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Baby Mesh Recovery. Given multiple calibrated and synchronized camera views, we reconstruct the 3D baby mesh. We use our 3D reconstruction

to identify infant motor behavior, showing reliable body pose, body posture, and step identification.

Abstract— Natural infant motor behavior, such as sitting,
crawling, and walking, is highly variable and idiosyncratic, and
often deviates from standard, adult-like postures and locomo-
tion. This variability makes it challenging for automated tools
to support precise 3D video analysis of infant behavior. Here,
we present a system for accurate 3D motion capture of infants’
moment-to-moment body posture and step-to-step locomotion
using synchronized multi-view RGB video. Our method builds
on recent advances in parametric human modeling by adapting
them to the unique challenges of infant behavior. We use a
parametric baby body model—a “mesh baby”— to represent
age-varying body shapes and develop a multi-view optimization
approach that jointly recovers 3D body pose, shape, and motion.
We demonstrate that our system provides accurate full-body 3D
baby reconstruction and enables fine-grained analysis, including
identification of posture, step counts, and gait timing. Our
approach provides a scalable, non-intrusive, video-based tool
for understanding infants’ natural motor behavior and opens
new avenues for early screening of developmental disorders and
evaluation of clinical interventions. We release the code and re-
sults at https://geopavlakos.github.io/babymesh/.

I. INTRODUCTION

Accurate video identification of infant natural motor be-
havior is critical for developmental and clinical science [1].
Specifically, tracking baby body posture and locomotion is
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critical to understand infant motor behavior and its devel-
opment. Traditionally, researchers focus more on form than
on function—using standardized tasks in which infants must
sit or stand in a particular posture, or crawl or walk on a
motorized treadmill or in a straight line over uniform open
ground [2], [3], [4]. However, such standardized tasks do
not capture the complexity, variability, and idiosyncrasies
of infant movements during spontaneous everyday activity
(see Figure |I|), and thus cannot characterize natural motor
behavior in infants [5] or in babies with atypical development
or delay [6]. Without an adequate characterization of natural
behavior, researchers cannot evaluate the efficacy of clinical
interventions for everyday function [2].

In standardized tasks, the categories of infant motor be-
havior are clear-cut. But the prototypes for categories of
sitting, crawling, standing, walking, and so on do not capture
the variety and idiosyncrasies of infants’ natural movements
and the multiplicity of edge cases between categories from
moment to moment. Infants, for example, often locomote in
postures that defy the classic categories—by “inch-worming”
or “snow-plowing” with their belly on the floor, “bum-
shuffling” in a sitting posture, or “hitching” with one buttock
and one knee or foot on the floor [7], [8]. They sometimes
“walk” on their knees or “cruise” sideways while holding
furniture for support. Even something as seemingly simple
as identifying a walking “step” is not straightforward because
infants often take steps in place, take backward or sideways
steps, slide their feet along the floor, take single or double
steps with the same foot, or partially lift their foot without
displacement [5]. Such deviations are not rare anomalies.
They are a central feature of real-world infant motor be-
havior, especially in early stages of skill acquisition and in
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the everyday environment with enticing objects, clutter in the
path, and varied terrain that motivates varied movements [2].

Despite such challenges, human observers can easily
identify the most variable, idiosyncratic infant postures and
locomotion from video based on commonsense or rule-
based criteria. However, manually labeling postures and
locomotor steps is time-consuming and laborious. Moreover,
human observers cannot easily quantify fine-grained spatial
properties such as head orientation, limb angles, foot height
from the floor, foot displacement, and exact location of the
body or limbs in 3D. Accurate automated methods for ana-
lyzing infants’ natural behavior from video could thus unlock
new insights into motor development, provide a rigorous
foundation for developmental science, and support clinical
applications such as early detection of atypical development.

Simultaneously, the field of 3D human pose estimation has
made tremendous progress in recent years, with algorithms
now capable of reconstructing human pose from images or
videos [9], [10], [11]. However, such methods are optimized
for adults and do not generalize to infants, whose proportions
and movements differ substantially from those of adults.
Previous work addressed this gap by developing specialized
tools to detect isolated features of infant posture—for ex-
ample, by localizing infants’ feet [12] or estimating head
pose [13]. We argue that the recovery of infant motor be-
havior is most effective when performed holistically, through
full-body 3D reconstruction—a “mesh baby”—that captures
the entire baby pose and movements over time.

In this work, we present a system for accurate 3D mo-
tion capture of infants using a small number of calibrated
and synchronized cameras. We build on recent advances
in 3D human reconstruction [9], [10], extending them to
accommodate infant-specific shape patterns by incorporating
a parametric baby body model, SMIL [14]. Our multi-view
optimization framework jointly recovers body shape, pose,
and movement, enabling precise full-body reconstructions
that are robust to the complexities of infant motor behavior.

We demonstrate that our system achieves superior ac-
curacy compared to existing methods, both for 3D pose
recovery and in critical downstream tasks such as head
pose estimation, joint localization, whole-body posture clas-
sification, and step identification and displacement in 3D.
By enabling high-fidelity analysis of natural infant behav-
ior—replete with infant variability and idiosyncrasies—our
approach offers a new tool for developmental research and
lays the foundation for data-driven understanding of early
motor behavior. Our code, along with the anonymized data,
i.e., the reconstructed 3D meshes are available at https:
//geopavlakos.github.io/babymesh/.

II. RELATED WORK

3D human pose estimation. Although 3D human pose
estimation has a long history [15], recent progress is largely
driven by the success of deep learning and the incorporation
of strong priors for human reconstruction. Early work relied
on simplified representations, e.g., 3D keypoints [16], but
recent approaches typically leverage parametric body models

like SMPL [17], that provide a representation of the body
surface. In this paradigm, reconstruction pipelines typically
take as input a single image [18], [19] or video sequence [20]
and estimate the corresponding SMPL parameters. This
framework was extended successfully to more complex tasks,
including multi-person tracking [21] and 4D human motion
recovery [10], [11]. Here, we build on recent advances in
3D human motion recovery, and adapt them to the domain
of infant behavior. We demonstrate that these tools, when
properly adapted to account for age-specific differences in
body shape and movement patterns, enable accurate and
robust 3D baby motion reconstruction.

Baby pose estimation. In general, the specialized work
on baby pose estimation is limited. For 2D keypoint de-
tection, standard methods such as ViTPose [22] general-
ize reasonably well to images of infants [23]. However,
for metric 3D pose estimation, performance on children,
especially infants, degrades substantially because the most
commonly used parametric models, such as SMPL [17] and
SMPL-X [24], are trained to represent adult body shapes
and proportions. To address this gap, SMIL [14] extends
the SMPL framework with a body shape space specifically
designed for infants, while remaining compatible with the
SMPL family. Building on this extension, SMPL-A [25]
offers a unified model that integrates the shape spaces of
SMIL and SMPL, enabling consistent representation across
the full age spectrum, from infants to adults. Despite this
progress in modeling, few reconstruction approaches can
robustly handle the wide variability in body shapes found
in early development. BEV [26] is an example that uses
the SMPL-A model and can reconstruct a broad range of
human shapes from a single image. In this work, we adopt
the SMPL-A model and leverage it to recover accurate 3D
baby pose from multi-view RGB captures, enabling full-
body reconstructions even under the variable, non-standard
postures and locomotor patterns typical of infant behavior.

Body posture classification. In computer vision, body pos-
ture classification has been studied extensively, often as
part of human action or activity recognition and serving
as a precursor to higher-level behavioral analysis. Action
classification datasets, such as Kinetics [27], include classes
corresponding to specific postures (e.g., sitting, standing),
leading to posture classification based on general action
recognition methods. These methods typically process image
sequences as input [28]. In some cases, 2D or 3D pose
information is incorporated as an auxiliary input [29], [30].
There is also dedicated work on baby posture classifica-
tion [31], [32], [33], where 2D and 3D pose information is
used to decide posture labels. Similarly, in our experiments,
we leverage features from our reconstructed 3D baby meshes,
(e.g., 3D joint positions), as input to a posture classifier.

Step identification. Moment-to-moment step identification is
necessary to quantify how much infants walk and to capture
the spatio-temporal characteristics of their walking patterns.
Recent advances in computer vision enable video-based gait
analysis. However, existing methods are inadequate for infant
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in the scene and we identify the tracklets that correspond to the baby (as described in “Preprocessing” of Section
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Multi-view Optimization

Overview of our 3D baby mesh reconstruction approach. We start with synchronized and calibrated multi-view video. First, we track the people

[II=B). Then, given the tracklets that are

detected for a specific temporal sequence, we reconstruct the baby using our multi-view optimization approach (as described in “Multi-view optimization”
of Section @ We use these 3D mesh results for subsequent downstream tasks (i.e., posture and gait identification) and evaluation.

step identification, as they are trained on adult data [34],
or are geared for highly controlled tasks such as treadmill
stepping [35], and do not generalize to the variability and
idiosyncrasies of infant everyday natural walking. Here, we
use RGB video cameras to identify steps with high variability
and complexity in freely mobile infants in a natural environ-
ment based on foot displacement from the whole-body pose.

III. TECHNICAL APPROACH

Our technical approach includes 3D baby mesh reconstruc-
tion from synchronized multi-view video data, baby posture
classification, and our algorithm for baby step identification
given the reconstructed locomotor sequences. To the best of
our knowledge, our baby mesh reconstruction is the first to
reliably estimate 3D infant body pose from multiple views.

A. Preliminaries

We represent the human body using the SMPL-A
model [25], a parametric 3D human body model that extends
SMPL (for Skinned Multi-Person Linear) [17] to support
age-varying body shapes, including infants. SMPL-A defines
a function: M(0,3) — M € RV*3, where 8 € R™? are the
pose parameters (axis-angle rotations for 24 joints), 3 € R!!
are the shape parameters, and M is a mesh of N = 6890
vertices. Unlike SMPL, which uses a 10-dimensional PCA
shape space to model adult body shape variations, SMPL-A
introduces an additional parameter 511 € [0, 1] that controls
a linear interpolation between the adult and infant shape
spaces. Specifically, 817 = 0 corresponds to adult body
shape, while 511 = 1 corresponds to infant body shape, with
intermediate values returning an interpolation between the
two. The output mesh M shares the same topology as SMPL,
enabling compatibility with standard processing tools.

B. Multi-view baby mesh reconstruction
Preprocessing. Let the input be a set of V' synchronized

and calibrated RGB video streams, {I%}V_,, each capturing

T frames at time t = .,T. We begin by applying
PHALP [21] to each video I!, which returns a set of
tracklets, i.e., temporally consistent person detections across
frames. For each view v, we denote the detected tracklets as:
To = {Tv )}fvz“l where Tv( ) is the i-th tracklet and N, is the
number of people detected in that view. Afterwards, we run
ViTPose [22] on each bounding box to estimate 2D body
keypoints. For the i-th person in view v at time ¢, this gives:
x5 € R/*2 where J is the number of keypoints. Since
the baby’s identity is not known a priori, we solve a multi-
view association problem: for each timestep ¢, we consider
all plausible combinations of per-view detections {x, L) v,
and attempt to triangulate them into 3D joint locations
Xt € R/*3. We define: X! = Triangulate({x5}V_,)
for a given selection (iy,...,iy) of tracklet indices, and
estimate the limb lengths L! from X*. Configurations whose
proportions fall within expected limb lengths for infants are
accepted as valid baby detections. We then backtrack to
recover the correspondmg 2D detections {xv “)} and assign

the tracklets {TU } as those belonging to the baby.

Multi-view optimization. For each frame ¢, camera v €
{1,...,V}, and body joint ;7 € {1,...,J}, we denote
the 2D keglpomt detection as xv’(J ) S R2 with confidence
score ¢y € [0,1]. Because the cameras are calibrated,
we can project 3D points into each view using the standard
pinhole model: IT,(X) = 7(K,[R, | t,] X) where 7 denotes
perspective projection, K, is the intrinsic matrix, and R, t,,
are the extrinsic rotation and translation for camera v.

We adopt an optimization-based approach to estimate the
SMPL-A parameters 6,3, and global root translation 7 for
each frame by fusing information from all views. The core



objective is a multi-view reprojection loss:
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where p is a robust penalty [36] and X*() is the 3D location
of joint j at time ¢, computed from the SMPL-A mesh.

To regularize the pose, we leverage the VPoser prior [24].
Rather than optimizing directly over 6, we optimize over
the VPoser latent code z and decode to pose parameters
as needed. To encourage plausible body configurations, we
penalize the magnitude of z: Epose(z) = ||z

For shape regularization, we apply an /5 prior on the shape
coefficients and a soft constraint to keep the age parameter
within the valid infant range:

gshape(/B) = H/61:10||2 + exp ()\ﬁll (ﬂll - 1))’ (2)

where Mg, controls the weight of the age constraint.
Finally, we impose a temporal smoothness term: Eoon =
I |IXt+1 - X?||2. The total loss combines all objectives:

gtotal = )\projgproj + )\posegpose + )\shapegshape + Asmoothgsmooth
3)
We optimize in two stages. In the first stage, we estimate
only the global root translation 7 and body orientation while
keeping the pose fixed. In the second stage, we jointly refine
the full body pose (via the latent code z) and shape (3.

C. Posture Classification

A posture classifier can be formulated as a function
¢: X — Y from an input feature space X to a discrete
set of posture classes ). The input features are the 3D
positions of P = 25 body keypoints extracted from the
reconstructed SMPL-A mesh. These keypoints include a
combination of SMPL-A skeletal joints and additional mesh-
derived vertex locations, and they are expressed relative
to the root joint. Formally, each frame is represented as:
(pt,p?,...,p") € RP*3 where each keypoint position is
centered at the root: p* := p¥ —p°, with p* denoting the 3D
position of the k-th keypoint in the world frame. In addition
to the joint positions, we augment the input into the model
with 28 geometric features which are computed from the raw
joint positions: 6 joints angles (bilateral knee, hip flexion,
and ankle angles), 6 relative heights of key joints with
respect to the lowest foot contact point, 12 normalized limb
orientation vectors (bilateral thigh skin directions), and 4
summary features including bilateral hip-to-ankle distances,
hip-to-ground height, and torso inclination angle.

The classifier ¢ is implemented as a part-aware multi-
branch MLP. The 25 joints are partitioned into three anatom-
ically motivated groups: a core branch (7 joints: nose, neck,
left/right shoulders, mid-hip, and left/right hips), an upper-
limb branch (8 joints: left/right elbows, left/right wrists,
left/right eyes, and left/right ears), and a lower-limb branch
(10 joints: left/right knees, left/right ankles, left/right big
toes, left/right small toes, and left/right heels). Each branch
is encoded by a dedicated two-layer MLP with GELU [37]

activations; a parallel encoder processes the 28 geomet-
ric features. The four branch embeddings are concatenated
and passed through a shared three-layer classification head.
Model parameters are optimized with AdamW [38] using
cosine learning-rate annealing. Class imbalance is handled
by weighted random sampling combined with class-weighted
cross-entropy loss. The final checkpoint is then selected
based on the minimum per-class validation accuracy.

D. Step Identification

Given the reconstructed full-body poses 8;, we extract
the left and right ankle positions pA™ and p'A™¢ at each

timestamp ¢ and compute the frame-to-frame displacement:
! 1Ankl 1Ankl Ankl Ankl
dy = I — P "l di = IPET — P 2 (4)

Steps are characterized by local peaks in these displacement
signals. For the left ankle, a candidate step at time ¢ requires
d>d_,and d > dl 11~ This is further parameterized by a
prominence threshold p, which requires a peak to exceed
its surrounding local baseline by at least p, filtering out
small oscillations caused by pose-estimation noise that do not
correspond to a genuine foot lift, and a minimum inter-peak
distance t,,i,, which prevents the rising and falling edges of a
single step’s displacement pulse from being double-counted
as two distinct steps. This criterion yields a raw step count
N/™ and a corresponding set of timestamps 7, = {tn}fj’:l
indicating when left steps occur. The same process is then
applied to the right side.

To eliminate spurious or duplicate detections, we apply
the following post-processing steps to (S;**,S): (i) shift
each detected peak by a small temporal offset to align with
step completion, 7 = min(7 + tofrser, T — 1) where tofrger = 2
frames; (ii) enforce plausible left-right alternation by insert-
ing missing opposite-foot events when supported by local
movement magnitude; (iii) resolve near-duplicate left/right
events within a short window using a movement-ratio rule;
and (iv) apply a dense-cadence rescue pass with a reduced
minimum inter-peak distance. If no step is detected near
the end of a bout, a final end-of-bout completion is added.
This yields refined sets Sfi™! and Sl with counts N/
and Nf”"‘l. In our implementation, we use p = 0.0065m,
tmin = 14.65, a near-duplicate window of 4 frames with
movement-ratio threshold 0.7, and a dense-cadence rescue
pass with ¢3¢ = 11.0. End-of-bout handling uses a 7-frame
terminal window. These hyperparameters are selected via a
search on a small held-out validation set.

IV. EXPERIMENTS

Our experiments involve a video dataset of infant natural
behavior. The first goal of our evaluation is to test whether
our unified baby mesh recovery pipeline yields higher 3D
pose accuracy than the prior work [13], which relied on
separate algorithms for different body parts. The second goal
is to test if the reconstructed 3D meshes can be used directly
for downstream analysis, such as posture classification and
step identification. We compare ‘“gold-standard” reliable,



Method RWrist LWrist Head Head Pose

Ours 47cm  4.0cm 5.5cm 24.3°
Han et al. [13] 7.4cm 5.7cm  6.8cm 60.8°
TABLE 1

3D POSE ACCURACY EVALUATION. WE COMPARE OUR APPROACH
WITH [13]. WE REPORT MEAN POSITION ERROR FOR THE WRISTS AND
THE HEAD IN CM, AND THE MEAN HEAD POSE ERROR IN DEGREES.

human annotations of joint location, head pose, body posture,
and steps to the output of our system.

Dataset. We use the dataset introduced by Han et al. [13],
which contains multi-view RGB video capture of infants
during natural, unconstrained play in a large laboratory play
room with abundant toys and furniture. Each session includes
8 synchronized and calibrated fixed camera views capturing a
wide field of the play environment. We conduct our analysis
on 47 10-min recording sessions (M = 10.33, SD = .48).

Human Annotations. (1) Posture. We classify baby body
posture frame-by-frame for 12 sessions into 7 distinct
classes: supine (on back or side), prone (belly on floor, el-
bows extended/flexed, chest propped/not propped, pivoting),
quadruped (belly off floor, hands-knees crawling, hands-feet
crawling, crawl with one knee and one foot), sitting (hands
free or used to prop body, butt on ground or heels), kneeling
(one or both knees on floor, butt not on heels), squatting
(not supporting weight on hands on floor, butt below knees),
and upright (cruising, standing, walking, legs straight). (2)
Walking steps. We manually annotate infant locomotor bouts
(e.g., crawling, walking) for every session and we randomly
select subsets of walking bouts to provide fine-grained step
annotations. We select 202 bouts (based on at least 5 walking
bouts per session) to identify the number of steps and 102
bouts (at least 2 walking bouts per session) to identify left
versus right steps and the timing of individual steps. (3) Joint
location and head pose. We evaluate our 3D reconstructions
using the 3D positions of the wrist joints and the head
(midpoint between the eyes), as well as the orientation of
the head, using the annotations provided by Han et al. [13].

Human Annotation Reliability. Human annotators achieve
high agreement in annotating body postures, number of steps,
and timing of steps. The percent agreement for the frame-
wise body posture identification between human annotators
was 97.87%, Cohen’s x = .97. The correlations between
annotators was nearly perfect for the total, left, and right
step counts, rs = 1.0, ps < .001. For 93.40%, 94.12%, and
96.08% of bouts, the total, left, and right step counts were the
same between the two annotators. For step timing, 96.24%
and 96.60% of one annotator’s steps were identified by the
other annotator within 100 ms (3 frames). Reliability for
wrist location, head position and pose are presented in [13].

Baselines. For our evaluation, the primary baseline is the
prior work of Han et al. [13] which proposed the dataset we
use for our experiments. They propose separate approaches
for 3D wrist location, head pose, and position estimation.
We compare their approaches to the 3D estimates from our
3D mesh reconstruction. Moreover, for baseline comparisons,
we evaluate our multi-view optimization approach against

Method Supine Prone Quadruped Sit Kneel Squat Upright Overall

Ours 95.0 828 82.6 78.6 80.6 859 95.6 89.8
Triangulation 6.5 0.1 66.3 765 64.1 3.1 937 65.8

TABLE II
POSTURE CLASSIFICATION ACCURACY (% ). WE REPORT PER-CLASS
AND OVERALL ACCURACY ACROSS 7 POSTURE CLASSES. WE COMPARE
AN MLP CLASSIFIER USING AS INPUT OPTIMIZED SMPL-A JOINTS
(OURS) AND TRIANGULATED 3D JOINTS (BASELINE). ACROSS THE
THREE TEST SESSIONS, ACCURACY WAS 89.8% =4 4.2% FOR “OURS”,
COMPARED TO 65.8% = 41.9% FOR THE TRIANGULATION BASELINE,
REFLECTING SUBSTANTIALLY MORE CONSISTENT PERFORMANCE.
Method

Ours -0.6%/-0.1%
Triangulation  -8.6%/-10.9%

Relative error w/ Teh=150ms

95.5%195.6 %
86.4%188.7%

w/ Tth=90ms

89.6%/88.6 %
77.9%179.3%

w/ Tth=30ms

58.2%159.2%
48.4%/48.7%

TABLE III
STEP IDENTIFICATION RESULTS. WE REPORT THE RELATIVE ERROR IN
THE STEP COUNTING RESULTS (POSITIVE FOR OVERCOUNTING,
NEGATIVE FOR UNDERCOUNTING) AND THE PERCENTAGE OF STEPS
IDENTIFIED TO BE WITHIN A SPECIFIC TEMPORAL THRESHOLD Try. WE
REPORT RESULTS SEPARATELY FOR THE LEFT AND THE RIGHT LEG (IN
L/R FORMAT). WE INCLUDE RESULTS WHEN USING 3D JOINTS FROM
OUR OPTIMIZATION VS THE STRAIGHTFORWARD TRIANGULATION.

a simple triangulation-based method that also aggregates
multi-view information but does not leverage a parametric
baby body model [14]. As a result, it lacks the strong shape
and proportion priors provided by the SMIL/SMPL-A model,
which are crucial for reconstructing anatomically plausible
infant poses. We assess the performance of both methods on
the downstream task of posture and step identification, where
precise pose estimation is critical to accurately classify the
body posture and to detect subtle locomotor events.

Tasks. We conduct three experiments to evaluate the effec-
tiveness of our system in reconstructing infant body pose and
enabling downstream behavioral analysis:

e 3D Pose Accuracy: We first evaluate the raw accuracy
of the recovered 3D joint positions. We measure the
Euclidean distance between the predicted and annotated
3D joint positions (in centimeters). We evaluate 3D head
orientation by reporting the angular error (in degrees)
between the predicted and ground-truth head pose vectors.

« Posture Classification: We evaluate whether the recovered
3D mesh can be used for frame-level posture recognition.
We report per-class and overall classification accuracy.

o Step Identification: We use the reconstructed 3D baby
skeletal sequence to detect and count walking steps. We
report the relative error in left and right step identification,
and the percentage of correctly temporally localized steps
for different timing thresholds.

3D Pose Accuracy. For 3D pose accuracy, we compare the
accuracy of our approach, with the main baseline of Han et
al. [13]. Specifically, we report the average position error
for the wrist and the head, and the average rotation error for
the head pose. The complete results are presented in Table|]
where we consistently outperform the previous baseline. We
highlight that previous work [13] developed separate tech-
niques to track the wrists and the head from multi-view data.



= - - —" ]
- -

Fig. 3.

. — i
Multi-view optimization results. In the first row, we show the input to our approach. Typically, we have access to image observations for the
baby from 2-5 views. In the second row, we show keypoint detections from ViTPose [22]. We use these keypoints along with their confidence for the

multi-view optimization. In the third row, we show results of our multi-view optimization approach, visualized and rendered on all input viewpoints.

Instead, our approach consolidates all information in our
3D mesh representation, where we get a complete 3D baby
reconstruction and we can read out specific measurements,
e.g., the wrist location, or the head orientation.

Posture Classification. Our annotated dataset consists of
12 sessions; 6 are used for training, 3 for validation and
3 for testing. Classification accuracy is reported on the held-
out test sessions. We use the 3D joint positions from our
reconstructed SMPL-A meshes, centered at the root joint,
together with 28 geometric features derived from the raw
joints as input to a part-aware MLP classifier (as described
in Section [[MI). For training, we use AdamW with learning
rate 3 x 10~%, weight decay 10~°, label smoothing (0.05),
and cosine learning-rate annealing for 50 epochs. To address
class imbalance, we use weighted random sampling and
class-weighted loss. We select the final checkpoint based on
validation minimum per-class accuracy.

Table [I] reports per-class and aggregate classification ac-
curacy across 7 posture classes for two input sources: (1) our
optimized SMPL-A joint trajectories and (2) triangulated 3D
joints, using the same architecture and training protocol. Our
classifier using optimized SMPL-A joints achieves an overall
accuracy of 89.8%. In contrast, the triangulated baseline
drops to 65.8% overall, with severe failure on prone (0.1%),
supine (6.5%), and squatting (3.1%).

Step Identification. For our final experiment, we evaluate
the use of our reconstructed 3D baby mesh sequences for
the tasks of step counting, left-right step discrimination,
and temporal precision of step detection. We use the step
detection algorithm described in Section [[lI-D] and we com-
pare two different versions of 3D joint positions—one that
uses the results of our optimization and another that uses
the triangulated 3D joints. The comparison is shown in
Table [T} We first report the relative error between detected
and annotated steps. Positive values indicate overcounting,
and negative values correspond to undercounting. The closer
the relative error is to zero, the more reliable the counting
algorithm. With our 3D reconstructions, the relative error
remains around —0.6%, indicating only slight undercounting.

In contrast, with triangulated keypoints the error exceeds
—10.9%, reflecting severe undercounting. Step counts were
strongly correlated with ground-truth annotations across all
locomotion bouts (r = 0.9997, p < .001), the triangulation
baseline yielded a weaker correlation (r = 0.9558, p < .001).
For a more detailed analysis, we examine the temporal offset
between each detected step and the corresponding ground-
truth annotation. We report the percentage of correctly lo-
calized steps for several thresholds 7y, approximately 30 ms,
90 ms, and 150 ms (corresponding to 1, 3, and 5 frames, re-
spectively). This finer-grained evaluation again demonstrates
the superiority of our 3D estimates for step identification.
Moreover, we observe that most detected steps are localized
well temporally with only short temporal offsets.

Qualitative evaluation. Complementing the quantitative
evaluation, we also provide qualitative results of our ap-
proach. In Figure [3] we present reconstructions of babies
from multiple camera views. Even in challenging poses,
our method produces consistent and reliable 3D meshes.
In Figure [d we compare our results against state-of-the-art
human mesh recovery approaches. Specifically, we evaluate
HMR2.0 [9] a top-performing baseline, and BEV [26], which
can also handle baby body shapes. Although these baselines
operate on single frames and thus are not directly comparable
to our method, it is helpful to identify the limitations of
existing approaches. HMR2.0 captures body pose reasonably
well but fails to model baby-specific proportions—in partic-
ular, note the discrepant head size, while BEV is less robust
overall and struggles with accurate pose estimation.

Visual attention. One of the attributes of the dataset we use
for our experiments is that it provides a digital twin of the
recording environment. Given our 3D baby reconstruction,
this allows us to reason about the baby’s interaction with the
environment. For each frame, we leverage the estimated head
orientation to define a visibility cone, i.e., a geometric ap-
proximation of the infant’s instantaneous field of view, cen-
tered on the head and aligned with the estimated head/gaze
direction. Figure |6| illustrates this for three instances of the
mesh baby in different postures: lying, squatting, and upright.



Fig. 4. Qualitative comparison. We visualize the results of various approaches on the Han er al. [13] dataset. Specifically, we show results and limitations
from popular state-of-the-art methods for human mesh recovery, BEV [26] and HMR2.0 [9]. BEV can also reconstruct baby body shapes but fails in most
cases to recover accurate body pose or shape. HMR2.0 captures the body pose, but can only model adult body types, which corresponds to adult body
proportions. Please note the discrepancy specifically to the head size. Our approach recovers faithful body pose and shape for the baby in various postures.
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Fig. 5. Visual attention map. We show the accumulated attention heatmap from a 10-min session of a walking baby. We visualize three viewpoints of

the digital twin of the recording environment (see supplementary video for full visualization). Warmer colors (red/yellow) indicate surfaces that received
more visual attention, and cooler colors (blue) indicate regions that were rarely attended. Across all views, attention is concentrated at the baby’s eye
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Fig. 6. Visual attention cone. We place the recovered baby mesh within a
digital twin of the recording environment. Using the estimated head pose, we
define a cone representing the infant’s field of view. We show three instances
of the baby in different postures, i.e., lying, squatting, and upright.

In each case, the cone projects from the head into the scene,
intersecting the room geometry, which allows us to identify
the surfaces that fall within the baby’s field of view.

Attention maps. By accumulating the cone-intersected sur-
face points over a full 10-minute session and rendering their
density as a heatmap on the room geometry, we can obtain a
spatial map of visual attention across the entire recording. We
show such a result for one of the sessions in Figure [5| The
heatmaps reveal a consistent pattern: Walking infants direct
their attention to surfaces near their own eye height, such as
the sides of low furniture, shelves, and nearby toys, whereas
upper walls and ceilings receive little visual attention.

height, e.g., on the sides of low furniture, play structures, and nearby objects, whereas upper walls and the ceiling remain largely unattended.

V. SUMMARY AND FUTURE WORK

In this paper, we present a pipeline for reconstructing
3D meshes of babies from calibrated and synchronized
multi-view video. Previous work has either focused only on
adults or relied on specialized pipelines tailored to specific
attributes (e.g., wrist pose, head pose, posture), limiting the
scope of analysis. In contrast, we propose a complete 3D
reconstruction of the baby’s body, enabling a wide range of
downstream analyses relevant to developmental psychology
and beyond. We evaluate our 3D reconstructions on multiple
downstream tasks, including posture identification and gait
(step) identification. Our results demonstrate that using our
reconstructed 3D representation consistently outperforms al-
ternative 3D representations or specialized algorithms, high-
lighting the benefits of a unified, model-based approach.

This work provides critical new avenues for future re-
search and applications. For researchers in developmental
psychology and clinical science, our approach can enable
fully automated data processing of infant video, greatly
accelerating the analysis of infant behavior without requiring
laborious human annotation. Moreover, our approach pro-
vides data on 3D body and joint position—including infants’
locomotor paths and gait parameters that are beyond the
ability of human video annotation. Such a system facilitates
understanding of infant motor behavior—replete with all the
variability and idiosyncrasies of spontaneous, natural behav-
ior in typically developing infants. It also promotes tools for



early screening and evaluation of therapeutic interventions
for infants with atypical development.

Future work could leverage our reconstructions as high-
quality training data for feedforward models that directly
regress baby pose and shape from images or video, in
the style of adult-focused methods [9], [11]. Additionally,
our results point to the limitations of current parametric
models, i.e., SMPL-A, which lead to improvements over
adult-only models, but they do not perfectly match the
proportions of babies (see Figure F). Finally, we envision
that our dataset could benefit other fields, such as robotics,
by informing algorithms for teaching walking skills to robots.
We plan to publicly release our code and processed data (3D

reconstructions) to facilitate further work in these directions.
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