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Automatic Posture and Movement 
Tracking of Infants with Wearable 
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Viviana Marchi�{�á�|�á�����•�ƒ�•�–�ƒ�•�‹�ƒ��Gallen�x�á�����‘�•�Œ�ƒ��Blom�x�á�����•�•�‹��Varhe�x�á�����‹�…�‘��Kaartinen�}�á��
Leena Haata�Œa�x & Sampsa Vanhatalo�x�á�~�á�•��

Infants’ spontaneous and voluntary movements mirror developmental integrity of brain networks since 
�–�Š�‡�›���”�‡�“�—�‹�”�‡���…�‘�‘�”�†�‹�•�ƒ�–�‡�†���ƒ�…�–�‹�˜�ƒ�–�‹�‘�•���‘�ˆ���•�—�Ž�–�‹�’�Ž�‡���•�‹�–�‡�•���‹�•���–�Š�‡���…�‡�•�–�”�ƒ�Ž���•�‡�”�˜�‘�—�•���•�›�•�–�‡�•�ä�����…�…�‘�”�†�‹�•�‰�Ž�›�á���‡�ƒ�”�Ž�›��
detection of infants with atypical motor development holds promise for recognizing those infants who 
�ƒ�”�‡���ƒ�–���”�‹�•�•���ˆ�‘�”���ƒ���™�‹�†�‡���”�ƒ�•�‰�‡���‘�ˆ���•�‡�—�”�‘�†�‡�˜�‡�Ž�‘�’�•�‡�•�–�ƒ�Ž���†�‹�•�‘�”�†�‡�”�•�����‡�ä�‰�ä�á���…�‡�”�‡�„�”�ƒ�Ž���’�ƒ�Ž�•�›�á���ƒ�—�–�‹�•�•���•�’�‡�…�–�”�—�•��
�†�‹�•�‘�”�†�‡�”�•���ä�����”�‡�˜�‹�‘�—�•�Ž�›�á���•�‘�˜�‡�Ž���™�‡�ƒ�”�ƒ�„�Ž�‡���–�‡�…�Š�•�‘�Ž�‘�‰�›���Š�ƒ�•���•�Š�‘�™�•���’�”�‘�•�‹�•�‡���ˆ�‘�”���‘�¡�‡�”�‹�•�‰���‡�¥�…�‹�‡�•�–�á���•�…�ƒ�Ž�ƒ�„�Ž�‡��
�ƒ�•�†���ƒ�—�–�‘�•�ƒ�–�‡�†���•�‡�–�Š�‘�†�•���ˆ�‘�”���•�‘�˜�‡�•�‡�•�–���ƒ�•�•�‡�•�•�•�‡�•�–���‹�•���ƒ�†�—�Ž�–�•�ä�����‡�”�‡�á���™�‡���†�‡�•�…�”�‹�„�‡���–�Š�‡���†�‡�˜�‡�Ž�‘�’�•�‡�•�–���‘�ˆ���ƒ�•��
�‹�•�ˆ�ƒ�•�–���™�‡�ƒ�”�ƒ�„�Ž�‡�á���ƒ���•�—�Ž�–�‹�æ�•�‡�•�•�‘�”���•�•�ƒ�”�–���Œ�—�•�’�•�—�‹�–���–�Š�ƒ�–���ƒ�Ž�Ž�‘�™�•���•�‘�„�‹�Ž�‡���ƒ�…�…�‡�Ž�‡�”�‘�•�‡�–�‡�”���ƒ�•�†���‰�›�”�‘�•�…�‘�’�‡���†�ƒ�–�ƒ��
�…�‘�Ž�Ž�‡�…�–�‹�‘�•���†�—�”�‹�•�‰���•�‘�˜�‡�•�‡�•�–�•�ä�����•�‹�•�‰���–�Š�‹�•���•�—�‹�–�á���™�‡���¤�”�•�–���”�‡�…�‘�”�†�‡�†���’�Ž�ƒ�›���•�‡�•�•�‹�‘�•�•���‘�ˆ���x�x���–�›�’�‹�…�ƒ�Ž�Ž�›���†�‡�˜�‡�Ž�‘�’�‹�•�‰��
�‹�•�ˆ�ƒ�•�–�•���‘�ˆ���ƒ�’�’�”�‘�š�‹�•�ƒ�–�‡�Ž�›���}���•�‘�•�–�Š�•���‘�ˆ���ƒ�‰�‡�ä�����Š�‡�•�‡���†�ƒ�–�ƒ���™�‡�”�‡���•�ƒ�•�—�ƒ�Ž�Ž�›���ƒ�•�•�‘�–�ƒ�–�‡�†���ˆ�‘�”���‹�•�ˆ�ƒ�•�–���’�‘�•�–�—�”�‡���ƒ�•�†��
�•�‘�˜�‡�•�‡�•�–���„�ƒ�•�‡�†���‘�•���˜�‹�†�‡�‘���”�‡�…�‘�”�†�‹�•�‰�•���‘�ˆ���–�Š�‡���•�‡�•�•�‹�‘�•�•�á���ƒ�•�†���—�•�‹�•�‰���ƒ���•�‘�˜�‡�Ž���ƒ�•�•�‘�–�ƒ�–�‹�‘�•���•�…�Š�‡�•�‡���•�’�‡�…�‹�¤�…�ƒ�Ž�Ž�›��
designed to assess the overall movement pattern of infants in the given age group. A machine learning 
�ƒ�Ž�‰�‘�”�‹�–�Š�•�á���„�ƒ�•�‡�†���‘�•���†�‡�‡�’���…�‘�•�˜�‘�Ž�—�–�‹�‘�•�ƒ�Ž���•�‡�—�”�ƒ�Ž���•�‡�–�™�‘�”�•�•�����������•�����™�ƒ�•���–�Š�‡�•���–�”�ƒ�‹�•�‡�†���ˆ�‘�”���ƒ�—�–�‘�•�ƒ�–�‹�…��
detection of posture and movement classes using the data and annotations. Our experiments show that 
the setup can be used for quantitative tracking of infant movement activities with a human equivalent 
�ƒ�…�…�—�”�ƒ�…�›�á���‹�ä�‡�ä�á���‹�–���•�‡�‡�–�•���–�Š�‡���Š�—�•�ƒ�•���‹�•�–�‡�”�æ�”�ƒ�–�‡�”���ƒ�‰�”�‡�‡�•�‡�•�–���Ž�‡�˜�‡�Ž�•���‹�•���‹�•�ˆ�ƒ�•�–���’�‘�•�–�—�”�‡���ƒ�•�†���•�‘�˜�‡�•�‡�•�–��
�…�Ž�ƒ�•�•�‹�¤�…�ƒ�–�‹�‘�•�ä�����‡���ƒ�Ž�•�‘���“�—�ƒ�•�–�‹�ˆ�›���–�Š�‡���ƒ�•�„�‹�‰�—�‹�–�›���‘�ˆ���Š�—�•�ƒ�•���‘�„�•�‡�”�˜�‡�”�•���‹�•���ƒ�•�ƒ�Ž�›�œ�‹�•�‰���‹�•�ˆ�ƒ�•�–���•�‘�˜�‡�•�‡�•�–�•�á��
and propose a method for utilizing this uncertainty for performance improvements in training of the 
�ƒ�—�–�‘�•�ƒ�–�‡�†���…�Ž�ƒ�•�•�‹�¤�‡�”�ä�����‘�•�’�ƒ�”�‹�•�‘�•���‘�ˆ���†�‹�¡�‡�”�‡�•�–���•�‡�•�•�‘�”���…�‘�•�¤�‰�—�”�ƒ�–�‹�‘�•�•���ƒ�Ž�•�‘���•�Š�‘�™�•���–�Š�ƒ�–���ˆ�‘�—�”�æ�Ž�‹�•�„���”�‡�…�‘�”�†�‹�•�‰��
�Ž�‡�ƒ�†�•���–�‘���–�Š�‡���„�‡�•�–���’�‡�”�ˆ�‘�”�•�ƒ�•�…�‡���‹�•���’�‘�•�–�—�”�‡���ƒ�•�†���•�‘�˜�‡�•�‡�•�–���…�Ž�ƒ�•�•�‹�¤�…�ƒ�–�‹�‘�•�ä

A key global healthcare challenge is the early recognition of infants that eventually develop lifelong neurocogni-
tive disabilities. More than every tenth infant is considered to be at neurodevelopmental risk1 due to their neo-
natal medical adversities, such as prematurity, birth asphyxia, stroke, metabolic derangements and intrauterine 
substance exposures. An early therapeutic intervention would be optimal for reducing the ensuing lifelong toll 
to individuals and societies, although it has been challenging to e�ciently target early intervention to those who 
actually would bene�t from it2. A thorough screening of all risk infants with extensive test batteries and/or brain 
imaging techniques is not plausible in most parts of the world, and it is not justi�able even in the most developed 
and wealthy nations.

�ere is hence a rising need to develop generalizable, scalable, objective, and e�ective solutions for early neu-
rodevelopmental screening. Such methods would need to be robust to random variability that may arise from 
all parties involved: the infant him/herself, skills of the health care professional, testing environment, as well as 
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recording methods. Furthermore, a wide biological variation which is inherent to typical neurodevelopment has 
to be considered. Indeed, requirement for adequate robustness has been a key challenge in the recent work3.

Phenomenologically, assessment of infants’ spontaneous behavior has recently gained a lot of interest for three 
reasons: First, the lab or hospital environments are arti�cial from a child’s perspective, and hence challenging for 
assessing their true neurodevelopmental performance4. Second, the novel recording and analysis methodologies 
have made it possible to study participants’ spontaneous activities in both lab and other environments5,6. �ird, 
both fundamental and applied research has shown that infant’s spontaneous movements may provide an impor-
tant global window to the infant brain function7,8. Besides bodily movements per se, development of control of 
posture and intentional voluntary movements can be seen as parallel processes forming one perceptual-motor 
system which also involves higher cognitive functions9. Characterization of infants’ typical pattern of variation 
in di�erent postures and movement activity over longer time could be used as a tool for early screening of infants 
at neurodevelopmental risks. Ideally, such a system would consist of an easy-to-use recording setup applicable 
to home environments, followed by an automated analysis pipeline for objective and quantitative assessment. 
Widely used observation protocols have been developed for assessment of spontaneous movements in neonatal 
period and early infancy2,10. However, they are neither genuinely quantitative nor allow longitudinal tracking 
beyond four months of age.

One option for monitoring infant movements at their homes could consist of intelligent wearables with inte-
grated sensors. �ere has been signi�cant recent progress in the development of intelligent wearables for sports 
and leisure clothing in adults11. However, we are not aware of standards or open solutions for multi-sensor-based 
movement analysis for infants. Our present work aims to �ll this gap by describing a relatively inexpensive 
comfortable-to-wear, and easy-to-use intelligent wearable, a smart jumpsuit that can be used for monitoring and 
quantifying key postures and movement patterns of independently moving infants. In addition to the design of 
the jumpsuit itself, we have developed a new protocol to visually classify and annotate independent movements 
of infants yet to acquire upright posture. We also developed a machine learning -based classi�er to automatically 
recognize the set of postures and movements covered by the annotation scheme by using the sensory data availa-
ble from the jumpsuit sensors, including a novel way to deal with inter-annotator inconsistencies inherently pres-
ent in the human annotations used to train the classi�er. Performance of the resulting system was assessed against 
multiple human raters on data from infants previously unseen by the classi�er. �e results show that the system 
achieves posture and movement recognition accuracy comparable to human raters on the same data, indicating 
the feasibility of automatic assessment of spontaneous infant movements using the proposed smart jumpsuit.

Data Collection Methods
�e overall work�ow in our study included (i) the development of a wearable garment and mobile data collection 
system for infant recordings (Fig.�1), (ii) the development and implementation of the visual analysis scheme to 
obtain a human benchmark, and iii) the development, training, and performance testing of the machine learning 
methods for an automated quantitative analysis of infants’ movement activity (see Fig.�2).

���‡�•�‹�‰�•���‘�ˆ���–�Š�‡���•�•�ƒ�”�–���Œ�—�•�’�•�—�‹�–�ä��For tracking the posture and movement of infants, we developed a meas-
urement suit, named the “smart jumpsuit” (see Fig.�1a), which is a full body garment that allows spontaneous 
unrestricted movements. �e garment features a total of four battery operated wireless Suunto Movesense sensors 
(www.movesense.com) that are mounted proximally in the upper arms and legs. For the �rst prototype, we used 
a commercially available infant swimming suit as the base garment. Movesense Smart Connector mounts were 
set onto fabric and attached by heat bonding the piece of fabric and thermoplastic polyurethane (TPU) adhesive 
�lm-layer structure on top of the mounts. �e created electronic garment is laundry washable at 40 °C.

Each of the Movesense sensors features a built-in inertial measurement unit (IMU) that is used for six degrees 
of freedom (DOF) measurement at a sampling rate of 52 Hz. �ese signals consists of a triaxial accelerometer 
measuring linear acceleration in m/s2 (range �8g) and a gyroscope measuring angular velocity in °/s (range 
� 500°/s). �e Movesense sensors are 36.6 mm in diameter and 10.6 mm in thickness, weigh 30 grams, and are 
waterproof and removable from programmable mounts, making them suitable for limb placements in infant 
wearables. Symmetric sensor placement was used to capture a comprehensive picture of infant motor repertoire. 
In addition, the setup enables later more detailed study of limb movement synchrony and symmetry that can be 
used to further characterize clinically abnormal neurological development10.

Communication of Movesense sensors uses an open source application programming interface (API; bit-
bucket.org/suunto/movesense-docs/wiki/Home), which allows streaming the raw sensor data at desired frequen-
cies wirelessly via a Bluetooth 4.0 connection to an external data logging device. �is project used Apple iPhone 
SE with an iOS-based multi-sensor data logging so�ware (www.kaasa.com). �e tasks of the data logger so�ware 
include (1) centrally controlling the recording process, (2) receiving and writing raw signals from each sensor 
through the Bluetooth connection, and (3) synchronizing sensor timestamps. In addition, the so�ware allows 
concurrent video recordings with the device camera.

As presented, the smart jumpsuit is a technical proof-of-concept, and it is not meant to showcase a ready 
commercial product. �e price for the present smart jumpsuit construct from retail components is approximately 
200 USD, and the iOS-based mobile phone could be replaced with any of the now ubiquitous smartphones able 
to run a multisensor datalogger so�ware. A larger scale production price of the smart jumpsuit garment could 
readily go down to 30–50 USD, making it �nancially feasible for a wide range of use-contexts, including devel-
oping countries.

Data collection. �e main goal of our data collection process was to obtain a representative set of independ-
ent movements in approximately 7-month old infants for automatic classi�er training. For this purpose, a total 
of 24 infants were recorded (mean age 6.7 months, �0.84 (SD), range 4.5–7.7; 9 male). �e infants were known 
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as typically developing without prior history of signi�cant medical issues, and they were initially recruited for 
a larger ongoing research project. �e measurements used in this particular study were carried in clinic-like 
settings in approximately 30–60 minute long sessions. Notably, the length of recording was limited by situational 
factors arising in the laboratory context, such as lab availability, or infant care routines and cooperation. �e 
recording technology (i.e., smart jumpsuit with data logger) would have allowed considerably longer recordings.

During each session, an infant wearing the smart jumpsuit was placed on a foam mattress. Without making 
physical contact with the infant, a pediatric physiotherapist actively engaged the infant in di�erent postures and 
movements common in structured neurological examinations12 with a set of age-appropriate toys. �e toys were 
also freely available for the infant to play with. �e caregiver of the infant was allowed to be in close proximity (if 
they so desired) in order to keep the infant more content. In order to ensure maximum amount of independent 
movement, physical contact with the infant was limited to situations that required soothing or li�ing the infant in 
prone/supine posture if the ability to turn around was not yet acquired.

All sessions were also video recorded to allow detailed temporal annotation of movement activities (see 
Movement annotations Section). �e �rst 14 infants were video-recorded using a separate video camera (GoPro 
Hero 8 Black, www.gopro.com), while the rest were recorded with an in-built synchronized video feature of 
the data-logger so�ware on the iPhone that automatically synchronized with the recorded sensor data. For the 
�rst 14 recordings with the GoPro camera, synchronization between the sensor signals and video was done by 
tapping one of the sensors visibly in the video to allow manual adjusting between movement signals and video 
when importing into Anvil annotation so�ware. Two infants were excluded as outliers from further analysis 
due to their substantially more advanced motor skills (e.g., standing), yielding a �nal number of 22 recordings. 
Each recording consists of 24-channels of sensory data (4 sensors, 3 accelerometer and 3 gyroscope channels per 
sensor) sampled at the 52 Hz sampling frequency. �e total length of the recordings was 12.1 hours, out of which 
10.6 hours (88%) were utilized for the classi�er training and testing described in the automatic detection of infant 
posture and movement section (excluding carrying, out-of-camera events, and dropped sensor connections). �e 
resulting mean length of the utilized recordings per infant was 29 minutes (range 9–40 minutes).

�e study complies with the Declaration of Helsinki and the research was approved by the Ethics Committee 
of Children’s Hospital, Helsinki University Hospital. A written informed consent was obtained from the parents.

Movement annotation protocol. �e primary goal of the present jumpsuit setup and analysis was to 
obtain a temporally rich description of the infant movement activities over periods of time. �is information 
could be used later to support a variety of clinical goals and decision making. In addition, an automated classi�er 

Figure 1. Experimental design. (a) Photograph of the smart jumpsuit with four proximally placed movement 
sensors. (b) �e annotation setup displaying annotations with synchronized video and movement data.
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for such movements could be then �ne-tuned or adapted for more specialized clinical diagnostics or evaluation 
of intervention e�cacy — tasks for which less training data are typically available compared to the overall infant 
population available for data collection.

Notably, infant movement patterns di�er substantially from the prototypical adult categories (e.g., walking or 
running), and there are no standard classi�cation systems for the recognition of infant movements in a compa-
rable manner. �e existing schemes for infants are aimed to visually recognize more complex entities via Gestalt 
perception, typically handled in the framework of “movement behavior” or “kinematics”13. �erefore, we �rst 
developed a novel classi�cation and annotation scheme that describes the expected typical postures and move-
ments of three to seven months old infants before they reach upright posture14. �e scheme was developed using 
an iterative approach within a multidisciplinary team of clinical and machine learning experts, as well as by com-
paring consensus and blinded annotations carried out on a set of pilot recordings. �e overall aim was to reach 
an annotation scheme where each category would have an unequivocal verbal description, minimal overlap with 
other categories, maximum pervasiveness, as well as minimal disagreement in ratings from multiple annotators. 
�e distal �ne motor movements were omitted from the annotation scheme because their identi�cation was not 
consistent at the desired temporal resolution. �e �nal annotation scheme consisted of two annotation tracks, one 
to represent posture, and the other to represent gross body movements. �is annotation design allows tracking of 
movements in the context of posture, as well as their further quanti�cation (such as amplitudes, synchronies or 
temporal correlations) in a context-dependent manner (see, e.g.9).

�e posture track consists of �ve discrete categories: prone, supine, side left (L), side 
right (R), and crawl posture. �e eight categories for the movement track are: macro still, 
turn left (L), turn right (R), pivot left (L), pivot right (R), crawl proto, 
crawl commando and crawl 4 limbs. �e exact verbal descriptions of these event types as presented 
to human annotators are shown in the Supplementary Information. However, because only one of the utilized 
recordings contained the movement category crawl 4 limbs, it was omitted from further analysis in this 
study, reducing the number of considered movement categories to seven. �e overall rationale of this particular 
annotation template was to identify posture/movement patterns that are elementary enough for serving as a basis 
for further (posture) context-sensitive, quantitative (movement) summaries; also, they should be reliable to detect 
with proximal movement sensors. �erefore, we deliberately chose not to aim at direct classi�cation of complex 
motility patterns/kinematics that are commonly observed in the established observational assessment scales2.

Figure 2. Design of the automatic classi�cation pipeline. (a) �e convolutional neural network (CNN) 
architecture used in the study as the main classi�er. �e role of the sensor module is to perform sensor-speci�c 
feature extraction, the sensor fusion module fuses sensor-level features into frame-level features, and the time 
series modeling module captures the temporal dependencies across frame-level features. (b) Block diagram 
for the iterative annotation re�nement (IAR) procedure used to improve CNN performance through classi�er-
assisted resolution of inter-annotator inconsistencies on the training data.




















