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Abstract—Early identification of neuro-developmental risks in
infants is crucial for timely intervention and improved quality
of life. Current screening methods are costly, intrusive, and
limited by artificial environments or require the infant to wear
multiple sensors. To address these challenges, we propose a
novel approach leveraging inertial measurement units (IMUs) to
monitor infants’ spontaneous motor abilities in natural settings.
Our method introduces a hierarchical semi-supervised classifier
and the InfantMotion2Vec embedding to capture detailed motion
patterns, accommodating a wide age range (up to 36 months)
while minimizing reliance on labeled data and cumbersome
sensor setups. We collected labeled IMU data from 25 families
and unlabeled data from 42 families using a single wearable
sensor. Pretraining an embedding network using unlabeled data
with a hierarchical pose estimator resulted in a 26% increase
in F1-score and a 77.7% increase in Cohen’s Kappa score
compared to using only labeled data. The InfantMotion2Vec
embedding adequately handles highly unbalanced labeled data,
demonstrating its effectiveness in infant posture classification.

Index Terms—Self-supervised Model, Representation Learn-
ing, Hierarchical Classification, Posture Detection

I. INTRODUCTION

Studies indicate that one in ten infants are at neuro-
developmental risk due to factors such as premature birth,
birth asphyxia, stroke, metabolic derangement, and intrauterine
substance exposures [1]. While early therapeutic intervention
can significantly improve their quality of life [1], identifying
at-risk infants currently requires extensive and costly screening
tests, including brain imaging [2]. These challenges highlight
the need for scalable, effective, and robust early developmental
screening techniques.

Infants’ spontaneous movements offer vital insights into
brain function [3]. The development of cognitive and language
abilities in infants is intricately linked to early bodily move-
ments, control of posture, and voluntary actions. By character-
izing these spontaneous patterns over time, we can potentially
identify neuro-developmental risks at an early stage. However,
current assessments are often conducted in artificial or re-
stricted environments like labs or hospitals, making it difficult
to evaluate true neuro-developmental performance accurately
and with ecological validity [4]. This further emphasizes the
need for robust screening techniques that can be applied

in natural, everyday settings. To address this need, recent
studies have used inertial measurement units (IMUs) [5],
[6] to monitor infants’ spontaneous motor abilities in out-
of-hospital settings over extended periods. These approaches
aim to capture natural infant motor behavior more accurately,
providing a more reliable assessment of neuro-developmental
health.

However, prior studies using wearable sensors to assess
infant postures and movements have been limited by several
factors. First, the setup often involves multi-sensor wearables,
which can be uncomfortable for the infant, making day-
long assessments impractical. Second, these studies require
large labeled datasets, which are difficult to obtain in home
settings due to privacy concerns and the labor-intensive nature
of data annotation. For instance, Airaksinen et al. [5] used
multi-sensor wearables on infants’ hands and legs to collect
data from 24 infants (mean age 6.7 months, range 4.5–7.7)
and identify five postures. However, their approach fails to
account for task performance variations across ages, leading
to imbalanced datasets. Similar studies involving a broader
age group (4.5 to 19.5 months) [6] still face issues with
cumbersome setups and large labeled dataset requirements.
These shortcomings underscore the need for a new algorithm
that provides accurate assessments with minimal intrusion and
reduces reliance on extensive labeled data.

Human activity recognition has been an extensive research
area for the last decade. Researchers have used hand-crafted
features from IMU data as input to recurrent neural network
models (RNN) to classify six adult activities, including sitting,
standing, walking, or running [7], [8]. Some studies have also
used semi-supervised learning and adversarial learning to learn
the representation and then classify adult activities [9], [10].
However, adult activities are fundamentally different from
child activities. Unlike adults, infants exhibit uncoordinated
and unpredictable motion sequences, further complicating the
data collection process. Thus, models trained on adult activity
recognition fail to satisfactorily classifying child activities.
Moreover, because simple approaches like the Madgwick
orientation filter perform poorly in classifying postures by
introducing addition jitter to our noisy data [11], and because
infants’ data are noisier compared with adults, a more complexThis work was supported by funding from NIDA (R34DA050256)
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approach/model is needed.
Additionally, although use of a single chest-worn IMU

sensor addresses a key limitation of prior work involving
multiple-sensors setups, it poses several unique challenges for
algorithm development. The variability in infant movement
patterns, coupled with their rapid developmental changes,
makes capturing consistent and accurate motion data difficult.
Moreover, the single-sensor approach limits the spatial resolu-
tion and coverage of motion data, as it relies on a solitary point
of reference. Nonetheless, the single-sensor approach offers
the advantages of reduced hardware complexity and greater
comfort for the infant, making it a compelling area of research.

This study introduces the first hierarchical semi-supervised
classifier designed to identify three infant postures using
a single chest-worn IMU during daylong home recordings.
Utilizing data from children aged one to thirty-six months, it
addresses movement variability by creating the novel Infant-
Motion2Vec embedding from unlabeled data. This embedding
supports a pose estimation model using minimal labeled
data, significantly reducing the need for multiple sensors and
extensive datasets. Our approach offers a practical, scalable,
and efficient solution for early neuro-developmental screening
across diverse age groups.

For data collection, we employ a multi-modal wearable, Lit-
tleBeats™, placed in the chest pocket of a specially designed
infant shirt [12]. This platform has previously been used for
automatic speaker diarization and vocalization classification
and environmental noise tagging in home [13], [14]. In
addition to collecting audio and cardiac data, the LittleBeats
device includes a single IMU sensor. For this report – the
first to report on LittleBeats IMU data – we collected and
labeled 1.07 hours of IMU data from 26 families with children
of various ages and 1100 hours of unlabeled data from 42
families.

Our approach introduces a novel application of semi-
supervised learning in the context of infant posture classifica-
tion using a single IMU. Compared to other semi-supervised
architectures typically used for adult human activity recog-
nition, our framework performs better in classifying three
distinct infant positions. This highlights our method’s efficacy
and innovation, specifically tailored to address the unique
challenges of infant neuro-developmental assessment.

II. DATA

A. Data Collection and Annotation
Families were recruited through various channels, including

online listservs, flyers distributed to local organizations (e.g.,
libraries), and pediatric clinics. Parents received a complete
description of the study procedures and provide written con-
sent for their own and their child’s participation. All study
procedures are approved by the Institutional Review Board at
the University of Illinois Urbana-Champaign.

B. Data Distribution

Unlabeled IMU Data. We collected 183 daylong recordings
from 42 children (Mean age = 17.36 months, Range: 5.16 to
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Fig. 1: Model architecture for InfantMotion2Vec and hierar-
chical pose estimation
35.1 months), amounting to 1100 hours of data, which we use
to develop a robust motion embedding, InfantMotion2Vec.
Labeled Data. We collected IMU data from 25 children (Mean
age = 19.95 months, Range: 1.1 to 47.5 months), with each
child contributing approximately 30 minutes of labeled data.
These children are different from those who contributed the
unlabeled data. Mother-child dyads participated in a virtual
visit via Zoom, which was video-recorded for labeling. Trained
research assistants labeled the onset and offset times of be-
haviors in four categories (child posture/position, upper-body
movement, lower-body movement, child-parent contact) using
ELAN software [15]. This paper utilizes three infant positions:
sitting or standing (“upright”), supine (“back”), and prone
(“stomach”). We annotate 64 minutes of data (3186 seconds
of upright, 507 seconds of back, and 150 seconds of stomach).

C. Validation Scheme

We employ an external validation scheme (leave-family-out)
to evaluate our model’s performance. We reserve data from five
families for testing and use data from the remaining twenty
families to train the classifier. This approach ensures that our
model generalizes well across different subjects.

III. INFANT POSITION ESTIMATION WITH
SEMI-SUPERVISED LEARNING

A. InfantMotion2Vec

InfantMotion2Vec is an infant motion embedding that learns
the representation of infant posture and movement from unla-
beled IMU data. Inspired by the Activity2vec framework [16],
InfantMotion2Vec consists of a sequence-to-sequence network
that maps the sequence of sensor data to itself, learning the
features of the raw sensor data. Like Activity2Vec, InfantMo-
tion2Vec has an encoder to learn the features by projecting
the input into a fixed-dimension vector and a decoder to
reconstruct the input from this vector. However, instead of
a long short-term memory (LSTM) layer in Activity2Vec,
InfantMotion2Vec uses a single-layer bidirectional Gated re-
current unit (GRU) for the encoder, and a unidirectional GRU
for the decoder, as GRUs are more computational efficient
with less parameter compared to LSTMs [17]. The network is
trained by minimizing the mean square error (MSE) between
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Fig. 2: InfantMotion2Vec and a hierarchical classifier out-
perform Airaksinen et al.’s supervised pose estimation [5].
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Fig. 3: InfantMotion2Vec outperforms both LIMU-BERT [9] and
fine-tuned LIMU-BERT. All cases use the hierarchical classifier.

the original input and the decoder output. The framework
architecture is shown in Figure1.

B. Hierarchical Pose Estimation

We develop a two-step hierarchical classifier (Fig 1) that
takes the IMU data representation from InfantMotion2Vec and
identifies three infant poses. For the hierarchical classification,
we first consider lying on the back and lying on the stomach
as the ‘lying’ class. Thus, we have a two-class classification
problem where we differentiate between whether a baby is
lying or upright. The output of the ‘lying’ class is then passed
through another classifier of similar architecture to identify
whether the baby is lying on its back or stomach. Each of these
classifiers has two fully connected layers with 512 hidden
units to classify an infant’s position from labeled data. As
InfantMotion2Vec already learns the data representation, we
do not need a complex classifier for the final predictions, which
could lead to overfitting and poor performance on unseen data.

C. Training Parameters

Using the Adam optimizer, we train the InfantMotion2Vec
network for 1000 epochs. To reduce overfitting, we use an
adaptive learning rate with a scheduler and L1-norm penalty.
We use binary cross-entropy loss with the Adam optimizer and
train for 50 epochs, saving the best model for classification.
The training is performed on an NVIDIA RTX 3090Ti.

IV. RESULTS & DISCUSSION

We assess the performance of our pipeline, including In-
fantMotion2Vec and the hierarchical pose estimator, using
precision, recall, F1 score, and Cohen’s kappa score, followed
by an ablation study of each component.

A. Classification Performance of Infant-Motion2Vec and Hi-
erarchical Pose Estimator

We first evaluate the performance of the InfantMotion2Vec
and hierarchical classifier, as shown in Figure 2. Our model
achieves an F1-score of 71% and Cohen’s kappa of 0.64. We
also compare our framework’s performance against state-of-
the-art posture detection algorithms that use only labeled data
[5]. Figure 2 shows that our model outperforms the model by
Airaksinen et al., with a 26% and 77.7% increase in F1-score
and Cohen’s kappa, respectively. This indicates that a limited

amount of highly unbalanced labeled data from a single sensor
is insufficient to achieve satisfactory performance, even with
a highly parameterized and complex network.

B. Performance of Embedding Network: Infant-Motion2Vec

We evaluate the performance of our embedding network,
InfantMotion2Vec, by comparing it against the LIMU-BERT
architecture [9]. To maintain consistency, we use a hierarchical
classifier with LIMU-BERT. LIMU-BERT leverages a BERT-
like attention model [18] to learn the representation of IMU
sensor data and is trained on 80% of data from four different
human activity recognition datasets: HHAR [19], UCI-HAR
[8], Shoaib [20], and MotionSense [21]. Because LIMU-BERT
lacks infant data, we fine-tuned it with labeled LittleBeats
training data. Figure 3 shows that our model outperforms
LIMU-BERT without fine-tuning, achieving a 69.7% and
20.4% higher F1 score and Cohen’s kappa score, respectively.
We also find that fine-tuned LIMU-BERT performs better
than the original LIMU-BERT. However, InfantMotion2Vec
achieves better performance than fine-tuned LIMU-BERT,
with a 19.6% higher F1 score and 52.4% higher Cohen’s
kappa score. This indicates that embeddings learned from adult
activities cannot accurately represent infant motion and posi-
tion, and their performance degrades with highly unbalanced
child data. Additionally, Figures 2 and 3 show that pre-trained
LIMU-BERT outperforms the model used by Airaksinen et
al., highlighting the importance of learning the representation
of infant posture to improve classification performance when
labeled data is limited.
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Fig. 5: t-SNE plot of InfantMotion2Vec embeddings

C. Performance of Hierarchical Pose Estimator

For this comparison, we use only the InfantMotion2Vec
embedding and compare the performance of a single-step,
three-class classifier with a hierarchical approach. Figure 4
shows that the hierarchical approach improves the F1 score
by 14.5% and the Cohen’s kappa score by 25.4%. Both the
hierarchical and single-step classifiers outperform the model
by Airaksinen et al., which uses only labeled data and shows
the effectiveness of InfantMotion2Vec embedding. Figure 5
shows the t-SNE plot of InfantMotion2vec embeddings for all
three classes and two classes after merging supine and prone
classes into a single class, which shows that it is easier to
detect two classes instead of three classes in a single step.

V. CONCLUSION & FUTURE WORK

In this study, we use a single chest-worn IMU sensor
for infant pose estimation, simplifying hardware setup and
improving the comfort and practicality of monitoring infants
compared to traditional multi-sensor methods. Our method
also leverages unlabeled data to create an embedding, termed
InfantMotion2Vec, which captures the complex and varied
patterns of infants’ positions with high fidelity without the
need for large annotated datasets. Furthermore, integrating this
embedding with a hierarchical classifier allows for satisfac-
tory pose estimation, demonstrating that effective monitoring
can be achieved with significantly reduced sensor data. Our
approach outperforms previous multi-sensor infant pose es-
timation models and single-sensor adult activity recognition
embeddings, highlighting the effectiveness of our method in
capturing infant-specific motion patterns and positions.

In the future, we aim to develop a more sophisticated
and robust model to improve classification performance and
to identify more discrete positions and movements. Further,
exploring additional sources of data and incorporating more
advanced machine learning techniques could enhance the
accuracy and reliability of our model. Valid assessment of
infant motion may provide significant opportunities for the
early detection and intervention of infants’ motor and neuro-
developmental issues.
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