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Abstract: Background: The analysis of posture in the early stages of motor development
has always been a subject of research and study. With the evolution of new technologies, the
need arises to implement evaluation tools that allow an objective and effective assessment
of postural control, which is intrinsically linked to motor development. Objectives: The ob-
jective was to analyze posture in babies from 0 to 6 months in ventral and dorsal decubitus
using artificial intelligence to determine objective parameters of postural assessment. Meth-
ods: The study is an observational and cross-sectional study. The babies will be studied
following a systematic kinesiological assessment, and the images of the babies will be taken,
both in ventral and dorsal decubitus, on a glass platform, to analyze their posture by means
of deep learning techniques. Results: Many authors have investigated posture in newborns.
However, there is no method for assessing motor and postural development to determine
the support area of typically developing babies. Artificial intelligence is postulated as an
effective tool to objectively analyze the posture of babies and detect possible delays. Using
deep learning techniques as a predictive tool, the support areas of each baby will be defined
according to their age. Conclusions: Early detection of motor or postural developmental
delays in babies to optimize effective treatment is of great importance. Artificial intelligence
can help manage the complexity and growing volume of data in healthcare by knowing the
correct postural control at each stage of a baby’s early months, while reducing the workload
of healthcare professionals by facilitating decision-making.

Keywords: artificial intelligence; deep learning; motor development; neural networks;
postural analysis

1. Introduction

The human genus cannot be conceived without posture and motricity. That is why
the significance of postural control in humans is extremely relevant, since it is the result of
innumerable phylogenetic adaptations [1].

Postural control is closely linked to motor development in humans because it is a
fundamental part of postural control and movement coordination. Postural analysis in
early developmental stages describes the evaluation and study of the baby’s body posture
to identify and analyze possible deviations, irregularities, compensations, or alterations in
the alignment of the different structures of the body, such as the head, spine, and limbs. The
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development of gross motor skills (such as sitting, standing, crawling, or walking) depends
fundamentally on postural control. The basic structural commands for postural control are
present shortly after full-term age, but it takes many years to reach adult postural control
configuration [2].

After an uncomplicated delivery, the term newborn has an innate program for inter-
acting with the environment. The baby has a certain automatic postural control, which
is not only an indispensable condition for any movement, but both processes are closely
overlapped during the whole motor action [3]. This postural analysis, in the early stages
of motor development, has always been the subject of research and study over the years.
In the first two trimesters of life, the postural control of babies in dorsal and ventral de-
cubitus is in continuous progress towards stability, which is why it is fundamental in the
development of the motor milestones that the baby will reach throughout his or her life.

The kinesiological assessment of posture can be based on the analysis of postural
ontogenesis, which comprises the innate motor and postural patterns that develop in the
first year of life of the baby [4]. The study of ontogenesis differentiates between patterns
that develop from the ventral decubitus and those described from the dorsal decubitus.
The ventral decubitus is analyzed to evaluate motor patterns involved in the functions of
straightening and support against gravity, and the dorsal decubitus is studied to evaluate
motor patterns related to the function of grasping [5].

At present, among the posture analysis tools are deep learning (DL) techniques, a
subset of machine learning (ML), which is one of the most active branches in the field of
artificial intelligence (AI). More specifically, these DL techniques are based on Artificial
Neural Networks (ANNs) with multiple layers (hence the term “deep”) to generate models
from previous input data, without the need to specifically program those models, which
will be used to make decisions on new input data. There are several architectures and types
of Deep Neural Networks (DNNs), each designed for different tasks, such as Convolutional
Neural Networks (CNNs) that are specialized for processing data with a grid-like structure,
like images or video. CNNs can detect hierarchical features and patterns within images
and videos, so they have direct application in specific tasks such as object detection, image
classification, facial recognition, and semantic segmentation, among others. Within the field
of image processing, this concept of semantic segmentation refers to the ability to define
different areas in images (segmenting) so that they have a meaning or semantics. Unlike
image classification, which assigns a single label to the entire image, semantic segmentation
identifies which area of the image belongs to which class. In an image of an urban scene, a
CNN for semantic segmentation would divide the pixels in the image into several classes,
such as car, road, pedestrian, etc. The output of the segmentation network would be a
segmented image where each pixel belongs to one of these classes, effectively creating a
mask for each class in the image [6].

DL, and more specifically CNNs, therefore play a vital role in the field of computer
vision and, within it, in image analysis with applications in multiple areas, such as medical
image analysis. The purpose of DL is to replicate capabilities such as semantic segmentation,
as well as image classification. To build a model that replicates these capabilities, one must
initially have a dataset consisting of multiple pairs of original and labelled images, covering
the complete range of cases that the CNN must learn. A neural network can be thought
of as a distributed computational system that implements various mathematical models,
which must be discovered and defined without human intervention, yet it is able to perform
the same tasks as a human or specialist. The parameters of these models, called adaptive
because they “adapt” to specific problems, are tuned in what is defined as a learning stage
using a Training Set. The Training Set is a subset, typically 80%, of the dataset, containing
multiple pairs, where each pair consists of the original image and the corresponding human-
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labelled image. Using these data, the process known as learning or training takes place,
during which the network learns to perform a specific task, such as image classification or
segmentation. During this process, the network adjusts its internal parameters (weights and
biases) to minimize the error between the network’s outputs and the expected true values
(or labels). The Training Set is image and interpreted image pairs. Usually, it is necessary
for an expert to use this Training Set to define and establish the facts and their interpretation
manually. With this information, what is called the learning or training process is carried
out. Likewise, a validation process must be defined to ensure the network’s performance
on images not used (Validation Set) during the learning phase, i.e., to confirm that the
neural network can generalize [7].

As expected, the dataset must meet certain key characteristics to ensure that the
model can learn effectively and generalize well to new data or images. These characteristics
include a variety of representative and balanced problem cases, different lighting conditions,
noise, and object variations to help the network generalize better, as well as high-quality
labels and annotations with minimal errors. There are several already-built datasets that
are widely used to train CNNs in various image analysis tasks. Some of the most popular
include ImageNet, CIFAR-10, CIFAR-100, and MNIST for image classification tasks, and
COCO, ADE20K, and CamVid for semantic segmentation. These datasets are a great
starting point for creating and evaluating CNNs, whether training a model from scratch.
However, when fine-tuning a pre-trained neural network for a particular application, it
is highly beneficial to build a specific dataset with images that are representative of the
domain in which the network will primarily operate. In this way, the trained model
will be more accurate and provide better performance on the task at hand, improving its
generalization capacity.

Considering the enormous potential offered by the DL technologies available within
the field of computer vision in medicine, we intend to develop an evaluation system to
assist the specialist in the analysis of babies” posture. The system will enable an objective
and efficient assessment of posture to evaluate the motor development of newborns, as
well as to identify possible problems that may require early intervention. The evaluation
system will rely on real-time image processing, extracted from motion videos of babies.
Using a deep learning approach based on semantic segmentation, the areas of support in
babies” dorsal and ventral decubitus positions will be detected. Once the areas of support
(key features) are identified, automatic reasoning techniques will be employed to generate
objective parameters that help systematically detect postural disorders.

Central coordination is of vital importance to palliate or considerably reduce the
progress or appearance of a delay in motor development, hence the enormous importance
of research in early detection, in the first months of life of the infant. Therefore, hav-
ing objective parameters to determine neurodevelopmental delays would provide health
professionals with a tool of great predictive value.

This paper presents a protocol study on a novel and objective approach to real-time
analysis of babies’ posture. The document will, therefore, focus on describing the organiza-
tion, procedure, and materials needed to develop and evaluate the final system.

2. Hypothesis and Objectives
2.1. Hypothesis

A machine learning algorithm could determine the areas of support in babies with
their typical motor development, thanks to prior training.
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2.2. Objectives
2.2.1. Main Objective

e  Employing artificial intelligence to determine objective parameters of postural assess-
ment in babies aged 0 to 6 months.

2.2.2. Secondary Objectives

e  To know the support used by healthy, typically developing babies;

e To analyze the base of support in ventral and dorsal decubitus in healthy babies aged
0 to 6 months;

e  To determine whether the objective parameters of dorsal and ventral decubitus posture
in the first and second trimesters of the baby correspond to the chronological age of
each baby previously evaluated;

e  To describe an early detection tool that helps to recognize areas of support considered
within normality and to differentiate them from different disorders.

3. Materials and Methods
3.1. Design and Setting

This will be an observational and cross-sectional study whose measurements will be
performed uniquely. The babies will be evaluated in a private physiotherapy center. The
study has been approved by the Ethics Committee of the University of Salamanca under
registration number 840.

The objectives and procedure of the study will be disseminated through health centers,
hospitals, and social networks, among others; an informative poster will be produced with
contact information to recruit families wishing to participate in the study.

Before the assessment, the parents will be informed about the procedure, the tests to
be performed, and the absence of risks. They will then sign an informed consent form as
the child’s legal guardians and be assigned an identification number. The only personal
data collected that could identify the baby and its parents is provided in the informed
consent form. These data will be stored in a secure file by the IP.

3.2. Study Population

The sample will be composed of babies aged 0 to 6 months. Non-probabilistic conve-
nience sampling will be used. Patients were not involved in the design, conduct, reporting,
or dissemination plans of this research. Participants will be selected based on the following
criteria:

3.2.1. Inclusion

e  Healthy babies from 0 to 6 months of age;
e  Babies whose parents sign the consent to participate in the study and authorize the
taking of images and video.

3.2.2. Exclusion

e  Babies older than 6 months of age;

e Babies younger than 37 weeks;

e  Babies younger than 6 months of age with described pathology or diagnosed motor
retardation.

3.3. Variables and Measurement Instruments

The main study variable will be posture, which will be evaluated in dorsal and ventral
decubitus using the following instruments.
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3.3.1. Medical History

Sociodemographic data of the mother, pregnancy, and delivery will be collected in a
Clinical History Sheet. The infant’s sociodemographic data, current situation, and sleeping
and eating habits will also be noted.

3.3.2. Postural Support Prototype

A postural support prototype will be designed to assess the baby’s posture in dorsal
and ventral decubitus. It will be a device similar to a podoscope, since the ultimate goal is
to analyze the support area of children. The prototype consists of a metal structure with a
glass top surface on which the babies are placed for image/video acquisition of the support
areas in the dorsal and ventral decubitus position. A camera for video recording will be
installed on the lower part of the metal structure. The stand must meet a series of design
requirements, including safety and comfort for the babies, an adequate ergonomic posture
for the professionals to perform the assessment, and a defined contour made of a material
that avoids reflections. This postural support prototype would serve as a proof of concept
to refine the methods, validate the system’s effectiveness, and provide a foundation for
future improvements.

3.3.3. Software Environment

Two software tools will be used to build the dataset and carry out the training and
evaluation of the CNN: Artstudio Pro and MATLAB.

Artstudio Pro is a software application designed for creating and editing images
and digital artwork. It features an intuitive and optimized user interface within the iPad
environment with the Apple Pencil, making it an ideal tool for both beginners and more
advanced users who wish to work with graphic design tools that support layers. In this
work, Artstudio Pro (version 5.2.8) will be used to create a domain-specific dataset for
training and evaluating the neural network.

The MATLAB (version 23.2) numerical computation platform incorporates the deep
learning Toolbox to develop all learning tasks in the DL workflow, such as the following:

- Preprocess the input images to prepare them for training by resizing them to a uni-
form size, augmenting the dataset, and splitting the images into Training and Valida-
tion Sets.

- Use pre-trained CNNs (in what is usually called transfer learning) or build a
new CNN.

- Train the network with configurable options and training loops, to adapt the model
parameters to the specific problem.

- Validate the behavior of the network during training.

- Subsequently, evaluate (test) the trained model with images other than those used
in training.

Once the network has been trained and validated, MATLAB also offers the possibility
of network deployment, in the sense that it allows exporting the network for a specific
application and for a processing device (GPU, CPU, etc.). In this way;, it can be integrated
with other components to build the DL-based system for, for example, real-time image
segmentation.

3.4. Procedure of Protocol Study

One rehabilitation physician, four physiotherapists, and two computer scientists will
participate in the study.
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The protocol study procedure for a neural network-based project consists of several
stages: completion of the medical history, kinesiological evaluation of the baby, construction
of the domain-specific dataset, and the selection, training, validation, and performance
evaluation of the neural network for semantic segmentation—typical workflow tasks DL.

3.4.1. Kinesiological Evaluation

Once the medical history sheet has been completed, the rehabilitation physician will
perform the kinesiological assessment of the babies. The baby will be naked, will be placed
on a stretcher, and while the assessment of the baby is being performed, the data concerning
the assessment sheet prepared to facilitate the collection of data by the physiotherapists
will be collected.

The kinesiological assessment of motor development will be based on the neurokine-
siological diagnosis according to Professor Véclav Vojta [5], in which postural and motor
development are assessed as part of a global pattern within postural ontogenesis, and based
on the level of straightening reached in each motor milestone. In this systematic approach,
the spontaneous motor skills of the baby in the ventral decubitus and dorsal decubitus will
be assessed first. Subsequently, each of the seven postural reactions will be assessed, which
allow the level of straightening to be quantified (reaction to traction, Landau’s reaction,
reaction to axillary suspension, reaction to Vojta’s loss of lateral balance, reaction to Collis’
horizontal lateral suspension, reaction to Peipert and Isbert’s vertical suspension, and
reaction to Collis” vertical suspension) and therefore, determine the quality of the baby’s
global pattern to relate it to the “ideal pattern”, as maximum attainable postural quality.
The difference between both determinants is what results in the “alteration of central
coordination”. In addition, the dynamics of the primitive reflexes [5] will be evaluated,
relating them to the chronological age of the baby, taking into account the persistence times
of each primitive reflex (tonic, osteotendinous, and superficial reflexes).

3.4.2. Image Acquisition Using the Postural Support Prototype

For training the neural network, it is necessary to build an image dataset specifically
designed for the analysis of baby posture. To achieve this, a video of the babies in ventral
and dorsal decubitus will be taken using the postural support prototype. The lighting of
the scene will be taken into account so that there are no shadows, glare, or reflections. The
camera that will record the images will be a GoPro, which combines qualities such as high
definition, wide angle, and remote control with a mobile device or a computer. One of the
physiotherapist researchers will place the baby in ventral and dorsal decubitus. During the
time the baby remains on the platform, it will not be offered any type of stimulus to direct
its attention, but the baby will be left to move freely so that it can spontaneously regulate
its posture on the platform.

3.4.3. Construction of the Domain-Specific Dataset

The objective is to obtain a complete dataset that allows the development of the CNN
learning tasks. Once the video has been captured, the frames (frame or specific image
within a succession of moving images) will be automatically extracted. These images, along
with the corresponding images manually labeled by the physiotherapists with the relevant
characteristics, will form the dataset. The manually segmented image (Ground Truth) must
be obtained for each frame. For this purpose, the following key features have been defined:

1.  Area outside the platform without significant events;

2. Metallic surface of the platform;

3. Internal area of the platform corresponding to the glass;

4.  The evaluators and the baby’s parents, if they appear in the image;
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5. The baby’s body;
6.  The areas of support where the baby makes contact with the glass surface.

The physiotherapist researchers will proceed to colorize or annotate these key features
with the Artstudio Pro application in each of the frames. Their expertise in defining the
ground-truth dataset is invaluable, making the use of a simple graphical editing tool a
key element, especially considering the daunting task of creating a valid dataset. In this
way, the real image will be transformed to obtain the corresponding interpreted image
(GroundTruth) by a skilled annotator. With the Artstudio Pro, for each of the frames, seven
layers will be created using the following color code:

1. Layer 1 will contain the original image as the basis for coloring the other six layers;

2. Layer 2 will contain the entire surface of the image in gray, which will define
the ceiling;

3. Inlayer 3, the outer contour of the glass platform will be delimited and filled in blue
color, which will be the metal structure;

4. Inlayer 4, the inner contour of the glass platform will be delimited and filled in red
color, defining the glass surface not occupied by people;

5. Inlayer 5, the entire surface of the evaluators and the baby’s parents, if they appear in
the image, will be marked in orange;

6. Inlayer 6, the surface of the baby’s body will be marked in yellow color, defining the
body of the unsupported baby on the glass surface;

7. Inlayer 7, the surface of the baby’s support on the glass platform shall be marked
in green.

Once all the layers have been superimposed in the indicated order, the resulting image
(Figure 1) will contain only significant features; other objects, such as the roof, will be
removed, and problems in image processing will be avoided.

Figure 1. Transformation from real image to dataset image (Ground Truth).

3.4.4. Deep Learning Workflow Tasks

Typical neural network training workflow tasks are usually performed using a DL
framework, with TensorFlow (by Google) and PyTorch (version 2.7.0.) (by Facebook) being
the most popular. In this study, we have chosen to work with the MATLAB development
environment (by MathWorks) along with the ‘deep learning’ toolbox, as it integrates
programming, visualization, and data analysis in an interactive environment with rapid
prototyping capabilities and support for specialized hardware, such as GPUs (Graphics
Processing Units). with MathWorks Matlab platform.

With this integrated environment, a CNN will be trained and validated for the semantic
segmentation of a new image by assigning a label to each pixel from the predefined set
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of 6 classes. A CNN has an image as input and generates pixel-level labels through
multiple layers of convolution and deconvolution. Over the last few years, various CNN
models have been introduced, including VGG, AlexNet, GoogLeNet, and ResNet. Since
its introduction in 2015, ResNet50 has revolutionized the field of CNNs by enabling the
training of very deep networks without the problem of vanishing gradients [8]. ResNet50
is a 50-layer deep model that addresses this problem through the use of residual blocks,
layered blocks that include direct connections between the input and output, which enhance
the performance of the CNN compared to other models.

MATLAB includes the pre-trained ResNet50 model, which has been trained on the
ImageNet dataset. Training this model with our domain-specific dataset will involve a
series of steps, including the following;:

- Create two folders: one containing the images extracted from the videos and the
other containing the Ground Truth images, which have been tagged by the skilled
physiotherapist.

- Define 6 semantic classes, which describe the significant features of the scene: ‘Ceiling’,
‘Metallic-Frame’, ‘Glass’, ‘People’, “Unsupported’, ‘Supported’. Each class is assigned
an RGB color, respectively: grey, blue, red, orange, yellow, and green.

- Prepare the training and validation datasets. Typically, the training dataset will consist
of 80% of the images, while the validation dataset will contain the remaining 20%.

- Load the ResNet50 pre-trained model.

- Configure training options, including the optimizer, momentum value, learning rate,
number of epochs, batch size, and other relevant parameters.

- Train the network using the configured options and training data. During training,
the pre-trained ResNet50 weights are fine-tuned using backpropagation and the
selected optimizer.

- Save the trained model for use in the deployment phase.

As a final result of the training process, C++ code will be generated to run the neural
network on a GPU. This will provide the CNN for deployment in the end-user software
application.

3.4.5. Statistical Analysis and Performance Evaluation

Previously, the sociodemographic variables of the babies and their mothers were
analyzed. The results will be expressed as mean + standard deviation for quantitative
variables and as number and percentage for qualitative variables. Once the descriptive
analysis of the variables has been carried out, a correlation analysis will be performed
between the variables, as well as a regression analysis to determine if there is any predictive
data of the child’s motor development. Linear regression will be performed to determine the
predictive value of the variables collected in the functional assessment on the percentage of
support surface in infants. Coefficients, confidence intervals, and p-values will be calculated
for each variable with respect to the support surface. Multivariate regression will also be
performed to assess the potential relationship between variables when making predictions
about the support surface. The statistical package SPSS v28 software (IBM Corporation,
Armonk, NY, USA) will be used.

To describe the progress of the training of the different neural network proposals, the
accuracy and loss graphs of the network, which are integrated in the MATLAB environment,
will be used. Once the training or learning is finished, the similarity between the segmenta-
tion of the Ground Truth images and the predicted segmentation resulting from the trained
model will be evaluated. On the areas of the baby rests on the platform glass, the most
widespread evaluation metrics in the field of computer vision and in MIS (Medical Image
Segmentation) will be used, such as Dice coefficient and Jaccard index (IloU—Intersection
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Baby videos

over Union), as well as others more widespread in the medical predictive work such as
precision, recall (sensitivity), accuracy (rand index), and the confusion matrix.

3.4.6. Objective Parameters in Postural Disorders

Finally, automatic reasoning techniques based on the segmented supports should be
developed to describe patterns that show a distance from normality in the kinesiological
study, which, given the early stage of the baby’s development, make an adequate treatment
feasible. The parameters that might indicate a postural disorder in the baby include
the following:

- Area of contact between the baby’s body and the glass surface, e.g., which part of the
back or belly is resting on the surface;

- Symmetry, such as checking whether the body parts are positioned symmetrically
relative to each other;

- Angles formed between the baby’s body parts, such as the extremities, head, and trunk.

3.5. Posture Evaluation System Based on Deep Learning Techniques

Figure 2 illustrates the proposed system, which is based on deep learning techniques,
to assist specialists in assessing a baby’s posture in their daily work. The core of the system
will be the CNN, which will result from training and validation with the constructed dataset.

Postural and kinesiological
evaluation and analysis

r N

Convolutional

Analy5|s and

t

Light
source
Image

capture

Real image based on Deep Learnin Interpreted image

Image measurement mterpretatlon

Decision making
and actuation

Neural Network

Semantic
segmentation

Objective metrics on
postural patterns

Computer Vision System

Figure 2. Proposed ML-based machine vision system.

The initial part corresponds to the acquisition of images using a video camera, which
is responsible for capturing the frames when the physiotherapist places the new baby on
the platform in ventral and dorsal decubitus.

In the center of the figure is the CNN, deployed with MATLAB, for integration into
the end-user software application. This CNN will perform the segmentation of these new
images, identifying the significant features for which it has been trained, mainly the support
of the baby on the glass of the platform.

On the monitor, the physiotherapist will be able to visualize these supports high-
lighted in green, which will help to identify possible deviations and irregularities in the
baby’s structures.

When objective metrics are defined in postural patterns, other Al solutions can be
incorporated into the system to classify the images of healthy infants. These objective
measures may include the number of supports, the area of the support, and its relationship
to the weight and height of the baby, its location relative to the body, and the relationship
between the locations of the supports.

4. Ethics and Dissemination

The need to systematize in an objective and automatic way the analysis of posture in
babies, using Al as a tool due to the fast processing it allows and the systematics it employs
in the field of newborn assessments, would speed up developmental assessments in babies,
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as well as the prevention and detection of delays in motor and postural development. The
potential expansion of Al is related to the rapid processing and storage of data, because it
enables a wide range of applications in healthcare.

In recent decades, healthcare has been marked by several major events: increasing
complexity, growing volumes of data, and burnout of healthcare professionals. Multiple
applications of Al could help in solving these problems by generating new knowledge,
increasing computational capacity, and reducing the workload of healthcare profession-
als [9].

Machine learning, as a core DL capability, in pediatrics and neonatology has already
been applied and investigated to improve patient care and prognosis, for example, in a
study by Matsushita et al. [10] that used machine learning in the identification of different
phenotypes in 215 extremely low birth weight babies, given that patient heterogeneity is a
cause of failure in clinical trials, machine learning algorithms can find patterns within a
heterogeneous group, meaning that not all premature babies should be treated in the same
way. Another example is Achenie LEK et al. [11] who used deep learning techniques for
the detection of autism in young children, or Le et al. [12] using a machine learning-based
algorithm to predict severe pediatric sepsis.

Malerbi et al. [13] commented on the article by Matsushita et al. [9] in which they
agreed on the enormous potential of artificial intelligence/deep learning (AI/DL) sys-
tems to improve healthcare; however, Malerbi et al. consider that legal regulation of
Al/DL, involving system design, validation, implementation and post-market monitoring,
is important, while taking measures to avoid biased datasets, thus more research on their
safety and efficacy is needed. For risk stratification, regulatory policies could be inspired,
for example, by existing data protection legislation. Regulation must balance security
guarantees and support for innovations, and must involve all stakeholders to adequately
ensure the security, effectiveness, and fairness of the implemented systems. This is a real
challenge, which is why there is a proposal for the creation of a new medical specialty of
clinical AI that would help clarify all these dilemmas. Collaboration between researchers,
developers, ethicists, clinicians, patients, and regulatory agencies is essential for the rapid
adoption and successful implementation of AI/DL in healthcare, with enormous potential
to optimize care, increase access, decrease cost, and promote equity. Scientific and medical
societies should actively participate in the formulation of best practices and the prospective
validation of Al systems.

Literature shows that the position of babies has been studied, especially in relation to
several aspects. On the one hand, the position that babies acquire when sleeping and motor
development [14,15], mainly comparing motor development in babies who sleep in ventral
versus dorsal position [15], concluding that babies who sleep in dorsal decubitus may
present early motor delays when that time is associated with less time in ventral decubitus
when awake, thus concluding that the level of baby motor development is influenced
by extrinsic factors such as the baby’s positioning. It is of vital importance to highlight
that it has been estimated that the recommendation of sleeping in dorsal decubitus has
saved 850 babies annually in Australia and other countries [16]. On the other hand, the
relationship between the position of babies while sleeping and their relationship with
sudden infant death syndrome (SIDS) [16,17] is being studied. Recently, the literature
search conducted by Jullien in 2021 [18] summarized the main findings of systematic
reviews related to the prevention of sudden infant death syndrome (SIDS) with the certainty
reported evidence in which a decrease in the incidence of SIDS has been observed following
the recommendation of “sleeping on the back”, associated with recommendations to
sleep in a safe environment that includes a dorsal decubitus position, a firm surface,
no soft objects or loose bedding, no head covering, no overheating, and room sharing.
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Breastfeeding on demand and pacifier use during sleep also protect against SIDS. In
addition, research has been performed on the relationship between infant positioning and
work of breathing [19-21], as well as cardiorespiratory regulation and prone and supine
position during newborn sleep [22].

There are also publications on the recommendations of spending time in ventral
decubitus when the baby is awake and its relationship with cranial deformities such as
positional plagiocephaly [23,24], on the motor determinants in the motor development
of the first months of life [25], and the relationship of abnormal primitive reflexes with
the acquisition of motor milestones [26]. More specifically, the analysis of baby posture
and the development of motor patterns has been studied by means of clinical assessment
scales; specifically, there is a greater volume of publications that study posture in premature
infants [27]. However, there are no publications that study posture in babies without
pathology, which is relevant because it could lead to the achievement of normal motor
parameters that would facilitate the detection of possible alterations during the first months
of life. The study by Gajewska et al. [25] examines how motor elements observed at
3 months of age may influence motor performance at 6 months. It focuses on the relationship
between early motor skills and the subsequent development of motor skills at a later age, for
example, in dorsal decubitus, the most prominent motor pattern is the turning from dorsal
to ventral decubitus position around the sixth month of life, which positively influences
the development of physiological and appropriate spinal curvatures. Other conclusions
of this study were that, in ventral decubitus, the position of the scapula and pelvis in the
third month of life had the greatest impact on achieving adequate support of the upper
extremities in the sixth month of life. On the other hand, the position of the pelvis and lower
extremities in the third month of life in dorsal decubitus influenced all the characteristics
observed in ventral decubitus at the age of 6 months.

Therefore, research on baby posture is essential to assess the motor development of
babies, as well as to identify potential problems that may require early intervention.

5. Limitations
This study has several limitations, which are detailed below:

e  This study considers postural control in a short period of time after placing the baby on
the platform. Future studies, with a more robust postural analysis tool, could analyze
a longer period of time in which the child develops different motor activities.

e  Only the motor area is assessed; the rest of the developmental areas, such as the
emotional, sensory, manipulative, communicative, and social areas, are not assessed.
The development of postural control is the first thing that becomes evident, but it
is also conditioned by the rest of the areas. Given the age of our study sample, this
is difficult to analyze, but in subsequent studies with older children, it might be
interesting to determine the relationships between these skills and postural control.

e  One of the major drawbacks in early detection is the difficulty that clinicians have
in determining whether a child’s postural control or motor skills can be classified
within normo-typical development or whether they belong to abnormal development
or motor delay with respect to the baby’s chronological or corrected age (in the case
of premature babies). Normally, these differences become evident with time, but
during the first months of life, there are many difficulties in determining these changes.
However, once a valid analytical tool is developed, a study could be conducted with
a larger sample, including healthy and pathological children of different ages, to
determine whether it is possible to diagnose motor disorders in infants earlier.
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6. Conclusions

Early detection of delays in motor or postural development is necessary to optimize
effective treatment, and new early detection methods, such as deep learning techniques, are
needed; however, it is necessary to know the area of support of babies with normo-typical
development.

The development of a predictive tool for motor delay will allow defining the area
of support of each baby according to its age range. The design of a prototype capable of
detecting support in babies will reveal the postural control of these children at an early age.

The DL model will facilitate decision-making by health professionals. If the model
can correctly detect the infant’s areas of support, it will be able to learn what the correct
postural control is at each stage of the baby’s first months. It will be possible to determine
which support areas are normal and which are not, and, above all, whether there is more
support surface than is appropriate for the baby’s age. This is very important because it is
difficult for human eyesight to be precise, and subjectivity comes into play. However, with
a postural analysis tool, decision-making will be more precise and objective.

Having the prototype will make it possible to know the degree of deviation from
normality, being able to suspect any abnormality, and allowing the corresponding health
professional to make a clinical judgment or diagnosis if necessary, reducing the time it takes
to be detected with the crucial advantages that this entails.

7. Patents

The results of the present study have been protected under the utility model with
registration number U202432052.

Author Contributions: Conceptualization, S.V.-I., EP-R. and L.L.-R.; methodology, S.V.-I.,, VM.-R.,
B.C.-D., EP-R,, R.L.-R,, JI.C.-A. and I.L.-R.; software, S.V.-I., VM.-R., B.C.-D., EP-R.,, R.L.-R. and
IL.-R.; formal analysis, V.M.-R. and B.C.-D.; investigation, S.V.-I., VM.-R,, B.C.-D., EP-R,, RL.-R,,
J.I.C.-A. and I.L.-R.; data curation, VM.-R. and B.C.-D.; writing—original draft preparation, S.V.-L.,
VM.-R, B.C.-D,, EP-R,, RL-R,, JI.C.-A. and L.L.-R,; writing—review and editing, S.V.-I, VM.-R,,
B.C.-D., RL.-R. and I.L.-R;; supervision, FP-R. and I.L.-R.; project administration, I.L.-R. All authors
have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of the University of Salamanca (registration code
n° 840, 7 July 2022).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: Data supporting the findings of this study are available from the
corresponding author upon reasonable request. The data are not publicly available due to privacy.

Acknowledgments: We are grateful to all professionals participating in the study.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence

CNN Convolutional Neural Network
DL Deep learning

GPI Graphics Processing Unit



J. Clin. Med. 2025, 14, 3096 13 of 14

References

1. Cano de la Cuerda, R.; Collado Vazquez, S. Neurorrehabilitacién. In Métodos Especificos de Valoracion y Tratamiento; Editorial
Meédica Panamericana: Madrid, Spain, 2012.

2. Hadders-Algra, M.; Heineman, K.R. Perfil del Desarrollo Motor del Bebé. In Infant Motor Profile (IMP); Editorial Médica
Panamericana: Madrid, Spain, 2023.

3.  Rego Ferndndez, F.; Torr6 Ferrero, G. Fisioterapia en Neonatologia. In La Importancia del Abordaje Temprano en el Recién Nacido de
Riesgo; Médica Panamericana: Madrid, Spain, 2021.

4. Viclav, V.; Schweizer, E. El Descubrimiento de la Motricidad Ideal, 1st ed.; Editorial Morata S.L.: Madrid, Spain, 2011; Volume 2021,
279p.

5. Vaclav, V. Alteraciones motoras cerebrales infantiles. In Diagndstico y Tratamiento Precoz, 3rd ed.; Ediciones Morata S.L.: Madrid,
Spain, 2021; 370p.

6. Paisitkriangkrai, S.; Sherrah, J.; Janney, P.; Hengel, A. Effective semantic pixel labelling with convolutional networks and
Conditional Random Fields. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition Workshops,
Boston, MA, USA, 7-12 June 2015; pp. 36—43.

7. Wang, H,; Wu, X,; Huang, Z.; Xing, E.P. High-Frequency Component Helps Explain the Generalization of Convolutional Neural
Networks. In Proceedings of the 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA,
USA, 13-19 June 2020; pp. 8681-8691. Available online: https://ieeexplore.ieee.org/document/9156428 (accessed on 27 February
2024).

8. He, K,; Zhang, X,; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778. [CrossRef]

9.  Matsushita, EY.; Krebs, V.L.].; de Carvalho, W.B. Artificial intelligence and machine learning in pediatrics and neonatology
healthcare. Rev. Assoc. Med. Bras. 1992, 68, 745-750. [CrossRef] [PubMed]

10. Matsushita, FY.; Krebs, V.L.]J.; de Carvalho, W.B. Identifying clinical phenotypes in extremely low birth weight infants-an
unsupervised machine learning approach. Eur. |. Pediatr. 2022, 181, 1085-1097. [CrossRef] [PubMed]

11.  Achenie, L.EK,; Scarpa, A.; Factor, R.S.; Wang, T.; Robins, D.L.; McCrickard, D.S. A Machine Learning Strategy for Autism
Screening in Toddlers. |. Dev. Behav. Pediatr. 2019, 40, 369-376. [CrossRef] [PubMed]

12. Le, S.; Hoffman, J.; Barton, C.; Fitzgerald, ].C.; Allen, A.; Pellegrini, E.; Calvert, J.; Das, R. Pediatric Severe Sepsis Prediction Using
Machine Learning. Front. Pediatr. 2019, 7, 413. [CrossRef] [PubMed]

13.  Malerbi, EK; Krakauer, M.; Schaan, B. Comment on “Artificial intelligence and machine learning in pediatrics and neonatology
healthcare”. Rev. Assoc. Med. Bras. 1992, 68, 1496-1497. [CrossRef] [PubMed]

14. Pin, T,; Eldridge, B.; Galea, M.P. A review of the effects of sleep position, play position, and equipment use on motor development
in infants. Dev. Med. Child Neurol. 2007, 49, 858-867. [CrossRef] [PubMed]

15. Majnemer, A.; Barr, R.G. Association between sleep position and early motor development. ]. Pediatr. 2006, 149, 623-629.
[CrossRef] [PubMed]

16. Dwyer, T.; Ponsonby, A.L. Sudden infant death syndrome and prone sleeping position. Ann. Epidemiol. 2009, 19, 245-249.
[CrossRef] [PubMed]

17. Moon, R.Y. Task force on sudden infant death syndrome. SIDS and Other Sleep-Related Infant Deaths: Evidence Base for 2016
Updated Recommendations for a Safe Infant Sleeping Environment. Pediatrics 2016, 138, €20162940. [CrossRef] [PubMed]

18. Jullien, S. Sudden infant death syndrome prevention. BMC Pediatr. 2021, 21 (Suppl. S1), 320. [CrossRef] [PubMed]

19. Bhandari, A.P.; Nnate, A.; Vasanthan, L.; Konstantinidis, M.; Thompson, ]. Positioning for acute respiratory distress in hospitalised
infants and children. Cochrane Database Syst. Rev. 2022, 6, CD003645. [PubMed]

20. Louis, D.; Belen, K.; Farooqui, M.; Idiong, N.; Amer, R.; Hussain, A.; ElSayed, Y. Prone versus Supine Position for Lung Ultrasound
in Neonates with Respiratory Distress. Am. J. Perinatol. 2021, 38, 176-181. [CrossRef] [PubMed]

21. Dimitriou, G.; Tsintoni, A.; Vervenioti, A.; Papakonstantinou, D.; Dassios, T. Effect of prone and supine positioning on the
diaphragmatic work of breathing in convalescent preterm infants. Pediatr. Pulmonol. 2021, 56, 3258-3264. [CrossRef]

22.  Lucchini, M.; Fifer, W.P,; Perez, A.; Signorini, M.G. Influence of sleep state and position on cardio-respiratory regulation in
newborn babies. In Proceedings of the 2015 37th Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC), Milan, Italy, 25-29 August 2015; Volume 2015, pp. 302-305.

23. Hewitt, L.; Stanley, R.M.; Okely, A.D. Correlates of tummy time in infants aged 0-12 months old: A systematic review. Infant
Behav. Dev. 2017, 49, 310-321. [CrossRef]

24. Linz, C.; Kungz, F,; Bohm, H.; Schweitzer, T. Positional Skull Deformities. Dtsch. Arztebl. Int. 2017, 114, 535-542. [CrossRef]
[PubMed]

25. Gajewska, E.; Moczko, J.; Kroll, P; Naczk, M.; Naczk, A.; Sobieska, M. How motor elements at 3 months influence motor

performance at the age of 6 months. Medicine 2021, 100, e27381. [CrossRef] [PubMed]


https://ieeexplore.ieee.org/document/9156428
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1590/1806-9282.20220177
https://www.ncbi.nlm.nih.gov/pubmed/35766685
https://doi.org/10.1007/s00431-021-04298-3
https://www.ncbi.nlm.nih.gov/pubmed/34734319
https://doi.org/10.1097/DBP.0000000000000668
https://www.ncbi.nlm.nih.gov/pubmed/30985384
https://doi.org/10.3389/fped.2019.00413
https://www.ncbi.nlm.nih.gov/pubmed/31681711
https://doi.org/10.1590/1806-9282.20220948
https://www.ncbi.nlm.nih.gov/pubmed/36350918
https://doi.org/10.1111/j.1469-8749.2007.00858.x
https://www.ncbi.nlm.nih.gov/pubmed/17979866
https://doi.org/10.1016/j.jpeds.2006.05.009
https://www.ncbi.nlm.nih.gov/pubmed/17095331
https://doi.org/10.1016/j.annepidem.2009.01.024
https://www.ncbi.nlm.nih.gov/pubmed/19344862
https://doi.org/10.1542/peds.2016-2940
https://www.ncbi.nlm.nih.gov/pubmed/27940805
https://doi.org/10.1186/s12887-021-02536-z
https://www.ncbi.nlm.nih.gov/pubmed/34496779
https://www.ncbi.nlm.nih.gov/pubmed/35661343
https://doi.org/10.1055/s-0039-1695776
https://www.ncbi.nlm.nih.gov/pubmed/31480084
https://doi.org/10.1002/ppul.25594
https://doi.org/10.1016/j.infbeh.2017.10.001
https://doi.org/10.3238/arztebl.2017.0535
https://www.ncbi.nlm.nih.gov/pubmed/28835328
https://doi.org/10.1097/MD.0000000000027381
https://www.ncbi.nlm.nih.gov/pubmed/34678865

J. Clin. Med. 2025, 14, 3096 14 of 14

26. Surowinska, J.; Sobieska, M.; Gajewska, E. Qualitative assessment in the third month of life allows for a better prognosis of the
achievement of motor milestones versus assessment of pathological reflexes-prospective studies on Polish children. Front. Public
Health 2023, 11, 1253137. [CrossRef] [PubMed]

27. Spittle, A.J.; Doyle, LW.; Boyd, R.N. A systematic review of the clinimetric properties of neuromotor assessments for preterm
infants during the first year of life. Dev. Med. Child Neurol. 2008, 50, 254-266. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3389/fpubh.2023.1253137
https://www.ncbi.nlm.nih.gov/pubmed/37780436
https://doi.org/10.1111/j.1469-8749.2008.02025.x
https://www.ncbi.nlm.nih.gov/pubmed/18190538

	Introduction 
	Hypothesis and Objectives 
	Hypothesis 
	Objectives 
	Main Objective 
	Secondary Objectives 


	Materials and Methods 
	Design and Setting 
	Study Population 
	Inclusion 
	Exclusion 

	Variables and Measurement Instruments 
	Medical History 
	Postural Support Prototype 
	Software Environment 

	Procedure of Protocol Study 
	Kinesiological Evaluation 
	Image Acquisition Using the Postural Support Prototype 
	Construction of the Domain-Specific Dataset 
	Deep Learning Workflow Tasks 
	Statistical Analysis and Performance Evaluation 
	Objective Parameters in Postural Disorders 

	Posture Evaluation System Based on Deep Learning Techniques 

	Ethics and Dissemination 
	Limitations 
	Conclusions 
	Patents 
	References

