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Abstract

The development of contactless respiration monitoring for

infants could enable advances in the early detection and

treatment of breathing irregularities, which are associated

with neurodevelopmental impairments and conditions like

sudden infant death syndrome (SIDS). But while respiration

estimation for adults is supported by a robust ecosystem of

computer vision algorithms and video datasets, only one

small public video dataset with annotated respiration data

for infant subjects exists, and there are no reproducible al-

gorithms which are effective for infants. We introduce the

annotated infant respiration dataset of 400 videos (AIR-

400), contributing 275 new, carefully annotated videos from

10 recruited subjects to the public corpus. We develop the

first reproducible pipelines for infant respiration estimation,

based on infant-specific region-of-interest detection and

spatiotemporal neural processing enhanced by optical flow

inputs. We establish, through comprehensive experiments,

the first reproducible benchmarks for the state-of-the-art in

vision-based infant respiration estimation. We make our

dataset, code repository, and trained models available for

public use.

1. Introduction

In infancy, healthy respiration is critical for optimal brain

development and early detection and treatment of irregular

respiration is critical to prevent neurodevelopmental impair-

ment [14]. Breathing irregularities such as apnea or res-

piratory distress are significantly more common in high-

risk neonates who often require post-delivery monitoring

in neonatal intensive care units (NICUs) [6, 28]. How-

ever, respiration monitoring the NICU relies on contact

sensors which can damage and cause pain to the sensitive

skin of a neonate [2]. Moreover, gold standard respira-

tion monitoring cannot be easily conducted in the home,

post-discharge, despite substantial evidence linking apnea

and sudden infant death syndrome (SIDS) [24]. The rise

of human- and health-centric computer vision algorithms

and widespread adoption of computationally-enabled baby

monitors presents the opportunity to develop a contactless

alternative to infant respiratory detection in home and med-

ical settings. Recent advances in computer vision have in-

cluded deep learning algorithms designed and trained to

track infant-specific poses, states, and actions [4, 12, 13,

36]. Progress in infant respiration waveform and rate esti-

mation, however, has been limited by the scarcity of anno-

tated video data [26, 27]. As we will explain, most exist-

ing datasets are private and cannot be easily used or vali-

dated, and the sole work featuring a public dataset and al-

gorithm for this task faces major limitations due to issues

with dataset size and model reproducibility.

In this paper, we establish infant respiration estimation

as a reproducible and benchmarkable task in computer vi-

sion for the first time, through three key contributions. First,

we introduce a new video dataset with carefully synchro-

nized and annotated respiration waveforms, which triples

the amount of publicly accessible data, in terms of both the

number of clips and the diversity of recruited infant sub-

jects. Second, we propose a novel method for infant res-

piration waveform estimation that leverages infant pose de-

tection and fine-grained region-of-interest (ROI) tracking,

as illustrated in Figure 1. Third, we perform the most com-

prehensive evaluation to date of infant respiration estima-

tion pipelines, systematically comparing optical flow and

spatiotemporal network architectures, and rigorously test-

ing reproducibility and generalizability across experimen-

tal settings. Together, these contributions provide a reli-

able foundation for advancing infant respiration monitoring

within the computer vision community. Our dataset, code

repository, and trained models can be found at https:

//github.com/michaelwwan/air-400.
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Figure 1. Our infant respiration estimation pipeline combines a preprocessing module with infant-specific spatial region-of-interest

(ROI) detectors, spatiotemporal inference from neural networks, and signals post-processing. We implement two region-of-interest (ROI)

strategies, an infant body ROI detector, and infant chest ROI detector. Clips are cropped to the ROI and processed by optical flow

(Coarse2Fine [19], DeepFlow [37], Farnebäck [8], PCAFlow [38], TV-L1 [31, 40], RAFT [32]). Spatiotemporal neural networks (Deep-

Phys [3], MTTS-CAN [20], EfficientPhys [21], AIRFlowNet [23]) then process appearance and motion inputs, and post-processing via

detrending and bandpass filtering is applied to obtain respiration rates and waveforms.

2. Related Work

Video-based physiological waveform and rate estimation

has advanced rapidly. One of the most successful early

models, DeepPhys [3], estimated both the cardiovascular

and respiratory amplitude waveform by tracking changes in

skin reflectance using a convolutional neural network with

an attention mechanism to analyze differences in nearby

frames. Subsequent methods found success applying 3D

convolutional neural networks [39], though at a higher com-

putational cost. Newer models such as the multi-task tem-

poral shift convolutional attention network (MTTS-CAN)

[20] and EfficientPhys [21] reduce the computational bur-

den by replacing 3D convolutional networks with temporal

shift modules combined with 2D convolutional processing.

Alongside methodological advances, vision-based phys-

iological estimation has benefited from the public release of

video datasets featuring a large number of adult subjects,

accompanied by carefully calibrated ground truth physio-

logical signals. Most notably, these include the COHFACE

dataset [11], the MAHNOB dataset [30], and the synthetic

SCAMPS [25] dataset. Characteristics of these datasets

are tabulated alongside public and private datasets featur-

ing both adult and infant subjects in Table 1. Focusing on

respiration in the adult domain, there are 687 ground-truth

videos from 67 real subjects publicly available with ground

truth respiration signals, in addition to 2,800 videos from

2,800 synthetic subjects from SCAMPS.

By contrast, infant respiration estimation has been con-

strained by severe data scarcity, due to the complexity of

collecting infant video data with corresponding ground truth

respiration waveforms. The only public, annotated video

data on infant respiration comes from our previous work

in Manne et al. [23], which introduced the annotated infant

respiration dataset of 125 videos, or AIR-125, consisting of

125 short video clips drawn from eight infant subjects. This

provided just enough data to train and test a preliminary in-

fant respiration estimation model. Unfortunately, our more

recent and comprehensive analysis documented in Section 5

shows that the strong numerical results obtained in [23]

do not generalize to other choices of train–test split in the

AIR-125 dataset, and are also not reproducible in exhaus-

tive cross-validation testing in our newly expanded dataset.

In this paper, we aim to rectify issues of data scarcity and

model reproducibility with our updated dataset, methodol-

ogy, and experimental contributions.
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Table 1. Datasets available to support video-based human res-

piration estimation, highlighting the extreme scarcity of video

data available featuring infant subjects. PPG: photoplethysmo-

gram, PR: pulse rate, RR: respiratory rate, Resp: respiration wave-

form, AU: action unit, BVP: blood volume pulse, EEG: electroen-

cephalogram, ECG: electrocardiogram, SpO2: blood oxygenation.

DATASET GROUND TRUTH DOMAIN VIDEOS SUBJECTS PUBLIC

SCAMPS [25] PPG, PR, RR, Resp, AU Adult 2,800 2,800 ✓

COHFACE [11] Resp, BVP Adult 160 40 ✓

MAHNOB [30] ECG, EEG, Resp Adult 527 27 ✓

AFRL [7] ECG, EEG, PPG, PR, RR Adult 300 25 ✗

OBF [18] RR, PPG, ECG Adult 212 106 ✗

Villarroel et al. [34] Resp, PPG, SpO2 Infant 384 30 ✗

Földesy et al. [10] Resp Infant 1,440 7 ✗

Kyrollos et al. [17] Resp Infant 20 1 ✗

Lorato et al. [22] Resp Infant 90 2 ✗

Tveit et al. [33] RR Infant 6 2 ✗

AIR-125 [23] Resp, RR, Pose Infant 125 8 ✓

AIR-400 (Ours) Resp, RR, Pose Infant 400 18 ✓

3. An Expanded Infant Respiration Dataset

Figure 2. Number of videos per subject in AIR-400. The dataset

comprises 400 videos from 18 infant subjects. Blue bars (S01–

S08) represent the AIR-125 dataset [23] (125 videos from 8 sub-

jects), while green bars (S09–S18) show our additions (275 videos

from 10 new subjects from the same study as in [23]). Each bar

indicates the number of 60 s clips available for that subject.

We expand our previous dataset of 125 infant respiration

videos from Manne et al. [23] with an additional 275 clips

drawn from new subjects from the same study population,

formatted and annotated by our interdisciplinary team in the

same way. We package the datasets together to produce a

unified annotated infant respiration dataset of 400 videos,

or AIR-400. We next describe our process for collecting,

curating, and annotating the 275 new videos, and charac-

terize the AIR-400 dataset as a whole. See Figure 2 for a

breakdown of AIR-125 and AIR-400 by subject.

3.1. Data Collection and Curation

We collected∼100 hours of overnight baby monitor footage

from 10 more infant subjects from the same study as in [23],

under Northeastern Institutional Review Board approval

(IRB #22-11-32). Participants ranged from 4–11 months

in age. We provided baby monitor cameras to caregivers,

with instructions to mount them overhead for a whole-body

view of the infant. Raw recordings were captured for hours-

long sessions overnight, and infant sleep is punctuated by

periods of arousal and waking, as well as caretaker interac-

tions. Footage was captured in both RGB and infrared (IR)

modes, automatically determined by the camera based on

the availability of ambient lighting.

Technical constraints presently stand in the way of

fully-automated pediatric health monitoring from long-

form video footage. Extreme infant movements and pos-

tures and anomalous events such as caretaker interactions

can hamper effective tracking. High computational costs of

preprocessing and training also prevent rapid experimenta-

tion needed at the research stage. Thus, in order to provide a

feasible starting point for infant respiration estimation, we

follow AIR-125 and curate a set of 60 s videos, featuring

relatively clean samples of infant respiration behavior.

We were guided by three primary criteria to ensure

dataset quality and utility. First, we favored highly visible

chest and abdomen movements to enable effective visual

annotation of respiratory cycles. We avoided videos with

obstructions such as blankets, pacifiers, or toys. Second,

we excluded excessive subject movement, caretaker inter-

actions, or camera shake, which obscure respiratory move-

ments. This consideration was especially important for the

IR footage, where the combination of subtle thoracic move-

ments, lower frame rates, and increased temporal noise in

underexposed environments can create ambiguity. Third,

we favored supine (face-up) positions for optimal chest vis-

ibility, while also including other sleeping orientations for

variety. We also ensured diversity in respiratory patterns by

selecting videos across an extended range of infant breath-

ing rates (15–40 breaths-per-minute (BPM)). This range en-

compasses both typical clinical norms (30–60 BPM) [9] and

challenging real-world scenarios where measured rates ap-

pear lower due to movement artifacts or natural breathing

pauses during infant sleep. See Figure 3 for an overview of

composition of the resulting dataset.

3.2. Annotation Process

To derive the ground truth respiration waveforms, we used

the VGG Image Annotator software [5] to systematically

analyze respiratory cycles and manually mark the peaks

of the respiration waveform throughout each video se-

quence. The annotation was performed by one of the au-

thors through iterative video playback, with frequent paus-

ing, frame-by-frame advancement, and backtracking to en-

sure accurate peak identification. Respiration peaks were

defined as the exhalation onset point (the transition from in-

spiration to expiration) [35], identified by observing the re-

versal from chest expansion to contraction. In cases where

this transition was ambiguous, the minimum chest or ab-

domen position (point of maximum compression) was used

as an alternative marker [16, 29].

Identification of peaks relied on multiple visual indica-
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Figure 3. Dataset statistics for AIR-125 [23], our newly contributed 275 videos, and the combined AIR-400. Each panel shows a

respiration-rate histogram, plus ring charts for frame rate, color mode (RGB vs infrared (IR)), and sleeping position (supine, side, and

prone). The expanded dataset provides broader respiratory pattern diversity and varied recording conditions.

tors: direct thoracic and abdominal movements, facial cues

(nostril and mouth changes), indirect movements propa-

gated to other body regions (shoulders, limbs), and cloth-

ing deformation patterns which often amplified subtle res-

piratory motion. This multi-marker approach was essen-

tial given the variability in infant positioning and partial

occlusions common in naturalistic recordings. Each video

received at least two complete annotation passes: an ini-

tial marking of respiration peaks followed by validation for

temporal consistency and physiological plausibility.

Following [23], we converted discrete peak annotations

into continuous respiration waveforms, as follows. First,

an impulse signal I(t) was generated with unit impulses at

annotated peak timestamps:

  I(t) = \sum _{i} \delta (t - t_i), \label {eq:annotation-to-signal} 




  (1)

where ti is the timestamp of the ith annotated respiration

peak. This impulse signal was then convolved with a Gaus-

sian kernel to produce a smooth waveform:

  w(t) = (I * G_\sigma )(t) = \sum _{i} G_\sigma (t - t_i), \label {eq:signal-to-waveform}    




  (2)

where Gσ is a Gaussian kernel with standard deviation σ.

We choose σ = 4 empirically to produce physiologically

plausible waveforms while accommodating temporal uncer-

tainties inherent in manual annotation.

3.3. Dataset Statistics

The AIR-400 dataset adds 275 additional annotated infant

respiration videos to an existing public corpus of 125, pro-

viding 400 annotated clips in all, from 18 infant subjects,

as illustrated in Figure 2. Figure 3 presents the distribu-

tional characteristics of both components. The respiration

rate distributions show complementary coverage, with AIR-

125 exhibiting a mean of 25.3 BPM (σ = 5.4) and the new

additions centering at 21.6 BPM (σ = 3.7). This combined

distribution spans a broader physiological range (approxi-

mately 15–40 BPM), as discussed in Section 3.2, capturing

both normal tidal breathing and elevated respiratory pat-

terns common in infant monitoring scenarios.

Notable differences in recording modalities reflect tech-

nical constraints inherent to infant monitoring. The pre-

dominance of infrared footage in the new additions (91.5%

IR vs 8.5% RGB) corresponds to overnight recording condi-

tions where ambient lighting necessitates IR capture. This

modality difference directly influences frame rate charac-

teristics: IR recordings are constrained to 10 frames per

second (fps) due to sensor limitations, while RGB captures

operate at higher frame rates (15–30 fps). The original AIR-

125 dataset’s mixed frame rate distribution (59.2% at 10 fps,

20.8% at 30 fps) reflects its more balanced RGB–IR com-

position (40.8% RGB, 59.2% IR). This diversity in tem-

poral resolution enables researchers to evaluate algorithm

robustness across the heterogeneous capture conditions en-

countered in real-world deployment, where consumer baby

monitors operate at varying frame rates depending on light-

ing conditions.

Sleeping position distributions differ between the collec-

tions, with the new additions containing no prone position

recordings. This reflects a methodological choice in our

curation criteria (Section 3.1), as prone positions occlude

thoracic and abdominal movement markers, compromising

annotation reliability. The respiratory signal in prone in-

fants manifests primarily through subtle spinal and shoul-

der blade movements, which were challenging to annotate

consistently compared to the clear thoracoabdominal excur-

sions visible in supine (74.6%) and side (25.4%) positions.
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While the inclusion of prone positions (23.2%) in AIR-

125, alongside supine (36.8%) and side (40%) positions,

increases variety at the cost of annotation reliability. We

opted to focus on reliability, in line with our goal of estab-

lishing the first robust benchmark and reproducible method

for the infant respiration estimation task.

4. Methodology

Our infant respiration estimation pipeline, illustrated in Fig-

ure 1, combines a preprocessing module with infant-specific

spatial region-of-interest (ROI) detection with spatial neu-

ral network processing. We work in particular with an

infant-specific body ROI detector, together with a novel

face-aware chest ROI detector, designed to exploit the pose

and camera geometry of baby monitors to isolate the infant

chest area. The crop from our infant ROI detector is then en-

hanced with deep, fine-grained optical flow, and processed

by a spatiotemporal neural network optimized to track phys-

iological signals. Post-processing is applied to convert the

output respiration waveform into a respiration rate estima-

tion for evaluation.

4.1. Preprocessing: ROI and Optical Flow

Visual evidence of the respiratory process is most prominent

in the chest area, but existing techniques for identifying the

chest ROI fall short in the infant domain, primarily due to

poor performance of face detection for infant subjects in-

crib. We test two variations on an infant-specific method

for identifying and cropping to the relevant area in the video

feed, body ROI detector and chest ROI detector, defined as

follows, and illustrated in Figure 4.

Figure 4. Infant body region-of-interest (ROI) and chest ROI

detections across three subjects.

For each video frame Xt ∈ R
H×W×3, we apply

YOLOv8 [15] to obtain the infant body bounding box

Bt = [xB
t , y

B
t , wB

t , hB
t ], and YOLOv8-Face [15], which

Figure 5. Visualization of optical flow estimation on a sample

frame from AIR-400. Motion fields produced by six optical flow

algorithms: Coarse2Fine, DeepFlow, Farnebäck, PCAFlow, TV-

L1, RAFT.

is a lightweight model finetuned on human faces, to detect

the infant face Ft = [xF
t , y

F
t , w

F
t , h

F
t ]. To mitigate infant

face detection failures due to pose angle variation [36], face

detection is applied to Xt and its 90◦/180◦/270◦ rotations,

and the most confident prediction selected. Detections are

performed every s frames (default s = 10) and at the last

frame. Let T denote the set of detection indices. (Trivial

detections are dropped for subsequent aggregation, if none

remain, we fall back to the full frame (for body ROI) or

a centered square of side min(W,H) (for chest ROI). All

crops are clamped to image bounds, with out-of-bounds re-

gions zero-padded.)

Body ROI. If a valid person detection is present, the per-

frame body ROI is Bt. If no person is detected (or a degen-

erate full-frame box is returned), we mark Bt as unreliable

and fall back to the full frame for that time step. From the

set {Bt}t∈T , we compute a single representative body ROI,

  \tilde {B} = [\tilde {x}^B,\tilde {y}^B,\tilde {w}^B,\tilde {h}^B], \label {eq:body-roi}           (3)

by aggregating centers with the median and sizes with a ro-

bust upper quantile:

  \tilde {c}^B_x=\operatorname {median}_t\!\left (x^B_t+\tfrac {1}{2}w^B_t\right ) \label {eq:body-roi-cx}  



 







(4)

  \tilde {c}^B_y=\operatorname {median}_t\!\left (y^B_t+\tfrac {1}{2}h^B_t\right ) \label {eq:body-roi-cy}  


 







(5)

  \tilde {w}^B=\operatorname {P75}_t(w^B_t) \label {eq:body-roi-w}  

  (6)

  \tilde {h}^B=\operatorname {P75}_t(h^B_t), \label {eq:body-roi-h}  

  (7)

and then recentering to (c̃Bx , c̃
B
y ) and clamping to the image

bounds. Optionally, we enlarge B̃ by a factor k>1 and re-

clamp.
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Chest ROI. Given Bt and Ft, define their centers bt =
(

xB
t + 1

2w
B
t , yBt + 1

2h
B
t

)

and ft =
(

xF
t +

1
2w

F
t , y

F
t + 1

2h
F
t

)

.

We construct a face-aware chest center cCt by nudging the

body center toward the face by a factor α ∈ (0, 1), but only

along the body’s longer axis to preserve anatomical plausi-

bility:

  c^C_t= \begin {cases} \big (b_{x,t} + \alpha (f_{x,t}-b_{x,t}),\; b_{y,t}\big ) & \text {if } w^B_t \ge h^B_t,\\[4pt] \big (b_{x,t},\; b_{y,t} + \alpha (f_{y,t}-b_{y,t})\big ) & \text {otherwise.} \end {cases} \label {eq:chest-roi-center} 



    



 




    



(8)

The chest box side length is the body’s short side,

st = min(wB
t , hB

t ), yielding the per-frame square Ct =
[xC

t , y
C
t , st, st] centered at cCt and constrained to lie inside

Bt and the image. If Ft is missing, we substitute ft ← bt
(no nudge). Aggregation mirrors the body ROI: median

center, 75th-percentile side, recentering, clamp, and op-

tional enlargement, producing C̃ = [x̃C , ỹC , s̃, s̃].
Optical Flow. We compute dense motion within the crop

using one of: Coarse2Fine [19], DeepFlow [37], Farnebäck

[8], PCAFlow [38], TV-L1 [31, 40], or RAFT [32], all illus-

trated in Figure 5. If desired, frames are resampled to a tar-

get rate f ′
s before flow. The resulting flow U ∈ R

T×h×w×3

(channels: u, v, magnitude) is normalized alongside the

frames; if flow is disabled, we use 3-channel frame-to-

frame RGB differences. Finally, we concatenate channels

to form a 6-channel tensor per frame,

  Z_t=\begin {cases} \big [u_t, v_t, \sqrt {u_t^2+v_t^2}\big ] & \text {\small (3-ch flow)},\\ \big [U_t \,\Vert \, X^{\mathrm {ROI}}_t\big ] & \text {\small (6-ch motion\,$\Vert $\,appear.)},\\ \big [\Delta X^{\mathrm {ROI}}_t \,\Vert \, X^{\mathrm {ROI}}_t\big ] & \text {\small (no-flow ablation)}. \end {cases} \label {eq:optical-flow-channels} 

















 











  











(9)

and uniformly chunk Z1:T for training or validation.

Body ROI uses a robust, rectangular crop centered on

person detection; chest ROI is a square, face-aware crop an-

chored to the torso and gently biased toward the head. Both

are temporally stabilized via median centers and upper-

quantile sizes. This design enables a fair direct comparison

of ROI choices under identical flow and model settings.

4.2. Spatiotemporal Neural Network

The cropped optical flow stream is passed into a suite of

spatiotemporal neural networks designed for physiological

signal processing. We experiment with a suite of mod-

els, including DeepPhys [3], MTTS-CAN [20], Efficient-

Phys [21], and the model by Manne et al. designed for in-

fant respiration, AIRFlowNet [23]. Following the original

dual-stream design, AIRFlowNet and EfficientPhys use 3-

channel flow tensor comprising u, v, and magnitude m =√
u2 + v2. DeepPhys and MTTS-CAN receive a 6-channel

tensor per frame composed of both motion branch (flow or

RGB-difference) and appearance branch (raw frames).

From the cropped clip XROI
1:T and (optionally) its dense

flow U1:T , we construct framewise inputs Zt ∈ R
h×w×C

(defined in Section 4.1). Models output a framewise wave-

form ŷ1:T that approximates the ground truth respiratory

waveform y1:T . Because infant recordings exhibit hetero-

geneous durations and frame rates, training and validation

are computed at the subject level. Mini-batch chunks are

re-assembled per subject s to form contiguous signals ŷ
(s)
1:Ts

and y
(s)
1:Ts

before the loss is applied. This stabilizes opti-

mization in the presence of variable-length clips and yields

unbiased validation across subjects.

Loss. We adopt a frequency-domain objective that com-

pares normalized power spectral densities (PSD) of predic-

tion and target within a physiologically plausible band. For

zero-mean signals, let Pŷ and Py denote their PSDs (via

real fast Fourier transform). With P̃ (k) =
P (k)

∑

j∈K
P (j) + ε

over binsK inside the band (with small ε > 0 for numerical

stability), the loss is

  \mathcal {L}_\text {PSD} =\frac {1}{|\mathcal {K}|}\sum _{k\in \mathcal {K}}\!\big (\tilde {P}_{\hat {y}}(k)-\tilde {P}_{y}(k)\big )^2. \label {eq:loss-psd} 











 (10)

We average LPSD over subjects in the batch. This empha-

sizes correct spectral concentration around the respiratory

fundamental while being robust to small shifts in phase and

amplitude.

4.3. Post-Processing

At inference we aggregate all chunks per subject and ap-

ply a standardized pipeline to obtain BPM. We first undo

differencing if applied in preprocessing, and then remove

low-frequency drift with a second-order smoother:

  \hat {x}=\big (I+( \lambda ^2 D^\top D)\big )^{-1}x,\quad x_\text {detrend}=x-\hat {x} \label {eq:smoother}, 


 


     (11)

where D is the second-order difference operator and λ=100
by default. We apply a first-order Butterworth band-pass

with subject-specific bounds (0.3–1.0 Hz, or 18–60 BPM).

Filtering uses zero-phase filtfilt to avoid lag. Finally,

we estimate the rate by detecting peaks of the filtered wave-

form, computing the mean inter-peak interval ∆t, and re-

turning 60/∆t BPM.

5. Evaluation and Results

We provide a comprehensive evaluation of various elements

of the infant respiration estimation pipeline, including the

choice of optical flow method, spatiotemporal network, ROI

detection method, and the effect of training set size. We

conducted experiments on our AIR-400 dataset, with 400

videos from 18 infant subjects. Spatiotemporal network and

training configurations were standard and are detailed in the

Supplementary Material. To robustly assess model perfor-

mance, we performed all tests under six-fold, subject-wise

cross-validation. In each fold, subjects were split randomly
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into training (12 subjects), validation (3), and testing (3),

ensuring disjoint sets. All reported metrics are averaged

across the six folds. Evaluation metrics included mean ab-

solute error (MAE), root mean squared error (RMSE), and

Pearson correlation (ρ) between predicted and ground truth

respiration signals.

5.1. Comprehensive Evaluation

We start with a evaluation of pipelines, pairing the different

optical flow methods and spatiotemporal neural networks

described in Section 4. Table 2 aggregates these results, all

under six-fold cross-validation on AIR-400. Since the rela-

tive performance of these pipelines is not strongly affected

by the ROI method, we highlight the reliable body-ROI re-

sults here and return to ROI comparisons below.

Our findings show that, outside of anomalous results

under RAFT optical flow (discussed in the Supplementary

Material), most models perform fairly capably, with many

models achieving strong MAE scores near or below 4, and

Pearson correlation (ρ) over 0.5. This falls short of the per-

formance of the best models on adult respiration estimation,

which achieve MAEs in the 1–2 range and ρs of 0.5–0.8 on

the COHFACE dataset, but the adult subjects are station-

ary and training and testing is supported by more precise,

sensor-based ground truth signals. Older spatiotemporal

models such as DeepPhys and MTTS-CAN perform com-

petitively with newer models, suggesting that the available

data has not saturated the capabilities of the newer, more

complex models. Despite the enlarged subject pool in AIR-

400, the variation between folds in the cross validation is

still relatively high, as shown in Figure 6. Thus, infant res-

piration estimation would likely be served by even larger

datasets, especially in the absence of more precise ground

truth respiratory signal capture.

5.2. Effect of Training Set Size

We further explore the small data constraints on infant res-

piration estimation. Figure 7 shows the effect of restrict-

ing the training set size, to various proportions by subject,

across our suite of models. There is a clear overall trend

of greater training data availability leading to stronger re-

sults, but the small dataset sizes leads to stochasticity that

contravenes this effect in certain instances. Nonetheless,

the benefit of increasing the dataset size does not appear to

have saturated in this complex task. We do not specifically

compare to training with AIR-125 here, due to the com-

plexity of integrating its unevenly represented subjects into

cross-validation on AIR-400, but the evaluation at the 25%

training set size serves as an approximate substitute.

5.3. Comparison of ROI Methods

Table 3 offers a performance comparison of our body ROI

and chest ROI detection methods in the respiration estima-

Figure 6. Performance variation across cross-validation folds

in our comprehensive evaluation of infant respiration pipelines.

Each box and whisker illustrates the MAE performance distribu-

tion in each of the six folds of AIR-400, with the box spanning the

inter-quartile range (IQR) and whiskers extending to 1.5×IQR.

The solid horizontal line inside each box denotes the median, and

the dashed line denotes the mean.

Figure 7. Effect of training set size on respiration estimation.

Line charts show the performance of the DeepPhys, MTTS-CAN,

EfficientPhys, and AIRFlowNet models—and their average—

under 6-fold cross-validation, when training is restricted to ran-

dom subsets of the indicated size. These results show, consistently

across several models, the significant improvements enabled by

the larger training set sizes from AIR-400.

tion pipeline. We test under six-fold cross-validation across

a range of models, with the optical flow method fixed. Over-

all, the body ROI performs better than no ROI for three of

the four architectures, whereas the more concentrated chest

ROI yields mixed results, sometimes slightly degrading per-

formance. Qualitatively, we find that the body ROI method

provides the most reliable and stable view of infant respira-

tion activity across subjects, but additional work is needed

to translate this into consistent gains. The Supplementary

Material discusses challenges with the chest ROI detection.
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Table 2. Comprehensive evaluation of optical flow and spatiotemporal model pipelines, under six-fold subject-wise cross-validation

on AIR-400, with the infant body ROI detector enabled. Performance measured via mean absolute error (MAE), root mean squared error

(RMSE), and Pearson correlation (ρ), each averaged across the six folds. Metrics are computed on post-processed respiration rates and

averaged per subject within each fold. Best overall results by model in bold, and by optical flow (OF) method in italics. Across models,

classical optical flow methods consistently outperformed RAFT.

OF

MODEL
DeepPhys [3] MTTS-CAN [20] EfficientPhys [21] AIRFlowNet [23]

MAE ↓ RMSE ↓ ρ ↑ MAE ↓ RMSE ↓ ρ ↑ MAE ↓ RMSE ↓ ρ ↑ MAE ↓ RMSE ↓ ρ ↑

Coarse2Fine [19] 4.26 6.82 0.45 5.16 8.30 0.28 3.70 5.94 0.58 3.84 6.67 0.44

DeepFlow [37] 3.88 6.45 0.51 5.05 8.21 0.36 5.01 7.54 0.34 4.41 7.56 0.39

Farnebäck [8] 4.97 8.28 0.27 4.56 7.72 0.44 4.22 6.84 0.44 4.91 8.00 0.38

PCAFlow [38] 5.04 7.69 0.41 4.23 6.85 0.50 4.55 7.11 0.42 4.25 6.95 0.47

TV-L1 [31, 40] 4.48 7.11 0.39 4.91 7.97 0.42 4.14 6.59 0.47 5.01 8.17 0.44

RAFT [32] 6.47 8.36 0.35 23.07 26.23 -0.17 12.77 14.57 0.10 7.52 9.85 0.26

Table 3. Performance evaluation of ROI methods across dif-

ferent models, under six-fold cross-validation on AIR-400, with

Coarse2Fine optical flow processing. Strongest overall results per

model in bold. Using the infant body ROI generally improves

MAE and RMSE for DeepPhys, EfficientPhys, and AIRFlowNet,

but not MTTS-CAN.

MODEL ROI MAE ↓ RMSE ↓ ρ ↑

DeepPhys
None 4.78 7.69 0.33
Body ROI 4.26 6.82 0.45

Chest ROI 4.45 6.92 0.39

MTTS-
CAN

None 4.35 7.59 0.38

Body ROI 5.16 8.30 0.28
Chest ROI 4.90 7.67 0.38

EfficientPhys
None 4.57 7.08 0.39
Body ROI 3.70 5.94 0.58

Chest ROI 4.68 7.23 0.38

AIRFlowNet
None 4.76 7.79 0.32
Body ROI 3.84 6.67 0.44

Chest ROI 4.24 7.14 0.42

5.4. Experimental Reproducibility and Variability

In Section 5.1, we established under comprehensive cross-

validation that our best infant respiration models perform

with MAEs of 3.7–4.0 BPM, and in Section 5.2, we showed

that the larger training sets afforded by AIR-400 are essen-

tial for achieving this performance. These findings stand in

apparent tension with results from our earlier infant respi-

ration efforts in Manne et al. [23], where our best model,

AIRFlowNet, achieved a MAE of 2.91 BPM, despite being

trained on the smaller but similar AIR-125 dataset. We con-

ducted a careful study to resolve this discrepancy, described

in the Supplementary Materials. Here, we note our main

findings: that (i) the precise results were not easily repro-

ducible [23], but (ii) any results in the MAE 2.9–4.0 BPM

range sit well below the mean of 6.16 BPM, correspond-

ing to advantageous choices of subjects for the train–test

split, and do not represent reliably achievable performance

on AIR-125 (see Figure 8).

Figure 8. Reproducing Manne et al. Illustrating how reported

and recreated results from [23] sit as outliers in the distribution

of MAE results under all 168 train–test configurations in AIR-125

consistent with their documented specifications. We argue that

our present, comprehensive cross-validation outcomes on AIR-

400 represent more reproducible baselines for infant respiration

estimation. The box plot shows the mean, median, and interquar-

tile range (IQR) with whiskers at 1.5 × IQR; the half-violin plot

above shows a corresponding kernel density estimation.

6. Conclusion & Outlook

In this work, we establish infant respiration estimation as

a reproducible and benchmarkable task in computer vision

for the first time, with the introduction of our AIR-400

dataset and our spatiotemporal estimation pipeline, as well

as our comprehensive evaluation and resolution of repro-

ducibility issues. Our results suggest that larger training

datasets would support further performance gains, includ-

ing perhaps by enabling estimation pipelines to make bet-

ter use of region-of-interest detection and greater model ca-

pacities. Our study focuses on hand-curated clips featuring

mostly-still infants with distinct breathing patterns, leaving

room for future approaches to tackle more active subjects

and noisier footage. In addition, downstream applications

to the detection of breathing irregularities such as apnea or

respiratory distress would be broadly impactful.
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[8] Gunnar Farnebäck. Two-frame motion estimation based

on polynomial expansion. In Image Analysis (SCIA 2003),

pages 363–370. Springer, 2003. 2, 6, 8

[9] Sina Fleming, Matthew Thompson, Richard Stevens, Carl
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Supplementary Material

Supplement to Section 5: Training Configuration

Unless otherwise noted, all spatiotemporal models are

trained for 15 epochs with a fixed learning rate of 1× 10−3

and a mini-batch size of 4. We fixed random seeds and

enforced deterministic PyTorch settings for reproducibility.

For validation, testing, and inference, we use a batch size of

8 to better utilize GPU memory.

We did not employ early stopping; instead, for each ex-

periment we select the checkpoint with the best validation

performance according to the subject-averaged LPSD in (10)

among the 15 epochs. In practice, the validation loss stabi-

lizes well before the final epoch, and we did not observe

divergence across runs.

Our codebase also supports alternative training objec-

tives, including negative Pearson correlation and time-

domain mean squared error, but unless otherwise specified,

all results in Section 5 use the PSD-MSE objective. For re-

producibility, the exact hyperparameters and loss configu-

rations for each experiment are specified in the YAML con-

figuration files included in our public code release.

Supplement to Section 5.1: RAFT Optical Flow
Failure

While classical optical flow methods (Coarse2Fine, Deep-

Flow, Farnebäck, PCAFlow, and TV-L1) yield consistent

performance across models, we observe a dramatic degra-

dation when using RAFT. Across all spatiotemporal net-

works, RAFT produces up to 5× higher MAE and RMSE,

and even negative correlations, indicating a systematic fail-

ure rather than stochastic variance. As visualized in Fig-

ure 5, RAFT predicts dense, large-magnitude motion across

nearly the entire frame, including static background regions,

instead of isolating subtle, periodic chest motion.

We hypothesize that this behavior reflects a domain

mismatch. RAFT was developed and evaluated primar-

ily on large-displacement, high-texture motion benchmarks

such as Sintel and KITTI [32], whereas our infrared infant

videos exhibit low texture, low signal-to-noise ratio (SNR),

and only minute thoracoabdominal motion. In this set-

ting, RAFT’s dense all-pairs correlation volume may over-

interpret small fluctuations and sensor noise as coherent

motion, leading to physiologically implausible flow fields.

By contrast, classical variational and coarse-to-fine

methods such as TV-L1 explicitly regularize the flow

with spatial smoothness terms and robust data penalties,

and enforce multi-scale consistency through pyramid-based

warping [31, 40]. These priors are known to suppress

high-frequency noise and favor piecewise-smooth motion,

and have been successfully applied to weak-texture, low-

contrast medical imagery [1], consistent with our observa-

tion that they produce flows more localized to the thora-

coabdominal region and support substantially lower respi-

ration estimation errors.

Supplement to Section 5.3: Chest ROI Inconsis-
tency

We additionally investigate why the more concentrated

chest ROI does not consistently outperform the coarser

body ROI. Our chest ROI is defined as a square inscribed

within the body box (using its shorter side) and shifted

slightly toward the head. As illustrated in Figure 4, this crop

emphasizes the upper torso but truncates part of the lower

abdomen, where supine infant breathing motion is often

pronounced. Meanwhile, head, shoulder, and arm move-

ments (as well as blankets or toys) are more prevalent in the

upper region and therefore receive greater weight inside the

chest ROI.

By contrast, the body ROI preserves the full thoracoab-

dominal motion field while still restricting the input to

the infant torso, giving the spatiotemporal networks suffi-

cient context to internally attend to the most informative

subregions. These factors provide a plausible explanation

for why the body ROI yields more reliable improvements,

whereas the chest ROI produces mixed results across archi-

tectures.

6.1. Supplement to Section 5.4: Reproducibility in
Manne et al. [23]

Regrettably, we could not recall or uncover documentation

of the specific model and training configuration used in

Manne et al., nor could we obtain precisely the same met-

ric results with reconstructions, despite extensive efforts on

both fronts.

Our best attempt to reproduce the AIRFlowNet config-

uration used in [23] yielded a model achieving a MAE of

3.84 BPM, under what we believe to be the original train–

test split, with three subjects chosen for training and five

for testing. We then evaluated this replicate model under

all
(

8
3

)

× 3 = 168 train–test splits with three subjects cho-

sen for training (one held for validation), and plotted the re-

sults in Figure 8. These reveal a high variability in MAE by

split choice (consistent with our findings on fold-variability

in Figure 6), and a particularly low MAE of 3.84 BPM

achieved by the split likely used in Manne et al., compared

to mean MAEs of 6.16 BPM by split. We believe these

higher MAEs in the 5.5–6.5 BPM range more accurately re-

flect the true performance Manne et al.’s model in the AIR-

125 dataset, and that our present results in the 3.7–4.0 BPM

range on AIR-400 reflect the current, generalizable state-

of-the-art performance of infant respiration rate estimation

from spatiotemporal models.
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