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Keywords: This study monitors neonatal sleep patterns using artificial intelligence through an innovative transfer learning
Deep convolutional neural network approach integrating video and Electroencephalogram (EEG) data. Leveraging non-intrusive, camera-based
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technology, this method offers healthcare professionals an effective tool to evaluate and understand sleep quality
in newborns. Such monitoring is essential for pediatricians, providing critical insights into the health and
development of infants. Automated sleep/wake staging tools aid healthcare professionals in analyzing infant sleep
patterns. Among these methods, camera-based approaches have gained prominence due to their non-intrusive and
user-friendly characteristics, making them applicable for home monitoring. This study introduces a novel transfer
learning technique for classifying neonatal sleep/wake stages. Our approach utilizes multiple color palettes, such
as thermal, amber, grayscale, high contrast, hot metal, and red-blue, captured through a Fluke® (TiX 580)
camera system. Continuous monitoring of neonatal sleep is essential for pediatricians to assess neonatal sleep
quality comprehensively. Automated sleep/wake staging tools assist healthcare professionals in evaluating infant
sleep patterns. Camera-based approaches have garnered significant attention among the various methods due
to their non-intrusive and user-friendly nature, making them suitable for home use. In this paper, we propose
a novel transfer learning approach for classifying neonatal sleep/wake staging using a combination of multiple
color palettes, including thermal, amber, grayscale, high contrast, hot metal, and red-blue, recorded through a
Fluke® (TiX 580) camera. The proposed method leverages the retraining of the last fully connected layer of well-
established deep neural networks such as Visual Geometry Group 16 and 19, AlexNet, Inception-V3, ResNet-18,
ResNet-50, and GoogLeNet to perform accurate sleep and wake stage classification. To enhance the precision of
our approach, we integrate EEG data with video data obtained from neonatal subjects. The performance of transfer
learning networks is validated using a leave-one-subject-out cross-validation strategy, ensuring robustness in
classifying wake and sleep stages. In particular, the Inception-V3 model, when applied to the red-blue color palette
video frames, demonstrates an impressive classification accuracy rate of 85.9%. Furthermore, we assessed the
impact of including EEG data alongside video data, and even in this context, our approach maintains the same
high accuracy of 85.9%. These findings underscore the robustness and effectiveness of our proposed method
for neonatal sleep/wake staging classification, which is suitable for home-based monitoring and enhances its
practicality and accessibility for pediatricians and caregivers.
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1. Introduction

Neonatal care uses artificial intelligence transfer learning mod-
els to accurately distinguish between different sleep-wake states in
neonates. Neonates, adults, and children experience sleep differently,
with neonates unable to articulate their sleep patterns [1]. Usually,
newborns spend two-thirds of each day asleep rather than awake; how-
ever, studying an infant’s brain functions through perceptive inspec-
tions is very challenging. According to the research on neonate sleep
monitoring [2], sleep is considered an essential factor for the neuro-
developmental process. Continuous sleep analysis and evaluation could
slow brain growth over time. Automatic infant sleep state examination
can provide useful evidence of newborn neurodevelopment, not only
for medical professionals but also for parents. Neonate sleep studies
can be instrumental in exploring and identifying brain anomalies dur-
ing the early developmental period [3]. Polysomnography (PSG) is the
gold standard for infant sleep analysis. However, PSG demands several
devices and probes connected to the infant’s skin to record numerous
electrophysiological signals. Placing wet electrodes can harm the infan-
t’s skin, leading to a risk of infection. Moreover, PSG is labor-intensive
and requires intrusive measurements for neonates. Furthermore, contin-
uous monitoring over a few days is recommended for reliable measures
of neonates’ wake and sleep patterns, which demands an unobtrusive
sleep analysis system [4]. In the last half-decade, research development
allowed the collection of various physiological neonatal data unobtru-
sively. Several approaches have been espoused to develop sleep state
classification algorithms that require only a subset of standard PSG
measures. Recently, unobtrusive or minimally less skin contact meth-
ods have received considerable attention for infant sleep monitoring,
such as a dry electrode with slight body contact based on the nano-
needle array [5], Capacitive probes [6], Ballistocardiogram (BCG) [71,
isolated radar methods using Doppler method [8]. All these methods
are more successful in adult sleep monitoring as compared to neonatal
sleep monitoring [9]. With advancements in digital imaging, a new, un-
obtrusive way of investigating the newborn sleep pattern is used by the
authors in [3], which is an entirely unobtrusive technique, does not de-
mand mounting/unmounting, and makes it suitable and easy to use in
a home-based environment. Yumiko [10] studied infants’ face recogni-
tion by behavioral and Near-Infrared Spectroscopy (NIRS); they provide
evidence of selective attention to infants’ faces and measure the hemo-
dynamic response to facial images in infancy. Long et al. [11] proposed
using signal data from video-based actigraphy to detect sleep and wake
states. One of the limitations of this unobtrusive method via the use of
cameras is located at an apparent field of view. If the staff relocates or
blocks the camera, sleep analysis is impossible. Till now, all the unob-
trusive sleep monitoring methods via image analysis have been adopted
to detect neonatal body motion for sleep classification. Recent clinical
research shows that neonatal facial motor activity reflects several phys-
iological and behavioral changes [12]. In this article, we propose an
advanced method to classify neonatal sleep-wake states by investigating
the deviation in facial patterns. The study [13] has produced notewor-
thy contributions to neonatal healthcare, sleep medicine, and machine
learning.

Newborns in various healthcare applications, including Neonatal
Intensive Care Units (NICUs), might benefit significantly from the en-
hanced understanding of neonatal sleep patterns provided by the study
discoveries surrounding AiCareNeonates. This novel strategy can poten-
tially improve the efficiency and accuracy of sleep-wake state classifica-
tions by utilizing Al-powered adaptation of transfer learning models,
which will ultimately improve the management of neonatal care as
a whole. This cutting-edge technology, combined with medical know-
how, highlights a viable path forward for improving neonatal healthcare
procedures and, eventually, improving outcomes for premature infants
at risk.
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1. The primary contribution of this study is its capacity to augment
newborn care. Using transfer learning models, this study presents
a more precise and effective method for categorizing sleep-wake
phases in neonates. The aforementioned findings have significant
implications for providing healthcare to preterm newborns, partic-
ularly in NICU environments.

2. The study makes a valuable contribution towards mitigating medi-
cal errors by offering healthcare workers a reliable tool for classify-
ing sleep-wake states. Accurate and real-time classification enables
medical practitioners to enhance their decision-making process in
treatments, drug administration, and other crucial facets of neona-
tal care, thereby mitigating the potential for medical errors.

3. The implementation of transfer learning approach for unobtrusive
neonatal sleep/awake classification demonstrated how fine-tuning
a pre-trained deep-learning CNN network layer-wise leads to in-
cremental performance improvement. This approach extends our
previous work in [14], which transferred the pre-trained CNN fea-
tures from the fully connected layers and then trained a dispersed
configuration of classifiers.

4. The study compared the performance of existing state-of-the-art
pre-trained CNN networks. This analysis contrasts with previous
studies, which provided only limited performance comparisons be-
tween pre-trained CNNs and handcrafted approaches on medical
images. To our knowledge, this issue has not yet been systematically
addressed to classify neonates’ sleep/wake-stage classification.

5. The work presents consistent results with conclusive outcomes from
seven well-known deep learning pre-trained models using multi-
ple Fluke® color palettes of the neonatal facial region to classify
sleep/wake staging.

The remainder of this paper is organized as follows. Section 2 de-
scribes neonatal face characteristics and database information on the
proposed methodology and the details of the experimental setup. Sec-
tion 3 explains the results, and experimental discussion is explained in
Section 4 and analysis of hybrid model cases other than our proposed
model. Finally, the last section 5 concludes the paper and also provides
the future direction for research.

2. Methodology

This section elaborates on the research conducted by prior schol-
ars on classifying the sleep-wake states of neonates and the proposed
methodology. In medical image processing, there has been a notable
rise in the use of deep learning algorithms, namely CNN in recent times
[15].

As mentioned, the accomplishment brought about a significant trans-
formation in the respective domain by employing Graphics Processing
Units (GPUs), rectified linear units, dropout regularization, and data
augmentation [16]. Nevertheless, the process of training deep CNN from
the beginning is accompanied by several problems. To begin with, it is
essential to note that CNNs necessitate a significant quantity of metic-
ulously annotated training data. This requirement poses a particularly
difficult obstacle in the medical field, where the process of expert an-
notation incurs high costs, and datasets containing unusual situations,
such as lesions, are limited in availability. Moreover, DCNN training
necessitates substantial computing and memory resources. In the ab-
sence of these resources, the training procedure becomes excessively
time-consuming. Additionally, the training of DCNN is frequently hin-
dered by overfitting and convergence problems. To address these chal-
lenges, careful modifications to the network architecture and learning
parameters are required to achieve consistent learning across all lay-
ers. Consequently, training deep learning networks from the beginning
can be challenging and time-consuming, requiring significant patience
and experience. One potential approach to avoid training CNNs is fine-
tuning a pre-existing CNN model already trained on a sizable and varied
dataset from a distinct application domain. Pre-training is pivotal in
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Fig. 1. Video frame of neonate in sleep mode.

medical research and CNN applications, as highlighted by [3]. Simi-
larly, [4] devised a deep-learning methodology to discern between nor-
mal and pathological tissues in mammograms. Their strategy yielded a
classification accuracy of 100% and an AUC value of 1.0. Using pre-
trained models as feature extractors or transfer learning baselines has
proven effective in various computer vision tasks [17]. Pre-training has
a substantial historical background in object recognition and analysis,
and it is extensively employed to generate ‘universal representations’
that exhibit generalization across many domains. The ‘pre-train-then-
tune’ methodology is prevalent, particularly in scenarios where data are
scarce for a particular task [14]. This methodology accelerates the pro-
cess of achieving convergence in contemporary structures. Nevertheless,
many contend that pre-training predominantly expedites the conver-
gence process, resulting in a temporal benefit rather than a substantial
enhancement in the model’s performance. Interestingly, it has been ob-
served that in some tasks and after undergoing enough training, mod-
els developed from the beginning can attain comparable performance
to pre-trained models. This observation implies that in contemporary
research datasets, using ImageNet pre-training may not invariably be
essential. For various reasons, pre-training has become customary in
contemporary deep learning practices. Initially, it should be noted that
shallow and linear models possess a restricted level of expressiveness
due to their reliance on inner product calculations between the data
and model parameters. Furthermore, a deficiency existed in establishing
training criteria and setups for the utilization of pre-training on unla-
beled data in a manner that is not specific to any particular domain.
The authors in [18] conducted a study using a pre-trained DCNN to
detect pathological and normal Optical Coherence Tomography (OCT)
image volumes. Their findings have shown a noteworthy accuracy rate
above 90%. Authors [19] proposed a new iteration of the Motion His-
tory Image (MHI) technique to evaluate categorical depression. The MHI
technique employed in their study demonstrated superior performance
to other motion images, resulting in an F1-score of 87.4% when utiliz-
ing VGG feature-level fusion. The utilization of deep learning techniques
exhibited a higher performance level than methods that rely solely on
visual appearance, resulting in a notable enhancement of 5.5% in the
F1 score.

2.1. Study protocol and subject database

This section describes the study protocol and data collection environ-
ment adapted to record neonatal as in Fig. 1 facial region videos referred
to as Region of Interest (ROI) using Fluke® camera. Once the face ROl is
detected in the RGB frames, it is aligned with the corresponding Fluke®
pictures. Fig. 2 A and 2 B depict the impact on video frames when
the saturated color option is ON and OFF. In our proposed algorithm,
intensity-based detection (with raw RGB frames as input) was used to
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Fig. 2. A) Saturation color effect on video frames when it’s OFF. B) Saturation
color effect on video frames when it’s ON.

identify the facial area of neonates (i.e., the region of interest or ROI), as
shown in Fig. 2. As shown in Fig. 2 from a video data collection protocol
using the Fluke® camera, the thermal images can be found in our previ-
ous paper [3]. A trained neurologist conducted the process of annotating
sleep and waking states. Each 30-second epoch of the Video Electroen-
cephalogram (VEEG) and corresponding video frames were analyzed
following the guidelines set forth by the American Academy of Sleep
Medicine (AASM). Fluke® camera (TiX 02) is a handheld, thermal video
camera [10] used to record infant video frames placed in a “look-down”
view above a newborn incubator set at the intensive care unit. Synchro-
nized Video and PSG data were recorded in the afternoon session (from
12:30 p.m. to 4:30 a.m.) for around 240 minutes. Recording stopped
when babies needed to go through the health inspection by the clinicians
or needed to be fed. This led to video data of around 210 minutes per in-
fant. The distance between the subject and the camera was established
and measured using a laser pointer distance finder during data collec-
tion for each infant. The measured distance spanned from 0.28 meters to
0.33 meters. Fluke® (TiX 02 Expert Series Thermal Imagers) [3] offer a
low-cost thermal Imaging solution to record neonatal thermal and RGB
videos and PSG recording. Fluke® SmartView software offers a wide
range of color palettes, e.g., amber, high-contrast, red-blue, hot-metal,
and grayscale, which has been shown in our previous research work in
Chinese database [14]. These color palettes have a specific bandwidth
that determines the palette’s color range. When recording and analyzing
the neonatal facial video frames, we kept the saturation color setting to
the default option (“OFF”). One of the main reasons for not using a sat-
uration option is to avoid extremely high and low-temperature effects,
resulting in smooth video frames recorded with a slight variation of pat-
terns in their color palette region. One of the main advantages of using
this model is that it is fast, robust, and allows detection of the face re-
gion based on human facial color intensity. Moreover, it is independent
of the device and defines colors independently of how they are created
or displayed. Once the face ROI is detected on RGB frames, the identi-
fied ROI is then mapped onto the corresponding Fluke® color palette
video frames. Table 1 presents demographic information, sleep patterns,
awake time, and reasons for hospital admission for infants included in a
study. With a unique serial number provided to each newborn for iden-
tification, Table 1 presents comprehensive details on the 31 infants in
the study. Each baby’s gender is displayed, with ‘G’ standing for females
and ‘B’ for boys. Post Menstrual Age (PMA) is the sum of the infant’s
age since birth and the Gestational Age (GA), measured in weeks and
days at the time of delivery. The newborns’ weights in kilograms are
also recorded. The time spent sleeping followed by the time spent being
awake in minutes is indicated by the sleep-to-wake ratio (S/W), which
is displayed. For instance, an infant with a ratio of 20/100 napped for
20 minutes and remained awake for 100 minutes. Additionally, the ta-
ble enumerates the leading causes of the newborns’ hospital stays, a
range of ailments including preterm delivery, fever, jaundice, cyanosis
(blue-colored skin discoloration), anhelation (difficulty breathing), eme-
sis (nausea), and hypoglycemia (lower blood sugar). Video and VEEG
data from 31 infants were collected retrospectively by a pediatrician at
the Suryam Newborn Care and Children Hospital, Gujarat, India, be-
tween August 2020 and March 2021. Twenty-one neonates were less
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Table 1
Sample Demographic records of the infants included in the study, reasons of B rsab
admission are A= Anhelation, C= Cyanosis, E=Emesis, F = Fever, P =Preterm, TN
H=Hypoglycemia. VEEG
No Sex GA PMA Weight S/W Admit
(wkt+d) (Wk+d) (kg) (min) Reason
1 G 34+0 35+5 2.6 20/100 Preterm
2 B 39+0 42+4 4.5 20/100 Fever ¥ " wm o
3 G 36+4 36+5 2.6 100/10  Preterm/Aspiration s ol h |y gw 5. T o)
4 B 39+2 40+6 3.3 105/15 Cyanosis én J Exﬁ: | % ' %n:"*'_% %
5 B 37+1 38+0 2.9 50/70 Jaundice - < [ < | £
6 G 35+3 35+3 2.2 55/65 Preterm ! lTlrrte(‘s)I ? ! T‘irnei(s)I ’ ! lTlr‘neEs)l ! Tir‘ne(‘s)I ! lel"nel(s)' ! 'Zfimt;(s)‘ v
7 G 34+6 35+3 2.3 60/60 Preterm/Emesis
8 B 38+5 39+0 2.8 42/78 Hypoglycemia 4 4 A 4
9 B 37+5 38+1 3.7 55/65 Fever LOG SPECTROGRAM
10 B 38+6 40+2 3.0 25/95 Fever TIME WAVEFO :
11 G 35+3 35+3 2.2 55/65 Preterm
12 G 34+0 35+3 2.2 55/65 Preterm At
ifacts Removal
13 G 34+6 35+3 2.3 60/60 Preterm/Emesis Algorithms
14 B 38+5 39+0 2.8 42/78 Hypoglycemia @ ) .
15 G 35+3 35+3 2.2 55/65  Preterm ‘o O, /O /O /@
16 G 3446 35+3 2.3 60,/60 Preterm/Emesis L@ 8 B 8 8 8 @ ﬂq}
17 B 38+5 39+0 2.8 42/78 Hypoglycemia @ @
18 B 37+5 38+1 3.7 55/65 Fever =@ @ Feature ®o-® -0 d
19 B 38+6 40+2 3.0 25/95 Fever Extraction @
20 G 35+3 35+3 2.2 55/65 Preterm
21 G 34+6 35+3 2.3 60/60 Preterm/Emesis
22 B 38+5 39+0 2.8 42/78 Hypoglycemia
23 B 37+5 38+1 3.7 55/65 Fever
24 G 34+0 35+5 2.6 20/100 Preterm
25 B 39+0 42+4 4.5 20/100 Fever
26 G 36+4 36+5 2.6 100/10 Preterm/Aspiration
27 B 39+2 40+6 3.3 105/15 Cyanosis
28 B 38+5 39+0 2.8 42/78 Hypoglycemia
29 B 3745 38+1 3.7 55/65 Fever Fig. 3. Layered representation of neonate’s sleep classification.
30 B 38+6 40+2 3.0 25/95 Fever
31 B 38+5 39+0 2.8 42/78 Hypoglycemia

than 15 days (d) old (9.9 + 2.1 d), and the remaining were less than 29
days old (15.3 + 4.2 d).

Table 1 serves as a foundational reference point for our subsequent
analysis, enabling us to explore potential associations between demo-
graphic factors, sleep patterns, and hospitalization reasons among the
infants in our study.

Using multiple color palettes allows us to capture different visual
features relevant to sleep-wake states, such as changes in skin tone, eye
movements, and body posture. Our method can effectively distinguish
between different sleep-wake states by leveraging these diverse visual
cues, even in challenging recording conditions.

Furthermore, integrating EEG data with video footage provides com-
plementary information that enhances the reliability of sleep-wake clas-
sification. EEG signals offer valuable insights into brain activity patterns
associated with different sleep stages, which can help refine the classi-
fication process and improve overall accuracy.

Overall, our approach offers several unique contributions to neonatal
sleep monitoring. By combining multiple modalities and leveraging ad-
vanced signal processing techniques, we aim to provide a more compre-
hensive and reliable method for assessing sleep-wake states in neonates.

We excluded subjects with missing or incomplete demographic infor-
mation, as well as those with unreliable or poor-quality data, to ensure
the reliability and accuracy of our analysis. Additionally, subjects whose
data were collected outside the specified study period were excluded to
maintain consistency and relevance to our research objectives. While
these exclusion criteria were necessary to ensure data quality and in-
tegrity, they may have inadvertently led to the exclusion of certain
subjects, potentially affecting the generalization of our findings. Future
studies should aim to refine exclusion criteria to balance data quality
with inclusiveness, thus enhancing the applicability of our results to
broader populations.
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The Internal Ethics Committee approved the study protocol for
Neonatal Experiments of Suryam Newborn Care and Children Hospital
and the Psychological Ethical and Test Committee of Gujarat, India.

2.2. AiCareNeonates framework

The proposed research framework described in Fig. 3 is designed to
improve non-contact monitoring of neonates’ sleep/wake patterns while
minimizing disturbance. Our approach utilizes Fluke® facial video
frames to analyze unobtrusive infant sleep/wake activity. The frame-
work involves several key steps: first, VEEG signals are acquired via
Fluke® Camera and digitized into frequency and amplitude data. Fol-
lowing artifact removal, feature extraction algorithms are employed to
identify the most influential factors. Finally, transfer learning algorithms
classify the sleep and awake states based on the extracted features. This
formal framework provides a structured approach to enhancing neona-
tal sleep monitoring using facial video frames.

Our methodology employs transfer learning to classify neonatal sleep
stages (awake or asleep) by examining raw and intensity-based facial
video frames obtained through facial detection. To validate the feasibil-
ity and reliability of our model, we conducted experiments using clinical
data, where PSG recordings were synchronized with Fluke® videos from
ten subjects at the Children’s Hospital of Fudan University. This dataset
is valuable for researchers developing and validating infant sleep/wake
classification algorithms. Notably, to our knowledge, there is currently
no publicly available neonatal video database suitable for such sleep
classification examinations. There are two main advantages of using a
pre-trained network for transfer learning: The pre-trained models are
already rich enough to identify the sleep states without needing to be
retrained from scratch when new data are available. When applied to
synthetically generated video frames using simple rendering techniques,
the feature extractors work as a “projector” and output image topogra-
phies close to neonates’ image features.

Intensity-based detection: To accurately identify sleep/wake states
in newborns based on facial expressions captured in video frames, it is
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imperative to employ a highly accurate face detection technique that
effectively reduces the presence of non-facial regions surrounding the
neonatal facial area. In 1976, the International Commission on Illumi-
nation developed a detection model based on intensity [20]. The color
model under consideration delineates color using three scientific pa-
rameters. Specifically, the parameter ‘L’ denotes brightness, while the
parameters ‘a’ and ‘b’ correspond to the green-red and blue-yellow color
spectrum [21]. Intensity-based detection was developed to ensure per-
ceptual consistency for human facial color photographs. One notable
advantage of this model is its rapidity, robustness, and capacity to iden-
tify the facial region by leveraging the intensity of human facial color.

Algorithm 1: AiCareNeonates algorithm: EEG Feature Extrac-
tion.
Input : Neonatal sleep data
Output: Predicted sleep-wake states, a, f, 5,0 waves
Initialize variables:
v= start EEG recording; r=stop recording; s=stop acquisition ;
for i in [Delta, Theta, Alphal, Alpha2, Betal, Beta2, Total, Edge, Average, Median,
Peak] do
for j from 1 to s do
if n is True then

P3,
P3 = 1
i 1 v—1
Y Z 1 P3ik

o1 k=

P4

A
1 -1
-1 Z;=1 P4,
o1,
Lyl @
=1 k=17 ik
02;
LZ’HOZ “
v—1 k=1 ik

P4
ij

©)]

o

02!
ij

end
else

| P3};=P3; P4j; = P4, O}, =01;; 02], =02
end

1
M".:Z(P3;'j+1>47j+017]+027/.) (5)

i

end

end
EEG Starting or Converging Phase
if Data_acquired is active then
if t;p —ty; <tpgp then
| CONVERGE_TO_EEG Database
end

end
else
for each starting or converging phase do

ALV :norm( ! > e[A () — A,...A,,(t)]) ; // Measure Synchrony

n =1
between two amplitudes

PLV = norm(i o elg () - qu(t)]) ; // Measure Phase Lock
Value

if Beta,_, > Beta, and PLV < SP_Threshold then
| Perform actions for sleep-wake states

end

end

end

2.3. EEG Feature Extraction

Using EEG data, the AiCareNeonates Algorithm 1 for EEG Fea-
ture Extraction aims to simplify classifying neonates’ sleep-wake states.
The method starts by analyzing sensor information from newborn EEG
recordings. The process then moves on to feature extraction, which in-
volves analyzing different EEG frequency bands, including beta, theta,
alpha, and delta waves. Specific parameters such as Total Power, Edge
Frequency, Average Power, Median Frequency, and Peak Frequency are
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computed within each frequency band. Interestingly, the technique in-
cludes normalization steps to improve the robustness of the retrieved
characteristics. After feature extraction, the algorithm analyses the new-
born EEG data to see if it correlates with sleep-wake cycles. The method
aggregates the data if certain conditions about the intervals between
particular EEG events are satisfied, as in Eq. (1). The choice of deep neu-
ral network models, such as VGG16, VGG19, Inception V3, ResNet-18,
ResNet-50, GoogLeNet, and AlexNet was based on several considera-
tions. These models have demonstrated strong performance on image
classification tasks in previous research, making them well-suited for
our study’s objectives. Additionally, compared to more complex mod-
els, their relatively shallow architectures offer computational efficiency
without compromising classification accuracy. Moreover, the availabil-
ity of pre-trained weights for these models allows us to leverage transfer
learning, which accelerates training and enhances performance on our
specific task of neonatal sleep-wake classification.

Furthermore, with a selection of color palettes, we carefully con-
sidered the visual characteristics of neonatal video recordings and the
features relevant to sleep-wake classification. We chose color palettes
that effectively capture variations in skin tone, eye movements, and
body posture, which indicate different sleep-wake states. By selecting
color palettes that align with these visual cues, we ensure that our
method can accurately classify neonatal sleep-wake states even under
varying recording conditions.

Overall, our methodological choices were driven by a combination
of performance considerations, computational efficiency, and alignment
with the unique characteristics of neonatal video recordings. We be-
lieve that this comprehensive approach enhances the robustness and
effectiveness of our proposed methodology for neonatal sleep-wake clas-
sification.

3. Results

This section presents the performance evaluation of our proposed
system, ‘AiCareNeonates.” To the best of the author’s knowledge, the re-
search gap identified in the existing literature concerning the analysis
and evaluation of facial motors for unobtrusive neonatal sleep classifi-
cation based on variations in facial patterns. Thus, our study suggests a
novel technique in which only the subsequent layer other than the final
layer is altered during training. Still, the feature extractor’s weights,
pre-trained on actual information, are frozen. Since no previous ref-
erence to this strategy was identified in existing neonatal databases,
we used it to train the conclusive Fully Connected (FC) layer utiliz-
ing a neonatal database. As this was an exploratory, proof-of-concept
study on the feasibility of using the facial video-based system for clas-
sifying infant wake and sleep states, we started with a small prelim-
inary population of healthy infants. One of the most straightforward
approaches to enhancing the performance of CNN involves augment-
ing their size. This methodology is comparatively straightforward and
secure for training advanced deep learning models, particularly con-
sidering the abundance of accessible, comprehensive, labeled training
data. Nevertheless, this straightforward approach possesses two main
disadvantages. To begin with, a network of greater magnitude gener-
ally entails an increase in parameters or layers, potentially resulting in
overfitting, particularly when the training dataset is constrained regard-
ing labeled samples. Obtaining accurately labeled datasets is a complex
and costly endeavor, as it requires skilled individuals who can dis-
cern between intricate visual categories, as exemplified by the Image
Large Scale Visual Recognition Challenge (ILSVRC) database. Further-
more, the continuous enlargement of CNN leads to a significant increase
in computational resource requirements. In deep learning, sequentially
connecting two CNN layers results in a significant computational re-
source consumption that exhibits a quadratic growth pattern when there
is a consistent increment in the number of filters utilized. Inefficient uti-
lization of these resources, such as the concentration of weights at 0,
results in a significant squandering of processing capacity. Given the in-
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herent limitation of computational resources, it is more advantageous
to deploy them judiciously rather than simply augmenting their mag-
nitude without discrimination, even when the primary objective is to
enhance the performance of CNN. One possible approach to address
these concerns involves the implementation of sparsity. This entails sub-
stituting and retraining the fully connected layers, or maybe the last few
layers, with sparse counterparts inside the Convolutional layers. Never-
theless, contemporary computer systems have difficulties when it comes
to efficiently processing non-uniform sparse data structures. Despite a
potential reduction in arithmetic operations by a factor of 100, the neg-
ative impact of data lookup and cache misses can still be significant.
The utilization of sparse matrices may not always yield advantageous
outcomes. The present circumstances necessitate the development of an
intermediate solution CNN architecture that leverages the inherent spar-
sity at the filter level and optimizes the utilization of existing systems.
This approach reduces the computational resources and time required
to obtain exceptional outcomes, particularly in medical applications.

Nowadays, the best solution to all these issues faced in the med-
ical field is adopting a transfer learning approach. Although transfer
learning has been around for the last twenty years, it has only become
common in the last half-decade with the revolution of CNN designs reli-
ably attracting the ILSVRC competition since 2012 [22]. Pre-training on
ImageNet and successive fine-tuning on another database have become
widely used practices, but they have been used less in medical applica-
tions. It is generally believed that this method helps to learn excellent
and general features.

For the neonatal sleep/wake classification, we investigate seven
renowned pre-trained CNN architectures: VGG19, VGG16, Inception-V3,
ResNet50, ResNet18, AlexNet, and GoogLeNet. A pre-trained deep learn-
ing model is re-trained/fine-tuned from the last FC layers to give a base-
line for the performance on our neonatal database to classify wake/sleep
staging. The research uses pre-trained frozen weights to train the last FC
layer. It trains the output layer of the architectures on neonatal video
frames to perform sleep/wake classification. The study used various pre-
trained CNN architectures, namely Inception-V3, GoogLeNet, ResNet 18,
ResNet 50, AlexNet, and VGG, initially trained on the Image Net dataset.
The last fully connected layer of each CNN, responsible for generating
1000 class scores for tasks such as ImageNet classification, was removed.
The remaining layers of the CNN were then treated as a fixed feature ex-
tractor for analyzing neonatal facial videos in a new database frame. As
mentioned, we propose utilizing the pre-existing model to differentiate
infant sleep and wake states by analyzing several Fluke® video frames.
A concise summary of the intensity-based pre-processing technique for
detecting neonate faces is provided. Next, we explored the well-known
pre-existing pre-trained CNN models by employing transfer learning.

VGG Model: Max Pooling refers to a specific operation commonly
used in CNNs for down-sampling an input volume (image, feature map,
etc.) while retaining the most important information as 1. I, : This likely
represents the input size along one dimension (in the x-direction). 2.
P: This is the size of the pooling window or filter. During max pooling,
you divide the input into non-overlapping regions, and in each region,
keeping the maximum value. 3. S: This represents the stride of the pool-
ing operation. The stride determines how much you shift the pooling
window after each operation. It essentially controls the degree of over-
lap between the regions. The notation under consideration represents
the floor function, which rounds a number down to the nearest integer.
The model exhibits a test accuracy of 92.7% in the top 5 predictions
on the ImageNet dataset, which consists of more than 14 million im-
ages distributed among 1000 distinct categories. In our training process,
CNNs are employed, using images of a standardized size of 224 x 224 in
the RGB color space. The convolution stride is uniformly set to 1 pixel.
The purpose of applying spatial padding to the Convolutional layer is
to maintain the original spatial resolution after the convolution oper-
ation. In the case of a 3 X 3 Convolutional layer, this is achieved by
adding a padding of 1 pixel. Spatial pooling encompasses a series of five
max-pooling layers positioned after certain CNN layers, although not all
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Convolutional layers are followed by max-pooling. The max-pooling op-
eration is performed with a window size of 2 X 2 pixels and a stride of 2.
There are three FC layers after a sequence of Convolutional layers, which
may have different depths according to the chosen architecture. The
initial two components consist of 4096 channels each, whilst the third
component is designed explicitly for 1000-way ILSVRC classification,
hence yielding 1000 channels, each representing a distinct category.
The final layer in the neural network architecture is called the soft-max
layer. The configuration of the fully connected layers remains similar
across all network setups. The Rectification Linear Unit (ReLU) is incor-
porated into each hidden layer. We retain the last FC1000 layer for our
proposed research to classify neonates’ sleep/wake staging. KerSz rep-
resents a parameter related to the size or dimension of a kernel or filter.
It is used in the calculation. (KerSz-1)/2 subtracting one from the ker-
nel and dividing the result by 2 to find out how much padding should
be added on one side of the array to ensure that the size of the output
after a convolution operation matches the desired size. Padding is often
used in CNN to control the spatial dimensions of the output.

AlexNet Architecture: The architecture proposed in [23], known
as AlexNet, consists of eight layers, explained in Egs. (9)-(12). Five
layers are dedicated to convolutional operations, while the remaining
three are completely connected. The AlexNet architecture is specifically
engineered to handle input data with dimensions of 224x224x3, repre-
senting the RGB color channels. In this research, using a grayscale pic-
ture collection necessitates the triple-concatenation of the images. The
initial convolutional layer applies filters to the input image, resulting
in 290,400 neurons with dimensions of 96x55x55. When considering
the entire number of kernels as N, it is observed that each neuron is
composed of 363 weights, which is determined by the size of the nor-
malization neighborhood, represented by n, and the dimensions of the
kernel (11x11x3). Additionally, there is an extra weight known as the
bias. The hyper-parameters are represented by a, f, k, and (n). As a re-
sult, the number of features in the first layer of AlexNet is calculated
by multiplying 290,400 by 363, resulting in a total of 105,705,600. The
output of each layer undergoes processing using the Rectified Linear
Unit (ReLU) activation function. As the layers advance, the feature vec-
tors undergo further filtration until the final stage, where a classifier
based on Softmax is employed to distinguish among 1000 classes. The
Rectified Linear Unit (ReLU) activation function is commonly employed
after each convolutional and fully connected layer. Dropout is imple-
mented before the initial and subsequent fully connected layers. The
AlexNet architecture employed Rectified Linear Units (ReLU) instead of
the hyperbolic tangent (tanh) function as in Eq. (8). Where b;,y denotes
the regularized output for kernel, i at position x, y, a; ” is source out-
put of kernel, i applied at position x,y represents a transformation of
al, y,x, y; based on a complex expression involving a weighted sum of
nearby values, with some additional scaling factors «, f, and k. The soft-
max function is defined as s(z) = e,/ Zj 4. This equation calculates the
probability of the i,;, element being the largest in the vector z, given the
values of all the elements in the vector.

ResNet 18 and 50: The Residual Network, commonly referred to as
ResNet, is a CNN structure designed to effectively address the vanishing-
gradient problem directly and simply, as in Eq. (9). ResNet has a basic
structure similar to that of other CNNs. However, it distinguishes itself
by incorporating shortcut connections between each pair of 3x3 filters
in Eq. (11). Utilizing these shortcuts facilitates the process of identity
mapping. At the same time, zero-padding is employed in cases where
there is a requirement to increase the dimensions. This implies that
residual models do not incorporate additional parameters compared to
their non-residual counterparts.

GoogLeNet: GoogLeNet, Google’s deep learning network, won the
ILSVRC in 2014. GoogLeNet outperforms other deep learning networks
due to its unique features: This method reduces processing demands by
using 1x1 convolution to reduce dimensions. This reduction in comput-
ing overhead permits network complexity and scale to rise. AlexNet, VG-
GNet, and ResNet 18, 50 used identical convolution sizes for each layer,
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Algorithm 2: DL algorithms for sleep/awake cycle detection
model.

1: Step 1: Encode Categorical Variables for the Target Class
2: Let x, represent a categorical variable. The encoding function is

0, if in sleep state,
X; = s (6)
1, if in awake state.

: Step 2: Apply Cross-Fold Validation

: Let D denote the dataset. Split D into k subsets {D,,D,,...,D,}. i=1to k
: Trainon U, D;.

: Validate on D;; compute performance metrics.

: Step 3: VGGNET

: Max Pooling formula

ONO U AW

I t_size — Pool_si
Output size = nput_size : oolsize | | )
Stride
9: Calculate padding size: [% .
10: Check if accuracy meets the desired threshold.
11: Step 4: AlexNet Architecture
12: Implement AlexNet with a 1000-channel softmax layer
i B
a
b = hidd ®)
x.y min(N—1i+n/2), ]
LR DY (a3,
13: Step 5: ResNet 18 and 50
14: Initialize parameters
Nz-1)
P(h;=1|v,)=sigm <czj + Wy, u> ©)]
i=1
n;
P(U;:l|h_,):sigm<bzi+zu/z,jhzj> (10
=1

Ay
P (R, =11v;) =sigm <czj +y I/V_,,jv;> an
i=1

15: Step 6: GoogLeNet and Inception V3
16: Define subsample function

¥, = subsample(x, g)[n] =g (x(,,_l)mﬂ-m)

y = subsample(x, g) = [,]

i % _ 1

m ox m
max(x), o _ ) 1 ifx;=max(x),
gx)= 9%, 0 otherwise (12)

lxll, = (S [xl)”

1/p-1 -1
o= (5 ) e

whereas GoogLeNet does not. Multiple layers, including 1x1 Conv, 3x3
Conv, 5x5 Conv, and 3x3 max-pooling, are processed simultaneously on
the preceding input and merged at the output. GoogLeNet’s combination
of global average pooling and sub-sampling is another breakthrough.
(f, g)[n] represents the subsample’s nth element in Eq. (12). Fully Con-
nected (FC) layers, like AlexNet’s, connected all inputs to all outputs at
the network’s tail end. To avoid this trend, GoogLeNet uses global aver-
age pooling to average each 7X7 feature map to 1x1 near the network’s
end. We maintained the last FC1000 layer for newborn sleep/wake cycle
classification to save time and computational resources.

Inception -V3: The Inception-V3 model signifies the third iteration
of the GoogLeNet architecture, with a notable focus on the factoriza-
tion principle. Inception-V3 is characterized by several key features,
which are as follows: The process of decomposing into smaller convo-
lutions. The factorization process into asymmetric convolution involves
decomposing a given expression or equation into a series of asymmet-
ric convolutions. The utilization of an auxiliary classifier, particularly
one positioned on the ultimate 17x17 layer. Optimizing the reduction
of grid size for improved efficiency. The main objective of factorizing
CNNs is to reduce the number of connections or parameters while main-
taining the network’s overall efficiency. As a consequence of this phe-
nomenon, there is a decrease in the vulnerability to overfitting, enabling
the utilization of more complex network architecture. Despite utilizing
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42 CNN layers, the computational cost remains around 2.5 times higher
compared to GoogLeNet while exhibiting superior effectiveness and ef-
ficiency compared to the VGG network. The comprehensive structure
of Inception-V3 is illustrated in Table 2. The meta-architecture pro-
vides a framework for organizing and understanding the interaction
between the CNN modules. On the other hand, the feature extractor
is a DCNN truncated at a specific intermediate Convolutional step. The
last layer can be modified to suit the categorization of sleep/wake stages
in neonates. To train the final layer, we utilize pre-existing weights that
have been frozen. Our training efforts are concentrated on the output
layer of the architecture, specifically employing newborn video frames
to classify sleep and wake states. To validate the transfer learning ap-
proach’s effectiveness in classifying neonates’ sleep/wake staging. In
the deep learning model, it is considered that the lower layer of CNN
refers to general features (problem-independent). In contrast, higher lay-
ers refer to task-specific features (problem-dependent), as our database
contains neonatal facial regions of the different patterns (e.g., RGB,
Thermal, Amber, Grayscale, High Contrast, Hot metal, Red-blue) are
around 0.2 million for each pattern, so we prefer to train the last two
layers of all seven CNN models, e.g., in the GoogLeNet model we retrain
the ‘loss3-classifier’ and ‘output’ that contains information on how to
combine the features that the network extracts into class probabilities,
a loss value, and predicted labels. For retraining deep learning network
layers, the input video frames have been resized according to the net-
work input, e.g., 299%x299 or 224x224. Neonatal frame databases have
been split into the following ratios to perform this experiment: 70%
training, 10% validation, and 20% testing. For evaluation purposes, all
the results are expressed in terms of Sensitivity, Specificity, and accu-
racy, using leave-one-out cross-validation for training and testing. TP
= VEEG depicts sleep and is correctly identified by our proposed hy-
brid model, FP = VEEG depicted awake and incorrectly identified by
our proposed hybrid model, TN = VEEG depicted awake and correctly
identified by our proposed hybrid model. FN = VEEG is depicted as
awake and incorrectly identified by our proposed hybrid model. The re-
sult is validated with the VEEG dataset collected (in parallel with video
data) and annotated by a neurologist and pediatrician at Suryam New-
born Care and Children Hospital, Gujarat, India.

Fluke® TiX 580 cameras offer a wide range of color palettes [10]
e.g., grayscale or amber with monochromatic effects. In contrast, oth-
ers are designed to make it easier to find obvious changes. These color
palettes have a specified bandwidth determining the palette’s color
range. Normally, color palettes are adjusted manually, while recoding
and analyzing the neonatal facial data we set the saturation color to “OF-
F”. One of the main reasons for not using the saturation option is to avoid
extremely high and low-temperature effects. As a result, smooth images
are recorded with slight variations of patterns in their color palette re-
gion. Fig. 2 shows the effect of video frames with saturated color and
without saturated color.

Transfer learning on RGB, Iron-bar, Grayscale, and High Contrast
database: Seven well-known deep-learning networks have been adopted
to retrain the last two and classify neonates’ sleep/awake staging. Over-
all testing accuracy of the retrained networks on raw video frames
(Table 3) and preprocessed video frames (Table 2). However, statisti-
cal results show that the overall accuracy of these facial patterns is not
quite encouraging to be used for classifying neonates’ sleep/wake stag-
ing.

Transfer learning on Amber, Hot metal, Red-blue database: Fig. 2
shows the texture pattern of the neonate’s facial region of amber effect.
Retraining the last two layers of a well-known deep learning neural net-
work to classify neonates’ sleep/awake staging. Generally, testing the ac-
curacy of the retrained networks on raw and preprocessed video frames
is not quite promising for VGG16, VGG19, AlexNet, ResNet-18, and
GoogLeNet. However, ResNet-50 performs better on hot metal neonatal
facial patterns, and the overall Inception-V3 model showed the best clas-
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Table 2
Performance of neonatal sleep-wake classification (leave-one-out cross-validation) using different DL models using intensity-based face-region video frames.
VGG16 VGG19 AlexNet Inception-V3 ResNet-18 ResNet-50 GoogLeNet
Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp
Intensity RGB Neonates Images 61.3 56.1 64.3 60.3 63.1 57.3 551 50.3 59.2 553 66.1 481 551 40.3 653 53.1 40.7 59.1 53.1 56.6 50.4
Intensity Iron-bar Neonates Images 58.3 61.3 56.1 53.3 48.3 55.1 56.3 50.2 649 66.8 69.2 649 56.2 60.1 559 48.2 40.5 54.3 51.5 48.1 54.6
Intensity Amber Neonates Images 45.3 58.2 421 56.1 60.2 539 57.1 59.3 551 751 729 788 581 543 645 53.4 287 783 51.2 33.7 743
Intensity Grayscale Neonates Images 63.3 58.1 683 653 60.1 683 53.1 49.6 56.2 55.3 66.1 42.1 50.1 30.1 60.5 55.1 30.8 70.1 57.1 55.3 58.4
Intensity High Contrast Neonates Images 60.2 45.3 65.3 63.4 55.1 75.6 66.1 69.3 625 588 544 653 49.9 487 521 51.3 428 653 66.1 69.3 62.5
Intensity Hot metal Neonates Images 45.3 429 479 553 703 351 483 79.1 352 77.1 653 86.3 63.1 482 759 80.9 843 76 48.3 79.1 35.2
Intensity Red-blue Neonates Images 61 549 69.1 50.2 30.6 75.1 56.4 68.1 40.3 859 885 83.6 623 683 56.1 553 66.1 421 523 43.8 61.3
Table 3
Performance of neonatal sleep-wake classification (leave-one-out cross-validation) using different DL models based on raw video frames.
VGG16 VGG19 AlexNet Inception-V3 ResNet-18 ResNet-50 GoogLeNet
Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp Acc  Se Sp
Raw RGB Neonates Images 55.3 50.1 583 589 61.3 56.5 521 486 551 523 60.1 456 521 39.3 63.3 49.2 43.7 56.1 489 542 453
Raw Iron-bar Neonates Images 53.1 49.1 56.2 51.1 486 542 53.1 47.1 59.1 623 65.1 60.1 532 551 508 456 424 51.2 49.2 452 527
Raw Amber Neonates Images 43.3 45.2 421 541 585 50 54 56.2 522 731 719 758 546 51.3 59.5 523 257 80.3 50.2 30.6 75.1
Raw Grayscale Neonates Images 56.6 58.1 53.4 60.2 555 641 50.2 476 53.1 521 623 40.1 49.9 332 643 521 325 655 56.1 543 584
Raw High Contrast Neonates Images 55.1 56.3 54.4 554 451 64.3 649 633 66.2 57.8 524 623 423 447 483 499 487 521 553 41.2 80.6
Raw Hot metal Neonates Images 444 439 419 53.2 683 349 453 721 378 731 61.3 853 59.3 50.2 69.1 79.3 823 75 66.7 50.3 82.6
Raw Red-blue Neonates Images 58.8 55.7 62.1 483 285 73 53.6 63.1 44.3 80.3 774 829 595 648 53.7 51.3 428 653 623 553 753

Table 4
Performance of neonatal sleep-wake classification (leave-one-out cross-validation) using different DL models using EEG signals and intensity-based neonatal video
frames.
VGG16 VGG19 AlexNet Inception-V3 ResNet-18 ResNet-50 GoogLeNet
Acc Se Sp Acc Se Sp Acc Se Sp Acc Se Sp Acc Se Sp Acc Se Sp Acc Se Sp
Intensity-Base RGB Neonates Images+EEG 44.4 439 419 53.2 68.3 349 453 72.1 37.8 73.1 61.3 85.3 59.3 50.2 69.1 79.3 823 75 66.7 50.3 82.6
Intensity-Base Iron-bar Neonates Images+EEG 52.1 48.6 55.1 55.3 50.1 58.3 52.3 60.1 45.6 49.2 43.7 56.1 62.3 55.3 75.3 52.3 25.7 80.3 53.2 55.1 50.8
Intensity-Base Amber Neonates Images+EEG 53.1 49.1 56.2 56.6 58.1 53.4 43.3 45.2 42.1 59.5 64.8 53.7 48.9 54.2 45.3 49.2 45.2 52.7 45.6 42.4 51.2
Intensity-Base Grayscale Neonates Images+EEG 58.9 61.3 56.5 58.8 55.7 62.1 48.3 285 73 73.1 71.9 75.8 62.3 65.1 60.1 54.6 51.3 59.5 49.9 48.7 52.1
Intensity-Base High Contrast Neonates Images+EEG 64.9 63.3 66.2 50.2 47.6 53.1 54 56.2 52.2 54.1 58.5 50 57.8 52.4 62.3 42.3 44.7 48.3 52.1 32.5 65.5
Intensity-Base Hot Metal Neonates Images+EEG 53.6 63.1 44.3 55.4 45.1 64.3 55.1 56.3 54.4 60.2 55.5 64.1 52.1 62.3 40.1 51.3 42.8 65.3 49.9 33.2 64.3
Intensity-Base Red-Blue Neonates Images+EEG 52.1 39.3 63.3 51.1 48.6 54.2 53.1 47.1 59.1 85.9 83.2 88.9 50.2 30.6 75.1 55.3 41.2 80.6 56.1 54.3 58.4

sification result for red-blue facial patterns with an accuracy of 85.9%.
The main reason for getting better performance with the Inception-v3
model is its slightly different architecture as compared to other existing
models, a second red-blue facial pattern seems to be smoother to help the
inception model to classify neonates’ sleep/wake staging. The results in
Tables 2—4 offer a comprehensive assessment of various deep learning
models, including VGG16, VGG19, AlexNet, Inception-V3, ResNet-18,
ResNet-50, and GoogLeNet, applied to the task of classifying neona-
tal sleep/wake stages. These evaluations encompassed diverse datasets,
each characterized by different intensity-based RGB neonatal images
combined with EEG data. These datasets covered various color palettes,
such as iron-bar, amber, grayscale, high contrast, hot metal, and red-
blue, providing a comprehensive exploration of multi-modal inputs. A
remarkable outcome emerged among these experiments when consid-
ering the ‘Intensity Base Red-Blue Neonates Images+EEG’ dataset. In
this configuration, the Inception-V3 deep learning model exhibited ex-
ceptional performance, achieving an accuracy rate of 85.9% as shown
in Table 4. This outstanding result underscores the effectiveness of our
proposed approach in accurately categorizing neonatal sleep and wake
stages, even when handling the complexity of multi-modal data, which
includes both visual and EEG information.

The transfer learning methodology we have suggested for classifying
neonatal wake/sleep staging has demonstrated encouraging outcomes
compared to previous studies, as stated in the existing literature [14].
This implies that using a Fluke® Tix 580 video camera might be feasible
for discreetly observing fluctuations in neonates’ facial expressions to
categorize their wake and sleep states accurately.
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4. Discussion

This section discusses the importance of an initial inquiry within
a controlled setting. The data-gathering process encompassed the us-
ing fixed camera location, maintaining steady lighting conditions, and
oversight by newborn nurses and pediatricians. The classification perfor-
mance of newborn sleep states in real-world applications of home-based
sleep monitoring for infants may be affected by various problems, in-
cluding but not limited to camera positioning, subject distance, lighting
differences in the room, and video obstructions. Moreover, this research
specifically examined facial variations in neonates in good health. This
approach’s efficacy in newborns with underlying health issues or sleep
difficulties remains uncertain, thus requiring additional research within
these specific clinical populations. This article categorizes newborns’
sleep and wake states into binary classifications. However, a signifi-
cant area for further exploration involves the examination of all three
stages of sleep: active sleep, quiet/deep sleep, and wakefulness. Further-
more, it is suggested that future investigations may delve into producing
three-dimensional (3D) representations of newborns’ facial structures
using numerous cameras. This approach would enable the examination
of nuanced alterations in facial nerve activity that occur throughout
sleep. This methodology can facilitate the identification, surveillance,
and categorization of sleep-related occurrences, encompassing restless
legs syndrome, periodic limb movement, night terrors/nightmares, head
movement, excessive drowsiness, insomnia, jet lag syndrome, and sleep-
disordered breathing. Advanced image processing techniques can accu-
rately capture specific activities connected to movement circumstances,
surpassing the scope of general facial detection. The proposed model
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omits the complex hand-designed feature extraction process and com-
pensates for the limits of DCNN, CNN, and hybrid models. Furthermore,
although the existing research predominantly concentrates on classify-
ing neonatal sleep/wake stages through transfer learning, potential fu-
ture investigations could exploit the face region and its discernible char-
acteristics, as found by our methodology, to develop a non-intrusive sys-
tem for recognizing neonatal behaviors and abnormalities. This method
can assist pediatricians in predicting and diagnosing several abnormali-
ties, such as sleep disorders, seizures, and sleep staging. It achieves this
by analyzing the variations in neonatal facial motor activity by applying
biomedical image processing techniques. This comprehensive investi-
gation has the potential to function as a significant instrument for the
non-invasive observation of infants, guaranteeing minimal interference
while offering crucial insights into their health. In the future, we will
work on translating our research into clinical practice by addressing
the challenges of data availability and standardization of neonatal sleep
data. To address this, we will collaborate with clinicians and researchers
to collect standardized datasets and develop data collection and annota-
tion protocols. Another challenge is the interoperability of deep learning
models in clinical settings. We will explore techniques for model in-
teroperability and conduct rigorous validation studies to assess model
performance and generalization. Integrating our technology into clini-
cal workflows presents usability, scalability, and regulatory compliance
challenges. We will engage healthcare professionals to understand work-
flow requirements and design user-friendly interfaces. Furthermore, we
will ensure compliance with regulatory standards to safeguard patient
privacy and data security. We have included a more detailed analysis
of existing neonatal sleep classification methodologies. We discuss rel-
evant previous works, such as the studies by Koolen et al. [24], Ansari
et al. [19], and Palmu et al. [25], which employ different approaches
for sleep state classification in neonates using EEG recordings. Koolen
et al. [24] proposed a greedy algorithm using EEG recordings to clas-
sify active and quiet sleep for neonates. However, their approach may
lead to a risk of overfitting by including too many redundant features.
Similarly, [19] designed an 18-layer CNN model to identify quiet sleep
in preterm infants. Still, their approach was based on a “trial-and-error”
strategy, leaving room for further improvement in network architecture.
Palmu et al. [25] developed an EEG-based index for characterizing sleep
states in early preterm infants, highlighting the importance of handling
artifacts often present in EEG recordings. This study represents the first
video-based neonatal sleep monitoring attempt using a transfer learning
approach. In our previous research [14], we evaluated the use of existing
pre-trained networks as feature extractors for neonatal sleep and wake
state classification using video frames. However, we recognize the limi-
tations of using pre-trained models as feature extractors and emphasize
the need for more reliable methods for sleep classification in neonates.

5. Conclusion

In conclusion, our research addresses the crucial need for continu-
ous neonatal sleep monitoring, providing a valuable tool for pediatri-
cians to evaluate neonatal sleep quality comprehensively. Automated
sleep/wake staging tools have gained significance in assisting health-
care professionals in understanding infant sleep patterns. Camera-based
approaches stand out for their non-intrusive and user-friendly attributes,
making them suitable for home-based monitoring.

The authors introduced a pioneering transfer learning approach for
classifying neonatal sleep/wake staging. Our method leveraged a com-
bination of multiple color palettes, including thermal, amber, grayscale,
high contrast, hot metal, and red-blue, captured through a Fluke® (TiX
580) camera. We achieved accurate sleep and wake stage classification
by retraining the last fully connected layers of well-established deep
neural networks such as VGG16, VGG19, AlexNet, Inception-V3, ResNet-
18, ResNet-50, and GoogLeNet. The outcomes in this publication show
how well this method works for correctly categorizing newborn sleep
stages, which we think will be very helpful to the research communi-
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ties. Moreover, through qualitative and quantitative studies, we show
that this discovery is valid for various cutting-edge deep learning pre-
trained networks. To enhance precision, we integrated EEG data with
video data from neonatal subjects and validated our approach using
a rigorous leave-one-subject-out cross-validation strategy. Our results
consistently demonstrated high classification accuracy. Notably, the
Inception-V3 model, when applied to the red-blue color palette video
frames, achieved an impressive accuracy rate of 85.9%. Furthermore,
even with the inclusion of EEG data, our approach maintained the same
high accuracy level, highlighting its robustness. The value of this re-
search to the field is in its ability to enhance classification accuracy,
thus facilitating a more profound comprehension of newborn sleep pat-
terns and their developmental implications. As a result, it can enhance
newborn outcomes over an extended period. Our research contributes
significantly to neonatal sleep monitoring by introducing a practical
transfer learning approach that combines multi-modal video and EEG
data. This approach is a valuable tool for healthcare professionals seek-
ing to assess and understand neonatal sleep quality. The non-intrusive
nature of camera-based technology further enhances its practicality and
accessibility, particularly for home-based monitoring, benefiting pedia-
tricians and caregivers. Hence, it is recommended that future investiga-
tions focus on conducting a study within a residential setting, utilizing
a naturalistic environment. This study should involve a more extensive
dataset of several infants and longer recording durations to authenticate
the proposed methodology.
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