures the respiratory movements and the Vernier Belt provides
ground truth respiration pressure. The imaginary white line acts as
a visualization reference to highlight a subtle abdomen movement.

movements. Representative samples of the data are shown in Fig-
ure 8. Variations in participant demographics (age, gender, race),
camera configurations (Mobile, ROSBot), backgrounds, noise levels,
clothing, lighting, and tidiness enhance dataset diversity. A visual
comparison of these variations is provided in Figure 9. Ground truth
(GT) respiratory rate signals are measured using the Vernier Go
Direct Respiration Belt [1], which tracks pressure changes during
breathing. GT data is synchronized with video frames by marking
the start of sensor data collection and verifying respiratory cycle
correlations, with organ movement locations provided as meta-
data for each frame. An overview of the data collection setup is
shown in Figure 10. Ethical considerations are also integral to our
approach. We prioritize participant safety and privacy by obtaining
informed consent, allowing them to review their data, and adhering
to safety and privacy protocols. Additional guidelines ensure par-
ticipant comfort and compliance during the data collection process,
reinforcing our commitment to ethical research practices.

6.1.2. Public Dataset AIR-125 [35]: The AIR-125 dataset com-
prises 125 videos, each approximately 60 seconds long, featuring
infants sourced from various real-world monitoring scenarios. RR
annotations, ranging from 18 to 42 RR, were obtained from thoracic
or abdominal motion. The dataset includes footage collected from
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Figure 11: (i) column represents original frames. The red line shows
a bit of pixel shifts. We observe the point shift in the feature spaces
in the coarse scale in (ii) PIPS and (iii) RRPIPS. We also observe a
visible shift in feature space for upscale data by RRPIPS.

baby monitors and YouTube, providing diverse resolutions and
frame rates. Sleep Databaset [27]: Additionally, we utilized the
Sleep Database, consisting of 28 videos featuring 11 adult subjects
captured in dual-mode (NIR and IR) under illumination intensities
ranging from 0 to 3 Lux.

6.2. Creating respiratory point Tracking Dataset

Annotating multi-modal-multiscale large datasets for respiratory
waveform reconstruction poses considerable hurdles in attaining
precision and scalability, particularly in practical applications. To
address these challenges, we develop a semi-supervised annota-
tion process that integrates many public and proprietary datasets.
Leveraging advanced optical flow models and particle tracking
algorithms, our approach automates the development of pixel dis-
placement ground truth with minimal manual effort. We utilize the
RAFT model, renowned for its robustness to large displacements,
to capture coarse optical flow across frames and facilitate detailed
respiratory motion annotations. Our method, inspired by co-tracker
methodologies, bridges the gap between manual annotation and
full automation, ensuring accurate analysis of real-world videos.

The annotation process begins with the selection of 32 frames
from each video. Annotators then perform region of interest (ROI)
selection, pinpointing areas of notable respiratory activity using
grid overlays. Trajectory points are identified by designating grid
centers, and in each ROI, we sample 128 points, with more than 80%
concentrated in areas exhibiting significant motion. This approach
enhances annotation accuracy while reducing computational bur-
den. To efficiently handle dense optical flow processing, videos are
segmented into smaller, manageable samples, ensuring scalability
and streamlined analysis.

Annotation verification is supported by three intuitive visual-
izations: trajectory overlays on image plots, motion visualizations
within ROIs, and trajectory start/end position plots. These provide
instantaneous feedback, ensuring trajectory accuracy and minimiz-
ing errors. For fine-scale tracking, we employ the PIPs++ model,
optimized on our multimodal, multi-scale dataset, to achieve pixel-
level accuracy for non-rigid respiratory motion.

Overall, the datasets include a total number of 40,000 samples,
each containing 32 frames, with each frame annotated with 128
trajectories. To ensure robust model evaluation, we employ a leave-
subject-out testing strategy, splitting the dataset into training and

Figure 12: The (a) and (b) showmovements in the original frame scale
and (c) and (d) show pixel motion in the upscaled version. RRPIPS
successfully tracks the points across scales.

testing sets to avoid subject overlap during evaluation. We optimize
training with a multi-scale approach, leveraging data at different
spatial resolutions to improve the model’s adaptability to respira-
tory motion across scales. To further enhance generalizability, we
employ extensive data augmentation techniques, including spatial
transformations (shifting, axis transpositions, flipping), zoom-in
effects, and pixel-level noise injection.

6.3. Implementation Details

We conducted all experiments in a Python environment on a server
with Intel(R) Core(TM) i9 processors, 128GB of RAM, and NVIDIA
GeForce RTX 3090 GPUs.

Video Preprocessing:We used the OpenCV library for loading
and preprocessing video files. Temporal downsampling was applied
with factors of 2, 5, and 6, while spatial preprocessing involved
cropping the region of interest (ROI) and applying a 2x upscaling
factor during coarse-scale tracking. We crop a window of 96 × 128
centered around the selected points and upscale it to 384 × 512
spatial resolution for fine-scale tracking.

Magnification: We utilized the pre-trained DeepMag model for
motion magnification in its static setting. The amplification factor
was set to 10, which performed well across a range of 5 to 15.

RAFT Model: Optical flow was estimated using the RAFT-large
model with default pre-trained weights. RAFT performed 12 itera-
tions to compute the flow between frames. The input frames were
resized to 520× 960 and normalized to a range of [−1, 1]. To ensure
robust results, we magnified and calculated optical flow for mul-
tiple sets of randomly selected two frames from early videos and
retained regions consistently selected across iterations for tracking
that avoids relying on selecting two erroneous frames in videos
where respiratory-induced movement is subtle or distributed.

Pre-trained Models and Data:We leveraged pre-trained archi-
tectures of PIPs++, trained on the FlyingThings and Point Odyssey
datasets, for fine-tuning the respiratory dataset. The model tracked
32 consecutive frames of size 380 × 640 × 3 per iteration. Query
points (32, 64, 128) were initialized in the ROI for coarse-scale track-
ing (refer to Figure 15).

Trajectory Analysis: We designed a Butterworth bandpass
filter with a frequency range of 0.05 Hz to 2 Hz using the SciPy
library to process point trajectories. Power Spectral Density (PSD)
estimation was performed using Welch’s method [64], and the top
6 points with the highest PSD peaks were selected for fine-scale
tracking.
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6.4. Ablation Studies

We conducted comprehensive ablation studies to evaluate the criti-
cal components of our pipeline and investigate alternative design
choices. First, we assessed the significance of each stage in the
proposed coarse-to-fine framework, including motion magnifica-
tion, RAFT-based optical flow for region selection, the SQI block,
upscaling, and model fine-tuning, demonstrating their individual
and collective contributions to accurate respiratory waveform esti-
mation. Second, we explored alternative design implementations to
assess their impact on performance, such as replacing RAFT with
OpenCV optical flow for motion tracking, utilizing phase-based
magnification instead of DeepMag, substituting PIPS++ with the
PIPS model, and testing configurations without fine-tuning. These
experiments revealed valuable insights into the trade-offs between
computational efficiency and accuracy. Finally, we optimized the
RRPIPS model by examining the role of multimodal, multiscale
data, model architecture, and various training strategies. We com-
pared performance across various fine-tuning and optimization
approaches, highlighting the advantages of tailoring the model to
the respiratory dataset for enhanced accuracy and robustness.

6.5. Baselines

We implemented several methods for respiratory rate (RR) es-
timation, including intensity-based and optical-flow-based tech-
niques [37, 41]. These methods leverage variations in pixel inten-
sity and displacement, respectively, to capture subtle respiratory-
induced movements. Additionally, we explored edge-based displace-
ment tracking with manual region-of-interest (ROI) selection to
improve accuracy.

Intensity-Based RR Estimation [37]: This method involves
manually selecting an ROI and tracking pixel intensity gradients
over time. The intensity variations are filtered, and frequency
domain analysis is performed to estimate RR from the tempo-
ral changes in pixel intensity. Optical-Flow-Based RR Estima-
tion [41]: Optical flow vectors are computed between successive
frames using OpenCV’s flow estimator. RR is extracted by recon-
structing the flow over the entire video sequence. We conducted
two experiments: one using raw frames and another using edge-
detected frames to enhance displacement tracking. Edge Shift
Tracking: We manually cropped ROI edges and projected them
onto the X and Y axes. Respiratory-induced movements were cap-
tured by analyzing coordinate displacements of the edge projections
across frames. Area Under Edge Curve: A small, continuous edge
block was manually cropped, and the area under the edge curve
was calculated across successive frames. The variation in this area
was analyzed to estimate RR, capturing respiratory movements
indirectly through spatial changes.

7. Results

7.1. Main Results

We evaluated our method on the left-out test dataset comprised of
RGB, NIR, and IR video modalities from different datasets. Results
were analyzed in both the time and frequency domains to assess
tracking and respiratory rate (RR) estimation performance.

Time-Series Results: To evaluate tracking performance, we
compared the point trajectories generated by our RRPIP model

(a) (b)

Figure 13: (a) Time (top) and frequency (bottom) domain visualiza-
tion for selected ROI points (b) The high correlation between RR
ROI pixels in time (top) and frequency domain (bottom).

with those from the RAFT optical flow model. This comparison
highlights the ability of our model to maintain accurate tracking
over multi-frame intervals, particularly in challenging scenarios
involving non-rigid, subtle respiratory motions.

Frequency Domain Results: For RR estimation, we performed
a quantitative analysis using standard metrics, including mean ab-
solute error (MAE) and root mean square error (RMSE), reported
as breaths per minute. For our in-house dataset, we followed the
Vernier machine configuration, calculating RR over 30-second in-
tervals with a 20-second overlap between stages. The final per-
formance metrics were averaged across all subjects, providing a
comprehensive assessment over the complete dataset.

Performance on In-House Dataset: Our approach outper-
formed baseline methods in estimating RR from the in-house
dataset (Table 1). While intensity-based and edge-based solutions
provided competitive RR estimates, they relied heavily on exter-
nal blocks for ROI selection and edge detection. For edge-based
methods, we optimized OpenCV’s Canny edge detection parame-
ters to achieve optimal results. In contrast, our model seamlessly
integrates these functionalities, eliminating dependencies on man-
ual parameter tuning. Additionally, two-frame optical flow (OF)
methods were explored for pixel displacement detection, but were
less robust in comparison to our coarse-to-fine pipeline.

Generalization to Public Datasets:We further assessed the
adaptability of our approach on two public datasets featuring RGB
videos of infants and NIR/IR videos of adults. Tables 4 and 3 present
the performance metrics on these datasets. RRPIP achieved high
accuracy in trajectory estimation for both NIR and IR modalities,
demonstrating consistent RR estimation accuracy across test sam-
ples from diverse conditions.

Infant and SleepDataset Analysis:Ourmodel performed com-
petitively on RGB videos of infants. Notably, in the sleep dataset,
RRPIP showed resilience to head movements, which typically in-
volve small spatial areas within the frame. By leveraging multiple
points for RR estimation, our method mitigates errors from indi-
vidual point tracking failures, ensuring robust performance under
such conditions.
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Figure 14: The top row shows the time domain plot of filtered trajectories and the bottom row shows the corresponding PSD. We observe the
RR corresponding points result in higher energy in the time domain and ROI frequency region.

Table 1: Comparative results of RR estimation systems on our in-
house RGB adult dataset.

Metrics Intensity OF Edge Shift Edge Area pips++ RRPIPS

MAE 3.25 2.42 2.52 3.45 1.62 1.01
RMSE 5.12 3.89 5.53 6.82 2.92 1.80

Table 2: Summarized results on Public datasets.

Metrics Sleep Data
(Adult NIR)

Sleep Dataset
(Adult IR)

AIR-125
(Infant RGB)

In-House
(Adult RGB)

MAE 2.56 1.02 1.36 1.01
RMSE 4.70 2.12 2.75 1.80

Table 3: Comparative results RMSE of RR with different approaches.
FT: full model training, HT: MLP layer training

Dataset PIPS PIPS++ RRPIPS(FT) RRPIPS (HT)
Sleep-NIR 9.8 7.43 2.56 3.44
Sleep-IR 4.8 2.3 1.02 2.05
AIR 3.82 2.4 1.36 1.9
In-house 1.62 1.88 1 1.1

Table 4: Comparative results of RMSE with RAFT estimated target
points with different approaches.

Dataset PIPS PIPS++ RRPIPS(FT) RRPIPS(HT) RRPIPS(RGB)
Sleep-NIR 12.8 9.2 3.5 4.2 8.7
Sleep-IR 10.1 6.8 2.1 2.7 6.9
AIR 7.2 4.2 2.7 3.5 3.8
In-house 7.8 3.5 3.6 2.5 2.4

The experimental results highlight the efficacy of our RRPIP
framework across modalities and datasets, providing reliable and
interpretable RR estimation and respiratory waveform extraction.
Comprehensive quantitative metrics underscore the advantages
of our multi-frame, coarse-to-fine pipeline in addressing the chal-
lenges of contactless respiration monitoring.

We also analyzed the qualitative performance and interpretabil-
ity of the proposed RRPIPS framework by examining the spatial
location and behavior of selected points as regions of interest (ROI).
Our empirical observations of the selected points on source video

Figure 15: Top row shows the position of initial points and the bottom
row shows the position of top-6 PSD ranked points.

frames (Figure 15) revealed that most were chosen from respiratory
ROI, validating our design choices. This ensures that the respi-
ratory rate (RR) estimation originates primarily from trajectories
associated with external respiratory movements, enhancing inter-
pretability and reliability.

Additionally, we examined the temporal and frequency charac-
teristics of the selected points’ trajectories. As depicted in Figure 16,
the trajectories exhibited high correlation, even when points were
selected from different locations or organs. These correlated trajec-
tories aligned closely with respiratory movements in both the time
and frequency domains, further demonstrating the framework’s
ability to capture meaningful respiratory signals.

To evaluate the multiscale tracking capability of RRPIPS, we
investigated its performance across various spatial scales, from
tracking motion between only a few pixels to capturing larger-scale
displacements (Figure 12). The results underscore the robustness of
the model in handling subtle, non-rigid respiratory motions. Finally,
we visualized the tracking points at coarse and fine scales to provide
a deeper understanding of the pipeline’s behavior. Representative
examples are shown in Figures 17 and 18, illustrating the transition
from initial coarse-scale tracking to fine-scale tracking for precise
respiratory waveform estimation. These visualizations confirm the
effectiveness of RRPIPS in leveraging multi-scale information to
achieve accurate and interpretable RR estimation.
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Figure 16: Movement pattern similarity in time and frequency do-
main for points over the RR pixels.

Figure 17: sample tracking in original video resolutions. The red
point shows the selected point.

Figure 18: sample tracking in upscaled video resolutions in the se-
lected regions

7.2. Ablation Studies

We conducted comprehensive ablation studies to evaluate the con-
tributions of individual components and alternative design choices
in our proposed pipeline, as illustrated in Figure 2.

Component Analysis: The region selection process, selecting
the top 70th percentile of pixels with the highest respiratory activity,
effectively reduces computational load by narrowing the tracking
scope. By analyzing only two frames at extreme minima, this ap-
proach minimizes the need for exhaustive computations over long
durations, relying instead on a one-time application of the DeepMag
and RAFT optical flow models. The Signal Quality Index (SQI) block
further refines this selection by isolating high-SNR points within
respiratory regions, reducing the number of points tracked, and
localizing regions for fine-scale upscaling. The upscaling operation
enhances resolution, significantly improving trajectory estimation
accuracy, as illustrated in Figure 11, particularly in distinguishing
features for precise respiratory waveform extraction.

Role of Motion Magnification: Motion magnification strengthens
RAFT-based optical flow estimation under challenging conditions,
such as low motion scenarios or small frame gaps. While RAFT
performs sufficiently well when visible respiratory motion exists

between distant frames, magnification ensures consistency across
diverse samples. However, openCV optical flow ROI selection per-
formance degrades without motion magnification. Future studies
will investigate adaptive criteria for applying magnification based
on motion intensity and frame conditions.

Alternative Design Choices:We explored alternative methods
to optimize the pipeline. Substituting RAFT with OpenCV optical
flow yielded comparable results when combinedwithmotionmagni-
fication. However, RAFT demonstrated superior accuracy in regions
with subtle respiratory motion due to its robust area selection capa-
bilities. For tracking, we compared off-the-shelf PIPS models with
RRPIPS. While performance on RGB datasets and upscaled frames
was comparable, RRPIPS significantly outperformed PIPS in NIR
and IR modalities, particularly for tracking small-scale respiratory
particle movements (Table 4 and Table 3). The PIPS model under-
performed in these modalities due to its general-purpose design
for RGB videos, with NIR frames showing better outcomes than IR.
Analysis of the dataset revealed that the IR frames, dominated by
body heat radiation, and low-visibility NIR frames contributed to
the observed discrepancies. We also evaluated phase-based video
motion magnification [62] as an alternative to DeepMag. While
phase-basedmagnification achieved comparable results when tuned
to the respiratory frequency range, it required significantly more
temporal video frames than the two-frame approach of DeepMag,
increasing computational demands.

Data and Training Strategies:We investigated the impact of
various fine-tuning strategies. Full fine-tuning of the model, in-
cluding correlation cost map features, achieved the best results in
both feature space representation and estimation accuracy (Table 3
and Table 4). Additionally, fine-tuning using multimodal datasets
enhanced RRPIPS’s performance in IR and NIR modalities, consis-
tently outperforming the baseline PIPS model. We observe subop-
timal performance in other modalities by training with only RGB
modalities as in table 4 highlighting the importance of multimodal
optimization in robust respiratory waveform tracking.

8. Discussion
Avoidance of Object Detection and Segmentation: Our frame-
work eliminates the need for manual cropping, physical markers, or
object detection. Object detection underperforms due to the lack of
clear reference points, while segmentation models fail in scenarios
where respiratory organs are covered or only motion is visible. For
instance, our method successfully tracked respiratory-induced belly
movements by covering hands or clothing.

Manual Points Selection:Our framework incorporates a human-
in-the-loop approach for manual point selection to track specific
respiratory organs. Experts can define regions of interest, allowing
the model to focus on motion tracking in those areas. This enhances
the detection of respiratory discomfort and the monitoring of ex-
pected respiratory movements with greater precision. In addition,
the framework supports the selection of multiple points for track-
ing, enabling comparative analysis of respiratory waveforms across
various respiratory-induced organs, making it highly versatile for
clinical and research applications.

Efficiency of Sparse Tracking with PIPS: Using RAFT for
dense tracking in respiratory waveform estimation is computation-
ally expensive due to its 4-D correlation matrix calculations across
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complete spatial regions and its two-frame operation per iteration.
We employed RAFT only for one-time dataset generation, as it is
effective for this purpose. In contrast, PIPS excels in sparse point
tracking by utilizing local features, offering a more efficient solution
without sacrificing accuracy in estimating respiratory motion.

Impact of Downsampling: The downsampling operation offers
two advantages: enhanced computational efficiency and improved
signal-to-noise ratio (SNR) for respiratory motion. By processing
reduced frames, the model avoids high-frequency noise, retaining
the slow-moving respiratory-induced signals that are otherwise
drowned out in high frame-rate videos. This counterintuitive find-
ing underscores the importance of adapting frame rates for optimal
respiratory rate (RR) estimation.

Movement Constraints and Model Limitations: The frame-
work assumes that respiratory-inducedmovements dominatewithin
the frequency range of interest (0.1–1.5 Hz) and that background
motion has minimal impact. These assumptions hold in controlled
static subject-camera settings but may degrade performance with
significant non-respiratory movements or subpixel-level motion.
While filtering constraints ensure robustness against out-of-band
motion frequencies, future work will address dynamic scenarios
such as subject or camera motion, speech-induced artifacts, exer-
cise, and regular activities. Additionally, we aim to establish motion
limits for all models and improve performance in challenging cases
by separating respiratory signals from other movements.

Future Directions: Extending the framework includes fine-
tuning RAFT and DeepMag for non-RGB modalities, addressing
model limitations in edge devices, and enhancing robustness to
background interference. Incorporating global motion analysis
(GMA) for separating respiratory and non-respiratory movements
and enabling deployment in unconstrained environments will fur-
ther broaden its applicability. Further, we will explore other test
time optimization-based TAP models for volumetric representation
and motion tracking [63].

9. Conclusion

This work addresses the challenge of estimating respiratory wave-
forms from videos capturing respiratory-induced motions for con-
tactless healthmonitoring.We propose a novel coarse-to-fine pipeline
that identifies respiratory motion regions using motion magnifica-
tion and optical flow, localizes respiratory-induced pixel movements
via coarse-scale tracking and a Signal Quality Index (SQI) block, and
refines tracking through upscaling for precise waveform estima-
tion. Our specialized RRPIPS model is designed for robust tracking
across multiple modalities (RGB, NIR, IR) and scales, capturing sub-
tle respiratory motions effectively. We also introduce a large-scale
RGB dataset featuring diverse respiratory-induced movements in
realistic settings, complemented by a semi-supervised, human-in-
the-loop approach for generating ground truth trajectory annota-
tions. Validated across three diverse datasets and modalities, our
approach achieves state-of-the-art results, with extensive studies
demonstrating its efficiency, adaptability, and potential for advanc-
ing contactless respiratory monitoring systems.
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