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Abstract— In holding behaviors, the posture of a neonate is
crucial for ensuring safety. In this study, assuming a system
for users to learn proper holding posture, we propose an
approach for measuring the posture of a neonate during holding
behaviors. Our method estimates the posture angles of a neonate
based on holding behaviors captured by a camera. By using
regression models to estimate a neonate’s posture angles based
on the posture of a person holding a neonate, estimation
can be made of the posture angles of the neonate without
directly attaching sensors to an actual neonate. The results
show for within-participant validation, both the inclination
angle– the angle at which the doll is rotated around its chest
from a horizontal position towards raising its head– and the
adduction angle– the angle at which the doll is rotated from a
horizontal position around its body axis towards the person’s
body side– could be estimated with high accuracy, but for
between-participant validation, only inclination angles could be
estimated.

I. INTRODUCTION

The crying of infants can negatively impact the mental
health of caregivers [10], which can lead to child abuse [22].
Caregivers often engage in holding behavior to soothe crying
infants. This kind of early, positive physical interaction is
considered important for both caregivers and infants. For
example, skin-to-skin contact between caregiver and infant
immediately after childbirth is believed to have long-term
effects on caregiver sensitivity and infant self-regulation [6].
Additionally, physical contact in holding behaviors also plays
an essential role in the development of the child’s self-
regulation abilities and the formation of attachment, or bond,
between caregivers and children [27].

One critical aspect of neonatal care is the posture main-
tained when holding neonates. Specifically, for newborns
unable to support their own heads, the neck angle plays
a pivotal role in facilitating unobstructed breathing, poten-
tially preventing life-threatening situations [7]. Therefore,
caregivers must master and employ master and employ
holding techniques that ensure optimal positioning for new-
borns. However, training opportunities for acquiring such
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Fig. 1. Method for estimating the posture angles of a neonate based on
holding behaviors captured by a camera

techniques are predominantly available only in professional
settings, such as hospitals. This gap highlights the need
for a system that can monitor and analyze the posture of
newborns during holding and provide real-time feedback to
caregivers. By having an accessible, user-friendly platform
that offers guidance on correct holding postures, caregivers
could improve their skills outside of professional environ-
ments, ensuring better neonatal care at home.

To develop such a system, a neonate’s posture must be
measured while a caregiver is holding the neonate with
feedback provided for appropriate posture adjustments. For
measuring posture, two approaches are considered. The first
involves attaching wearable sensors directly to the neonate.
Although this method simplifies measurement due to direct
sensor attachment, caregiver reluctance to use wearable sen-
sors on neonates is a significant drawback. An alternative
is camera-based measurement, which eliminates the need
for direct attachment and has been extensively explored in
existing research. For this measurement, many frameworks
are already available. These models are primarily built using
data on adult posture and thus there may be limitations in
the accuracy of recognition when measuring the posture of
neonates, which differs significantly from adults in terms of
characteristics.

In this paper, we propose a method to estimate the posture
angles of a neonate based on holding behaviors captured
by a camera, assuming that the future implementation of
a training system uses this method when a user is holding
an actual neonate (Fig. 1). We evaluated the cradle hold,
which is the basic holding posture of a neonate. We focused
on the posture angles that change depending on holding
behaviors and are related to the safety of neonates. First,
we filmed the act of holding a doll simulating a neonate

2025 IEEE/SICE International Symposium on System Integration (SII)
January 21-24, 2025, Munich, Germany

979-8-3315-3161-4/25/$31.00 ©2025 IEEE 434



and simultaneously measured the doll’s posture angles using
Xsens DOT sensor attached to the doll. MediaPipe [3], a
machine learning framework developed by Google, was used
to estimate the posture of a person holding a neonate, and
regression models were constructed to estimate the posture
angle of a neonate based on the landmark coordinates.
Through user experiments, we evaluated the accuracy of
the models’ estimation of posture angles and found for
within-participant validation both the inclination angle and
adduction angle could be estimated with high accuracy, but
for between-participant validation only the inclination angles
could be estimated.

II. RELATED WORK
A. Childcare Support System

There has been an increase in research focusing on
neonates and infants [21], [18], [24]. Among these studies,
childcare support systems have been confirmed to reduce the
psychological burden on caregivers [4]. For example, Estrel-
lita is a tool designed to record and support the health status
of premature children [13]. In addition, studies focusing on
infant crying have proposed a model to detect infant crying in
the real world [28] and a system to classify types of neonate
crying and predict the reasons for crying [25].

Research has been conducted on systems to monitor the
health status and manage the safety of babies using sensors.
The main measurement approaches can be divided into two:
attaching wearable sensors to babies and embedding sensors
in the surrounding environment. First, as approaches to
attach wearable sensors to infants, systems involve wearable
devices like belts to obtain and monitor infants’ biosig-
nal data and provide feedback to caregivers [9], [2], [29].
Additionally, models have been proposed to detect holding
behaviors from sensor values [27], and to classify children’s
daily activities using an accelerometer and a barometric
pressure sensor attached to the waist [19].

On the other hand, research has also been conducted on
measuring by attaching sensors to the environment where
babies live or to the equipment used by babies [30], [12],
[20], [1], [11]. Baby Lucent [12] tracks health and nutrition
status using a sensor-equipped pacifier and a feeding bottle.
Angelcare [1] has developed products to monitor the move-
ment of babies with a camera and sensor pad. Doryan et
al. [11] proposed a model to infer contact between parent
and child from camera images.

In this study, we propose a camera-based approach to
measure the posture angles of a neonate while the neonate
is being carried, thereby managing the safety of the neonate.
The wearable-sensor-based methods require the attachment
of sensors to the child’s body or devices equipped with
sensors to monitor the child’s condition. Considering the cost
and availability, the wearable-sensor-based method might not
be suitable for easy use at home, and some caregivers are re-
luctant to attach sensors directly to their children. In contrast,
the proposed method can be applied using readily available
cameras such as smartphones, and enables measurement
without the need to attach a sensor. Additionally, although

Doryan et al. [11] proposed a camera-based method for
measuring caregiver-child interactions, they focused on the
classification of contact and non-contact states. On the other
hand, this study focuses specifically on holding behaviors
during parent-child interactions. Thus, this research differs in
its focus on estimating the posture angles of children during
holding behaviors.

B. Camera-Based Posture Estimation

Studies on human posture estimation from camera images
have been proposed as methods for evaluating human move-
ments. These estimates can be used to grasp and classify
postures and to suggest appropriate skill training. Wang et
al.’s study [26] uses a CNN model for feature extraction
and performs posture estimation based on spatial and tem-
poral keypoint relations. Bhamidipati et al.’s study [5] uses
MediaPipe for posture estimation and analyzes the posture
by calculating angles between landmarks with OpenCV.
Furthermore, AI Golf [17] detects minor differences between
professional and user movements, generates intermediate
steps, and helps users learn the ideal form gradually. How-
ever, these posture estimation models are constructed using
data from adult postures, and therefore have limitations when
it comes to applying them to neonates, who have different
appearances and postures.

Some research has been conducted to estimate infant pos-
tures from videos. Stahl et al. extracted motion information
from optical flow [23]. When using optical flow, high frame
rates are required to capture frame-by-frame differences, and
careful parameter selection is necessary for accurate tracking.
As a method that does not use optical flow, Hesse et al.
proposed a model that captures infant motion and shape from
RGB-D data [14]. However, the need for an RGB-D camera
makes it difficult for each home to obtain one. Chambers et
al. extended pose-estimation algorithm, OpenPose, to handle
infant postures [8]. Nevertheless, this model estimates the
posture of an infant lying on its back, and requires camera
placement that captures the entire body within the frame.
Therefore, it is challenging to estimate the posture of an
infant being held.

Moreover, research has been conducted to estimate the
values of wearable sensors from camera video. In studies of
estimation with MediaPipe, Leddy et al. [16] assured the con-
current validity of MediaPipe posture estimation and IMU
system, and reported a strong correlation. IMUTube [15] is
a pipeline that estimates IMU sensor values based on video
for the purpose of Human Activity Recognition.

Based on these studies, our research conducts posture
estimation of a person performing holding behaviors with
MediaPipe. At the same time, by measuring the posture
angles of the target with Xsens Dot sensor, regression models
are created to estimate the posture angles of the target to be
soothed from the posture of the person.

III. MATERIAL AND METHOD

In this paper, we propose a method using a camera to
estimate the posture angles of a soothed neonate based on
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Fig. 2. Definition of inclination angle and adduction angle

Fig. 3. Posture estimation with MediaPipePose

the posture of a caregiver holding the neonate. The following
sections describe (1) dataset acquisition and preprocessing,
and (2) feature extraction and regression models construction
based on the dataset.

A. Dataset Acquisition and Preprocessing

To estimate the posture angles of a neonate during the
holding behaviors from camera images, a dataset is needed
that corresponds to images of the holding postures and their
corresponding true values of the posture angles. A user
experiment was conducted to acquire the dataset. In this
paper, we focused on the inclination angle and adduction
angles as posture angles. As shown in Fig. 2, each angle
was defined as follows: the inclination angle was the angle at
which the doll was rotated around its chest from a horizontal
position towards raising its head, and the adduction angle
was the angle at which the doll was rotated from a horizontal
position around its body axis towards the person’s body side.
This experiment was approved for ethics application at the
author’s home institution.

The participants included three males and two females
(mean age = 22.6 years; SD = 0.5). Using a smartphone
camera, we captured videos from the front of the participants
holding the doll, ensuring sufficient distance to capture each
participant from head to waist. Simultaneously, we measured
the doll’s posture angles using Xsens Dot sensor attached to
the doll’s chest. The reason for capturing the upper body is
that we believe the movements of the caregiver’s arms, shoul-
ders, and waist significantly influence the posture angles of
the neonate. Participants were instructed to perform soothing

Fig. 4. Landmark location and number

motions twice with a cradle hold (with the doll’s head on the
left), each session lasting approximately 30 seconds. They
were asked to gradually increase or decrease the inclination
angle during the first session and the adduction angle during
the second session, with changes made every 10 seconds.
However, no instructions were given regarding the adduction
angle during the first session and the inclination angle during
the second session. Videos were recorded at 60 fps using the
standard camera application on a smartphone, and the Xsens
Dot sensor measured at 60 Hz. These data were synchronized
manually. We constructed separate regression models for the
inclination angle and the adduction angle estimations. The
inclination angle data measured by the Xsens Dot sensor in
the first session was used as the objective variable for the
model that estimates the inclination angle, and the adduction
angle data measured in the second session was used as the
objective variable for the model that estimates the adduction
angle.

The distribution of the number of data frames used for
training was aligned for each participant due to variations
in the distribution of truth values. Based on these data, 140
frames for the inclination angle and adduction angle were
randomly selected in the angle ranges of every 10 degrees
within the angle range of 0 to 40 degrees.

B. Feature Extraction and Regression Models Construction

In this study, regression models were constructed to es-
timate the posture angles of a neonate based on the videos
of neonate holding behaviors. First, for feature extraction
from the images, we extracted the postures of the participants
performing the holding behaviors, inferred as shown in
Fig. 3. For human posture estimation from the video, we used
MediaPipePose [3], a machine-learning framework devel-
oped by Google. By inputting the video into MediaPipePose,
the positional coordinates of landmarks on the entire human
body can be detected. After extracting the 25 absolute
landmark coordinates of the upper body, the coordinates
were converted to relative coordinates with the origin at
the midpoint of the participant’s shoulder coordinates to
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TABLE I
WITHIN-PARTICIPANT VALIDATION RESULTS FOR INCLINATION AND

ADDUCTION ANGLE ESTIMATION MODELS

P1 P2 P3 P4 P5 Mean
Inclination angle
estimation model

R2 0.957 0.969 0.969 0.944 0.965 0.961±0.009
MAE 0.97 0.76 0.71 0.96 0.79 0.839 ±0.106

Adduction angle
estimation model

R2 0.688 0.973 0.926 0.930 0.972 0.898±0.107
MAE 2.58 0.72 1.04 1.22 0.683 1.250 ±0.696

Fig. 5. Correspondence between the true values and the predicted values
in the inclination angle estimation model for (a) P1, (b) P2, (c) P3, (d) P4,
and (e) P5

account for changes in coordinate values caused by their
movements and camera shake (Fig. 4 Landmark 0-24). We
used the relative coordinates as the explanatory variables
and constructed the regression models to estimate the doll’s
posture angles, the inclination angle and the adduction angle.
We employed a random forest regressor to construct the
models. The random forest model was implemented using
Python version 3.11.3 on a Windows 11 operating system.
The model was trained with the following hyperparameters:
the number of trees (n estimators) = 64, the number of
features considered for splitting at each node (max features)
= one-third of the total number of features, and the random
seed (random state) = 0. All other hyperparameters were set
to their default values of sklearn.

C. Evaluation Method

To examine the influence of the individual differences
in the models, we conducted both within-participant and
between-participant validations. For the within-participant
validation, we developed models for each of the five par-
ticipants and performed 5-fold cross-validation. For the
between-person validation, we conducted cross-validation
where one person’s data was set aside as the test dataset
while the data from the remaining four participants were
used for training. The evaluation indicators used were Mean
Absolute Error (MAE) and coefficient of determination(R2).

IV. RESULT AND ANALYSIS

A. Result

FIve-fold cross-validation was conducted to evaluate the
regression models for each participant, and Table I shows the
results for R2, MAE and their respective standard deviations.

Fig. 6. Correspondence between the true values and the predicted values
in the adduction angle estimation model for (a) P1, (b) P2, (c) P3, (d) P4,
and (e) P5

Additionally, Fig. 5 and Fig. 6 show the correspondence
between the true values and the predicted values for each
model. However, considering that the coefficient of deter-
mination increased with more explanatory variables in a
multiple regression analysis, we used an adjusted coefficient
of determination.

For the inclination angle estimation models, the mean
coefficients of determination and MAE were 0.961 ± 0.009
and 0.839 ± 0.106. In contrast, for the adduction angle
estimation models, these values were 0.898 ± 0.107 and
1.250 ± 0.696, respectively. The coefficients of determination
were high for all models except for the adduction angle
estimation model of participant P1. The MAE was within 1
degree for the inclination angle estimation model and within
3 degrees for the adduction angle estimation model, both
of which represented minimal errors in capturing human
movements. The standard deviations of both R2 and MAE
were smaller for the inclination angle estimation model.

Table II and Fig. 7 show the results of R2, MAE, and their
respective standard deviations for each model in the between-
participant validation, as well as the correspondence between
the true values and predicted values.

For the inclination angle estimation model and the adduc-
tion angle estimation model, the coefficients of determination
values were 0.625 ± 0.003 and -0.206 ± 0.513, respectively.
This indicates that while the inclination angle estimation
model worked, the adduction angle estimation model did not.
Compared with the results from within-participant validation,
the MAE for both models were also larger. Additionally,
the standard deviation of each indicator was smaller for the
inclination angle estimation model, similar to the within-
participant validation.

B. Analysis

The within-participant validation demonstrates that the
estimation models achieved high accuracy, with coefficients
of determination of 0.9 or higher for all participants’ data,
except for the P1 adduction angle estimation model. The
mean and standard deviation of the evaluation indicators for
each participant’s estimation model show that the inclina-
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TABLE II
EVALUATION FOR EACH MODEL

Inclination angle Adduction angle
R2 0.625±0.003 -0.206±0.513

MAE 5.12±0.29 8.69±2.96

Fig. 7. Correspondence between true values and predicted values in the
estimation model for (a) inclination angle and (b) abduction angle

tion angle estimation was more accurate and exhibited less
variation in accuracy. This can be attributed to the ease of
capturing changes in the inclination angle from the videos.
As the inclination angle changes, the height of the left elbow
also changes significantly. Since the videos were captured
from the front of the participant, these changes could be
clearly observed in the video. In contrast, changes in the
adduction angle represent depth information and are difficult
to capture with a camera from the front. We believe that
this caused the low estimation accuracy of the adduction
angle. However, since the participant’s own data for both
training and testing were used to construct the models, we
were able to capture individual patterns of motion for each
participant. Thus, the results for both the inclination angle
and the adduction angle were highly accurate.

On the other hand, for the between-participant valida-
tion, we observed that while the inclination angle could be
estimated, the adduction angle could not. The significant
decrease in accuracy for adduction angle estimation can be
attributed to the challenge of capturing depth information
from the camera angle. We also consider that the estimation
models were not universally applicable to all participants due
to variations in how each participant performed the motion.

V. DISCUSSION, LIMITATIONS AND FUTURE
WORK

A. Experimental Design

To construct the regression models, we extracted 140
frames at intervals of 10 degrees within the range of 0 to 40
degrees for training and testing data. This was done to ensure
the data were evenly distributed among all participants.
However, we believe a wider range of angles is necessary for
assessing whether the posture is appropriate. Additionally,
even within each interval of 10 degrees, there may be biases
in the angles, which could affect the accuracy. Therefore,
the movement instructions must be clarified regarding an-
gles during data collection and to ensure that participants’
movements are as consistent as possible.

In addition, in the experiment conducted to obtain sensor
data, the holding method was specified as a cradle hold.
However, there are various ways to hold babies, including
carrying them under the arms and upright, etc. In future
studies, we plan to collect sensor data from different holding
positions.

For the between-participant validation, the accuracy was
low, particularly in the estimation of the adduction angle,
which was difficult to capture with a front-facing camera.
This suggests that information from the front alone was
insufficient. Changes in the adduction angle are associated
with the bending of the arms towards the body, indicating
the need for additional information from side-view cameras.
Using multiple cameras is also expected to help mitigate the
occlusion problem, where objects are obstructed by other ob-
jects. While increasing the number of cameras may improve
accuracy, the increase in the number of explanatory variables
could lead to over-fitting, heavy computational costs, and a
more complicated interpretation of the models. Therefore,
careful consideration should be given to the appropriate
number of cameras and camera angles.

B. For Practical Application

In this experiment, recruiting actual neonates, was difficult
so we used a doll instead to simulate a neonate. For this
reason, we did not validate whether the method is applicable
when a user holds an actual neonate. There is a possibility of
significant errors in posture estimation of the person who is
holding a neonate due to the large number of movements of
the neonate. In the future, we will collect sensor data when
holding an actual neonate.

In this paper, we propose a method for evaluating holding
behaviors and assume the creation of a system that enables
users who have just started child-rearing to train their holding
behaviors at home using this method. However, achieving
highly accurate estimation with the current regression mod-
els requires users to collect their own data first, which
is time-consuming. Thus, estimation accuracy for between-
participant validation must be enhanced and made applicable
to untrained users, thus reducing the user burden. In the
future, we will improve the machine learning model to
improve accuracy.

Regarding feedback methods in the system, real-time
feedback on the screen and through audio based on the user’s
movements can be considered, as in the case of Pababy [18]
and Tsuji et al. ‘s research [24]. Evaluating the user and
suggesting improvements using images and videos would
also be beneficial, as in the studies AI Coach [26] and AI
Golf [17]. As future work, we aim to develop an application
utilizing this system and investigate its effectiveness.

VI. CONCLUSION

This paper proposes a method for measuring the body
posture of a neonate based on a user’s holding behaviors.
The method estimates the posture angles of a neonate from
the holding behaviors captured by a camera. Based on this
method, we are going to create a system that provides
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feedback to ensure that a neonate being held conforms to
appropriate body postures, which enables caregivers to train
their holding postures at home. Future plans include improv-
ing the accuracy of the estimation for between-participant
validation.
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