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Abstract: Artificial intelligence (AI) has brought lots of excitement to our day-to-day lives. Some
examples are spam email detection, language translation, etc. Baby monitoring devices are being used
to send video data of the baby to the caregiver’s smartphone. However, the automatic understanding
of the data was not implemented in most of these devices. In this research, AI and image processing
techniques were developed to automatically recognize unwanted situations that the baby was in.
The monitoring device automatically detected: (a) whether the baby’s face was covered due to
sleeping on the stomach; (b) whether the baby threw off the blanket from the body; (c) whether
the baby was moving frequently; (d) whether the baby’s eyes were opened due to awakening. The
device sent notifications and generated alerts to the caregiver’s smartphone whenever one or more
of these situations occurred. Thus, the caregivers were not required to monitor the baby at regular
intervals. They were notified when their attention was required. The device was developed using
NVIDIA’s Jetson Nano microcontroller. A night vision camera and Wi-Fi connectivity were interfaced.
Deep learning models for pose detection, face and landmark detection were implemented in the
microcontroller. A prototype of the monitoring device and the smartphone app were developed
and tested successfully for different scenarios. Compared with general baby monitors, the proposed
device gives more peace of mind to the caregivers by automatically detecting un-wanted situations.

Keywords: human pose detection; face detection; deep learning; cloud messaging; hypertext transfer
protocol (HTTP) server; jetson nano

1. Introduction

Smart baby monitoring devices are being used to obtain and send video and audio
data of the baby to the caregiver’s smartphone, but most of these devices are unable
to recognize or understand the data. In this project, a novel baby monitoring device is
developed which automatically recognizes the undesired and harmful postures of the baby
by image processing and sends an alert to the caregiver’s smartphone—even if the phone
is in sleep mode. Deep learning-based object detection algorithms are implemented in the
hardware, and a smartphone app is developed. The overall system is shown in Figure 1.

The research problem addressed in this paper is to develop methods to automatically
detect (a) whether the baby’s face is covered due to sleeping on the stomach; (b) whether the
baby has thrown off the blanket from the body; (c) whether the baby is moving frequently;
(d) whether the baby’s eyes are opened due to awakening. One of the challenges of deep
learning models is running them in embedded systems where resources such as memory
and speed are limited. The methods must work in an embedded system with low latency.
The system should also work in both day and night conditions. The detection methods
should not be biased and be inclusive to all races of babies.

The objective of this study is to develop a baby monitoring device that will auto-
matically recognize the harmful postures of the baby by image processing and send an
alert to the caregiver’s smartphone. The work will be considered successful when the
proposed baby monitor can automatically detect the targeted harmful postures and send a
notification to the smartphone. Experiments with different postures will be conducted and
the latency of the detection algorithms will be measured.
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baby monitor can automatically detect the targeted harmful postures and send a notifica-
tion to the smartphone. Experiments with different postures will be conducted and the 
latency of the detection algorithms will be measured. 

 
Figure 1. The overall smart baby monitoring system: (a) baby sleeping; (b) smart baby monitoring 
device automatically detects harmful postures such as face covered, thrown off the blanket, fre-
quently moving or awake; (c) image data are sent to the smartphone through the Internet with the 
message of any harmful situation; (d) a real-time video of the baby is shown in the smartphone, 
and notifications and alerts are generated whenever the caregiver receives a message of the harm-
ful situation of the baby. 

The needs and significances of the proposed system are mentioned below:  
• About 1300 babies died due to sudden infant death syndrome (SIDS), about 1300 

deaths were due to unknown causes, and about 800 deaths were caused by accidental 
suffocation and strangulation in bed in 2018 in the USA [1]. Babies are at higher risk 
for SIDS if they sleep on their stomachs as it causes them to breathe less air. The best 
and only position for a baby to sleep is on the back—which the American Academy 
of Pediatrics recommends through the baby’s first year [2]. Sleeping on the back im-
proves airflow. To reduce the risk of SIDS, the baby’s face should be uncovered, and 
body temperature should be appropriate [3]. The proposed baby monitor will auto-
matically detect these harmful postures of the baby and notify the caregiver. This will 
help to reduce SIDS.  

• Babies—especially four months or older—move frequently during sleep and can 
throw off the blanket from their body [4]. The proposed system will alert when the 
baby is moving frequently and also whether the blanket is removed. Thus, it helps to 
keep the baby warm. 

• Babies may wake up in the middle of the night due to hunger, pain, or just to play 
with the parent. There is an increasing call in the medical community to pay attention 
to parents when they say their babies do not sleep [5]. The smart baby monitor detects 
whether the baby’s eyes are open and sends an alert. Thus, it helps the parents know 
when the baby is awake even if he/she is not crying. 

• When a baby sleeps in a different room, the caregivers need to check the sleeping 
condition of the baby after a regular interval. Parents lose an average of six months’ 
sleep during the first 24 months of their child’s life. Approximately 10% of parents 
manage to get only 2.5 h of continuous sleep each night. Over 60% of parents with 
babies aged less than 24 months get no more than 3.25 h of sleep each night. A lack 
of sleep can affect the quality of work and driving; create mental health problems, 

Figure 1. The overall smart baby monitoring system: (a) baby sleeping; (b) smart baby monitoring
device automatically detects harmful postures such as face covered, thrown off the blanket, frequently
moving or awake; (c) image data are sent to the smartphone through the Internet with the message of
any harmful situation; (d) a real-time video of the baby is shown in the smartphone, and notifications
and alerts are generated whenever the caregiver receives a message of the harmful situation of
the baby.

The needs and significances of the proposed system are mentioned below:

• About 1300 babies died due to sudden infant death syndrome (SIDS), about 1300 deaths
were due to unknown causes, and about 800 deaths were caused by accidental suffoca-
tion and strangulation in bed in 2018 in the USA [1]. Babies are at higher risk for SIDS
if they sleep on their stomachs as it causes them to breathe less air. The best and only
position for a baby to sleep is on the back—which the American Academy of Pediatrics
recommends through the baby’s first year [2]. Sleeping on the back improves airflow.
To reduce the risk of SIDS, the baby’s face should be uncovered, and body temperature
should be appropriate [3]. The proposed baby monitor will automatically detect these
harmful postures of the baby and notify the caregiver. This will help to reduce SIDS.

• Babies—especially four months or older—move frequently during sleep and can throw
off the blanket from their body [4]. The proposed system will alert when the baby is
moving frequently and also whether the blanket is removed. Thus, it helps to keep
the baby warm.

• Babies may wake up in the middle of the night due to hunger, pain, or just to play
with the parent. There is an increasing call in the medical community to pay attention
to parents when they say their babies do not sleep [5]. The smart baby monitor detects
whether the baby’s eyes are open and sends an alert. Thus, it helps the parents know
when the baby is awake even if he/she is not crying.

• When a baby sleeps in a different room, the caregivers need to check the sleeping
condition of the baby after a regular interval. Parents lose an average of six months’
sleep during the first 24 months of their child’s life. Approximately 10% of parents
manage to get only 2.5 h of continuous sleep each night. Over 60% of parents with
babies aged less than 24 months get no more than 3.25 h of sleep each night. A lack of
sleep can affect the quality of work and driving; create mental health problems, such as
anxiety disorders and depression; and cause physical health problems, such as obesity,
high blood pressure, diabetes, and heart disease [6]. The proposed smart device will
automatically detect the situations when the caregiver’s attention is required and
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generate alerts. Thus, it will reduce the stress of checking the baby at regular intervals
and help the caregiver to have better sleep.

• The proposed baby monitor can send video and alerts using the Internet even when
the parent/caregiver is out of the home Wi-Fi network. Thus, the parent/caregiver
can monitor the baby with the smartphone while at work, grocery, park, etc.

• Do smart devices make us lazy? It surely depends on the ethical and responsible use
of technology. Smart devices allow humans to have more time for creative work by
automating routine tasks [7,8].

There are commercial baby monitoring devices such as the MBP36XL baby monitor
by Motorola [9] and the DXR-8 video baby monitor by Infant Optics [10] available in the
market that can only send video and audio data but are unable to automatically recognize
harmful postures of the baby. The Nanit Pro smart baby monitor [11] can monitor the
breathing of the baby; however, the baby must wear a special breathing dress—which
is an overhead. A recent Lollipop baby monitor [12] can automatically detect crying
sounds and a baby crossing a certain boundary from the crib. The Cubo Ai smart baby
monitor [13] can detect faces covered due to sleeping on the back; however, it cannot
detect a blanket removed, frequent moving, and awake or sleep state from the eyes. The
detailed algorithms used in these commercial baby monitors are not publicly available.
The proposed work embraces an open science approach, and the methods are described in
detail for the researchers to repeat the experiments. The rest of the paper is organized as
follows. In Section 2, materials and methods are discussed with the proposed detection
algorithms and the prototype development. Results are discussed in Section 3. In Section 4,
the discussion and the limitations of the study are presented. Finally, Section 5 presents
the conclusion.

2. Materials and Methods

The steps taken to develop the detection algorithms of harmful and undesired sleeping
postures from image data and prototype development of the smart baby monitor are briefly
shown in Figure 2. They are described below.
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2.1. Detection Algorithms 
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2.1. Detection Algorithms

The experimental setup as shown in Figure 3 is used to develop the alerting situation
detection algorithms. A night-vision camera [14] is interfaced with an NVIDIA Jetson
Nano microcontroller [15]. Realistic baby dolls [16–20] of both genders and different
races—Asian, Black, Caucasian, Hispanic—were put under the camera during experiments.
Both a daylight condition and night vision condition—where the doll is illuminated by
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infrared light—were taken into consideration. A brief description of the detection of the
four alerting situations—face covered, blanket not covering the body, frequently moving
and awake—is described below.
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Figure 3. Experimental setup: a night-vision camera (a) is interfaced with an NVIDIA Jetson Nano
microcontroller (b). Monitor, wireless keyboard, and wireless mouse (c) were connected with the
Jenson Nano. Realistic baby doll (d) of both genders and different races were put under the camera
during experiments.

2.1.1. Detection of Face Covered and Blanket Removed

The nose of the baby is detected from the image to decide whether the face is covered
due to sleeping on the stomach or for other reasons. To detect a blanket removed, the
visibility of the lower body parts such as the hip, knee, and ankle are detected. The
pseudocode for a face covered and blanket removed detection is shown in Figure 4.
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Figure 4. Pseudocode for a face covered and blanket removed detection.

Pose detection techniques [21–23] are used to detect the body parts. Densenet 121 [24]
is used as the backbone network for feature extraction. The features are then fed into
two-branch multi-stage transposed convolution networks. These branch networks simulta-
neously predict the heatmap and Part Affinity Field (PAF) matrices. The model was trained
for 160 epochs with the COCO [25] dataset. The COCO dataset is a large dataset containing
1.5 million object instances and 80 categories of objects. It has images of 250,000 people; of
them, 56,165 people have labeled key points such as nose, eye, ear, etc. [26].

The heatmap is a matrix that stores the confidence of a certain pixel containing a
certain part. There are 18 heatmaps associated with each one of the body parts. PAFs
are matrices that give information about the position and orientation of pairs. A pair
is a connection between parts. They come in couples: for each part, there is a PAF in
the ‘x’ direction and a PAF in the ‘y’ direction. Once the candidates for each one of the
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body parts are found, they are then connected to form pairs guided by the PAFs. The line
integral along the segment connecting each couple of part candidates are computed over
the corresponding PAFs (x and y) for that pair. A line integral measures the effect of a PAF
among the possible connections between part candidates. It gives each connection a score,
that is saved in a weighted bipartite graph. The weighted bipartite graph shows all possible
connections between candidates of two parts and holds a score for every connection. Then,
the connections are searched that maximize the total score; that is, solving the assignment
problem using a greedy algorithm. The last step is to transform these detected connections
into the skeletons of a person. Finally, a collection of human sets is found, where each
human is a set of parts, and where each part contains its relative coordinates.

2.1.2. Frequent Moving Detection

The motion of the baby is detected by image processing [27,28]. To detect motion,
the captured image is first converted to grayscale, as color information is not required
for motion detection. Then, Gaussian Blur [29] is applied to smooth the image. In the
Gaussian Blur operation, the image is convolved with a Gaussian filter. The Gaussian
filter is a low-pass filter that removes the high-frequency camera noises. Then, an absolute
difference image is calculated by subtracting the image from a previously captured image.
The previously captured image is captured, gray-scaled, blurred and saved one second
before. The difference image contains larger values where motion is detected, and smaller
values where no or insignificant motion is detected. The image is then threshold [30] to
make it a binary-black and white-image. It converts the motion regions to white and non-
motion background regions to black. Then, the white region is enlarged by dilation [31]
and contours [32] are drawn around them. Then, the area of each contour is calculated. If
the area of any contour is larger than a threshold area, then it indicates a transient motion.
This thresholding avoids small movements to be considered as a transient motion.

The term frequent moving is defined if there is at least one transient motion in every
three consecutive blocks of time. A block of time is declared to be 10 s. Whenever a
transient motion is detected, a block movement flag is set as true. A first-in-first-out (FIFO) of
size three is used to store the last three block movement flags. After every 10 s, an item
from the FIFO is removed and the block movement flag is put in the FIFO. The block movement
flag is then set as false. If all the entries of the FIFO are true, then a frequent moving flag is set
to true.

2.1.3. Awake Detection

To detect whether the baby is awake or asleep, the eye landmarks from the image are
processed. The flowchart for awake detection is shown in Figure 5.
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The face of the baby is detected using the Multi-Task Cascaded Convolutional Neural
Network (MTCNN) [33]. It is a deep learning-based method. It can detect not only faces
but can also detect landmarks such as the location of the two eyes, nose, and mouth. The
model has a cascade structure with three networks. First, the image is rescaled to a range
of different sizes. Then, the first model (Proposal Network or P-Net) proposes candidate
facial regions. Addition processing such as non-maximum suppression (NMS) is also used
to filter the candidate bounding boxes. Then, the second model (Refine Network or R-Net)
filters the bounding boxes, and the third model (Output Network or O-Net) proposes facial
landmarks. These three models are trained for face classification, bounding box regression,
and facial landmark localization namely. It was found that reducing the brightness and
increasing the contrast of the image gives better face detection for both day and night light
conditions. Therefore, the brightness and the contrast are adjusted of the image before
passing it through the MTCNN. The eye landmarks detected by the MTCNN only provide
the location of the eyes and cannot be used to detect whether the eyes are open or closed.

Once the face bounding box is detected, the region of interest (ROI) is then passed
to a facial landmark detector [34–36]. In this method, regression trees are trained using a
gradient boosting algorithm with labeled datasets [37] to detect the x and y locations of
68 points on the face such as on the mouth, eyebrows, eyes, nose, and jaw. On each eye,
the six locations are detected, as shown in Figure 6. The eye aspect ratio (EAR’) is then
calculated using Equation (1).

EAR′ = (BF + CE)/2AD (1)
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Figure 6. Eye landmarks. Two points (B and C) on the upper eyelid, two points (F and E) on the
lower eyelid, and two points (A and D) on the two corners of the eye.

When an eye is open, the EAR’ will be larger; when an eye is closed, the EAR’ will be
smaller. The average of the left and right eye EARs are used to find the final EAR. If the
EAR is larger than a threshold, then eye open is detected. The threshold is set to 0.25.

While awake, the baby may blink, and the eye gets closed for a short amount of time.
It is not desirable to change the status to sleeping for blinking, as this is misleading. It is
implemented that if the eye is closed consecutively for a defined number of loop cycles,
then sleep is detected. In the same way, if the eye is opened consecutively for a defined
number of loop cycles, then an awake state is detected.

2.2. Prototype Development

The proposed system consists of the smart baby monitor device and the smartphone
app. They are briefly described below.

2.2.1. Smart Baby Monitor Device

The smart baby monitor device is placed above the baby’s crib. It takes images of the
baby, detects harmful or undesired situations, and sends a notification to the caregiver’s
smartphone. The hardware and the software parts of this device are briefly described below.
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Hardware: The single-board computer—NVIDIA® Jetson Nano™ [15]—is used as the
main processing unit. It is a small size and low-power embedded platform where neural
network models can run efficiently for applications such as image classification, object
detection, segmentation, etc. It contains a Quad-core ARM A57 microprocessor running at
1.43 GHz, 4 GB of RAM, a 128-core Maxwell graphics processing unit (GPU), a micro SD
card slot, USB ports, and other built-in hardware peripherals. A night-vision camera [14]
is interfaced with the Jetson Nano using a USB. When the surrounding light is enough,
such as in the daytime, it captures color images. This camera has a built-in light sensor
and infrared (IR) LEDs. When the surrounding light is low, the IR LEDs automatically
turn on and it captures grayscale images. To connect with the Internet wirelessly, a Wi-Fi
adaptor [38] is connected to the USB port of the Jetson Nano. A 110V AC to 5V 4A DC
adapter is used as the power supply. A cooling fan with pulse width modulation (PWM)-
based speed control is placed above the microprocessor. The hardware block diagram is
shown in Figure 7.
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Software: Linux4Tegra (L4T)—a version of Ubuntu operating system (OS)—is installed
on a 32 GB SD card of the Jetson Nano board. The application software is developed in
Python language and the necessary packages are installed.

The device connects to the home router using Wi-Fi to access the Internet. To stream
real-time video to the smartphone and to receive commands from the smartphone that
is outside of the home Wi-Fi network, the device must be accessed from outside of the
home network. A Hypertext Transfer Protocol (HTTP) server, known as Flask [39], is
implemented in the device. The device’s private IP is made static and port forwarding [40]
is configured. Thus, the server can be accessed from outside of the home network using its
public IP and the port number.

The smartphone app sends commands using an HTTP GET request to the baby
monitor device to start, stop, and configure settings such as enabling or disabling one or
more detections. Depending upon the words contained in the Uniform Resource Locator
(URL) of the GET requests, call back functions are executed to start, to stop, and to configure
settings of the device. A separate thread is used that captures VGA (640 × 480) images and
stores them in a global object with thread locking [41]. This thread continues to capture
images after it receives the start command. To stream video, a separate thread reads the
captured image from the global object considering thread locking, compresses the image
to JPEG, adds headers to the encoded stream as an image object, and then sends it to
the HTTP client, i.e., to the smartphone. Making a separate thread for streaming video
solves the latency problem that will be caused by the detection algorithms in a single
loop-based program.

After the device receives the start command, a separate thread reads the captured im-
age considering thread locking—to detect the harmful and undesired situations. Depending
upon the detection alerts requested from the user, it continuously executes the requested
detection algorithms—such as face covered, blanket removed, moving, or awake—as
discussed in Section 2.1. To reduce the inference time of MTCNN for face detection and
Densenet121-based body part detection on the Jetson Nano, NVIDIA-TensorRT [42,43] is
used. TensorRT includes a deep learning inference optimizer and runtime that delivers
low latency and high throughput for deep learning inference applications. TensorRT pro-
vides INT8 and FP16 optimizations and the reduced precision significantly reduces the
inference latency.
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If a change occurs in any of the requested detection results, a message containing the
results of the detections is sent to the user’s smartphone using Firebase Cloud Messaging
(FCM) [44]. FCM can send a message of a maximum of 4 KB at no cost using the Internet to
a client app. Using FCM, a smartphone app can be immediately notified whenever new
data are available to sync. The message is sent using a Server key—that is generated from
the cloud server where the smartphone app is registered.

2.2.2. Smartphone App

The Android platform was used to develop the smartphone app. The first screen of the
app contains a WebView object [45] to show the real-time video of the baby; a toggle button
to start and to stop the baby monitor device; labels for displaying alerts, last detection
status update time, and connection status with the baby monitor device using the Internet.
It also contains a button to clear the alerts manually by the user and the button is visible
only when there is at least one alert present.

The app contains a settings menu for configuration. It contains check boxes for
enabling or disabling real-time video and the four detection alerts such as face covered,
blanket removed, moving or awake; textboxes for the baby monitor device’s public IP and
port number; and checkboxes for enabling or disabling voice and vibration alert. To make
an HTTP request to the baby monitor device from the smartphone app, the public IP of
the device is required. If the smartphone is connected with the same Wi-Fi network of the
device, then the public IP of the Wi-Fi network can be auto-filled by pressing a button—
that sends an HTTP request to https://ipecho.net/plain (accessed on 17 June 2021).and it
responds to the IP from where the request was made. Once the user exits from the settings
menu by pressing the back button, the app saves the data in the settings.dat file and sends
an HTTP GET request to the device using the settings word and a binary string indicating
the requested detections in the URL. If the baby monitor device is online, then it responds
with a success message, and the connection status in the app with the device is shown
as connected.

When the user presses the start/stop toggle button, the app sends HTTP GET requests
to the device containing the word start/stop, namely in the URL. After starting, the URL
for the WebView is set as the public IP of the device with port number and thus it shows
the real-time video of the baby in the app. Whenever the detection status is changed in
the device, a new FCM message containing the current status arrives in the smartphone
app. The flowchart in Figure 8 shows the actions taken by the smartphone whenever the
FCM message is received. In this way, the data are synchronized between the device in the
home and the user’s smartphone—at whatever place the user may be in the world. When
it receives an FCM message, a call back function is called and the app saves the current
detection status—such as is face covered, is blanket removed, is moving, or is awake—with
the current date/time information in the status.dat file. The app then generates smartphone
notifications, voice alerts, and vibration alerts—depending on the last detection status
and alert settings. The voice alert is generated using text-to-speech and it speaks out loud
the harmful situation such as “Alert: Face Covered”, “Alert: Blanket Removed”, etc. The
voice alerts and the phone vibration alerts are repeated using a timer. If the FCM message
contains no alerts, then the timer is disabled, speech is turned off, and the notifications are
cleared. The first screen label of the app is then updated to show the current alert status
of the baby. Once the user is aware of the alerts, the user may click a clear alert button to
manually stop the alerts.

https://ipecho.net/plain
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Figure 8. Alert generation after FCM message arrives.

3. Results

The detection algorithm results and the prototype results are discussed below.

3.1. Detection Algorithm Results

The face covered and blanket removed detection results are shown in Figures 9 and 10,
respectively. They show the locations of the detected body parts and the skeleton in green
color on different realistic baby dolls in different light conditions. In Figure 11, the different
processing steps are shown for moving detection. Figure 12 shows the face and eye
landmark detection for awake detection in green color for eye open and eye close situations
in two different light conditions. Here, the EAR is 0.43 in Figure 12a when the eye is open,
and the EAR is 0.17 in Figure 12b when the eye is closed.
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Figure 9. Cont.
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Figure 9. (a–d): captured images of dolls in the day and night conditions; (e–h) nose detected (with 
other body parts), indicating face is not covered; (i–l) nose undetected, indicating face is covered. 
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Figure 10. (a–d): captured images of dolls with a blanket in the day and night conditions; (e–h) 
lower body parts not detected, indicating blanket is not removed; (i–l) lower body parts (such as 
hips) detected, indicating blanket is removed; (m–p) nose undetected and lower body parts de-
tected, indicating face is covered and blanket is removed. 

Figure 9. (a–d): captured images of dolls in the day and night conditions; (e–h) nose detected (with other body parts),
indicating face is not covered; (i–l) nose undetected, indicating face is covered.
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Figure 10. (a–d): captured images of dolls with a blanket in the day and night conditions; (e–h) 
lower body parts not detected, indicating blanket is not removed; (i–l) lower body parts (such as 
hips) detected, indicating blanket is removed; (m–p) nose undetected and lower body parts de-
tected, indicating face is covered and blanket is removed. 

Figure 10. (a–d): captured images of dolls with a blanket in the day and night conditions; (e–h) lower body parts not
detected, indicating blanket is not removed; (i–l) lower body parts (such as hips) detected, indicating blanket is removed;
(m–p) nose undetected and lower body parts detected, indicating face is covered and blanket is removed.
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Figure 11. (a) the previous frame; (b) previous frame grayscaled and blurred; (c) the current frame; 
(d) current frame grayscaled and blurred; (e) absolute difference image between (b) and (d); (f) 
black and white binary image using thresholding; (g) image after dilation; (h) contours shown in 
red. 
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Figure 12. Face and eye landmark detection: (a) eye opened in day (EAR = 0.43); (b) eye closed in 
day (EAR = 0.17); (c) eye opened in night (EAR = 0.42); (d) eye closed in night (EAR = 0.19). 

3.2. Prototype Results 
A prototype of the proposed smart baby monitor device and smartphone app has 

been developed and tested successfully. A photograph of the prototype device is shown 
in Figure 13. The physical dimension of the Jetson Nano board is 69 mm × 45 mm and the 
total power consumption of the proposed device is measured to be around 24.5 watts [46]. 
Different harmful and unwanted situations such as face covered due to sleeping on the 
stomach, blanket removed, frequently moving, and awake were created in baby dolls in 
both daylight and night environments, and the proposed baby monitor was able to detect, 
send, and generate alerts in the smartphone. Some screenshots of the smartphone app are 
shown in Figure 14. The smartphone was taken out of the range of home Wi-Fi and it was 
connected with the Internet using the cellular network. In this scenario, the video stream 
was received, and the alerts were also generated successfully in the smartphone. 

Figure 11. (a) the previous frame; (b) previous frame grayscaled and blurred; (c) the current frame; (d) current frame
grayscaled and blurred; (e) absolute difference image between (b,d); (f) black and white binary image using thresholding;
(g) image after dilation; (h) contours shown in red.
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Figure 12. Face and eye landmark detection: (a) eye opened in day (EAR = 0.43); (b) eye closed in day (EAR = 0.17); (c) eye
opened in night (EAR = 0.42); (d) eye closed in night (EAR = 0.19).

3.2. Prototype Results

A prototype of the proposed smart baby monitor device and smartphone app has
been developed and tested successfully. A photograph of the prototype device is shown in
Figure 13. The physical dimension of the Jetson Nano board is 69 mm × 45 mm and the
total power consumption of the proposed device is measured to be around 24.5 watts [46].
Different harmful and unwanted situations such as face covered due to sleeping on the
stomach, blanket removed, frequently moving, and awake were created in baby dolls in
both daylight and night environments, and the proposed baby monitor was able to detect,
send, and generate alerts in the smartphone. Some screenshots of the smartphone app are
shown in Figure 14. The smartphone was taken out of the range of home Wi-Fi and it was
connected with the Internet using the cellular network. In this scenario, the video stream
was received, and the alerts were also generated successfully in the smartphone.
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Figure 13. Photograph of the smart baby monitor device: (a) closeup view of the device–(1) Jetson Nano microcontroller 
board, (2) USB Wi-Fi dongle, (3) DC power adaptor, (4) power and reset switches; (b) birds eye view of the setup–(5) 
camera with night vision capability, (6) doll with blanket. 
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Figure 14. Screenshots of the smartphone app: (a) The first screen of the app showing live video stream, last status update 
date and time, start/stop toggle button, and connection status; (b) settings window for configuring the devices public IP 
and port, video stream, and detection alerts; (c) voice and vibration alert generated when the baby’s face is covered; (d) 
alert generated in night light condition when the baby threw off the blanket, frequently moving and eye opened due to 
awake. 

Table 1 shows the latency for detecting body parts for the face covered and blanket 
removed detection, moving detection, awake detection, and when all of these detections 
are enabled—for video streaming enabled and disabled cases. Here, it is seen that the de-
tection times are fast (much less than a second)—due to the implementation of NVIDIA-
TensorRT [42,43]. Though video streaming is performed using a separate thread, it is seen 
that the detection latencies are slightly less when video streaming is turned off. After the 
detection, the proposed device sends a notification using FCM to the smartphone. The 
notification generally reaches within a second. 

Figure 13. Photograph of the smart baby monitor device: (a) closeup view of the device–(1) Jetson Nano microcontroller
board, (2) USB Wi-Fi dongle, (3) DC power adaptor, (4) power and reset switches; (b) birds eye view of the setup–(5) camera
with night vision capability, (6) doll with blanket.
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Figure 14. Screenshots of the smartphone app: (a) The first screen of the app showing live video stream, last status update
date and time, start/stop toggle button, and connection status; (b) settings window for configuring the devices public IP
and port, video stream, and detection alerts; (c) voice and vibration alert generated when the baby’s face is covered; (d) alert
generated in night light condition when the baby threw off the blanket, frequently moving and eye opened due to awake.

Table 1 shows the latency for detecting body parts for the face covered and blanket
removed detection, moving detection, awake detection, and when all of these detections
are enabled—for video streaming enabled and disabled cases. Here, it is seen that the
detection times are fast (much less than a second)—due to the implementation of NVIDIA-
TensorRT [42,43]. Though video streaming is performed using a separate thread, it is seen
that the detection latencies are slightly less when video streaming is turned off. After the
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detection, the proposed device sends a notification using FCM to the smartphone. The
notification generally reaches within a second.

Table 1. Latency of detection algorithms on the Jetson Nano device.

Video Streaming Detection Latency (Second)

Yes

Body parts (for face covered and blanket removed) 0.1096

Moving 0.0001

Awake 0.0699

All (Body parts + Moving + Awake) 0.1821

No

Body parts (for face covered and blanket removed) 0.1091

Moving 0.0001

Awake 0.6820

All (Body parts + Moving + Awake) 0.1807

Along with baby dolls, the proposed detection methods were also applied on some
baby images available online, as shown in Figure 15. Here, it is seen that the proposed
methods can successfully detect the no alert situation as in Figure 15a, the face covered
and blanket removed condition as in Figure 15b, the only blanket removed condition as
in Figure 15c,d, the eye closed condition as in Figure 15e, and the awake condition as in
Figure 15f. Frequent moving detection does not need human pose or face detection; thus,
its results do not depend on whether doll or real baby is used.
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Figure 15. Detection methods applied on real baby images: (a) baby sleeping on the back with the 
blanket on—no alert; (b) baby sleeping on stomach causing nose undetected—face covered alert. 
Hip, knee, and ankle are visible—blanket removed alert; (c,d) baby sleeping on the back and nose 
is visible. Hip, knee, and ankle are visible—blanket removed alert; (e) baby sleeping, showing eye 
landmarks (EAR = 0.19); (f) baby awake, showing eye landmarks (EAR = 0.35)—baby awake alert. 

4. Discussion 
Table 2 shows the comparison of the proposed work with other works. To date, there 

is no baby monitor work found in the literature that can detect a thrown off blanket, or 
being awake due to eyes being opened. This research focused on detecting alarmable sit-
uations from image data only. Implementing detections from audio data and other wear-
able sensors is planned for the future.  

To detect the nose for face covered detection, the body parts detection method as 
described in [22,23] are used. Other possible nose detection methods could be the MTCNN 
[33] and the facial landmark detector in [34]. One problem with [34] is that if any of the 

Figure 15. Detection methods applied on real baby images: (a) baby sleeping on the back with the
blanket on—no alert; (b) baby sleeping on stomach causing nose undetected—face covered alert.
Hip, knee, and ankle are visible—blanket removed alert; (c,d) baby sleeping on the back and nose
is visible. Hip, knee, and ankle are visible—blanket removed alert; (e) baby sleeping, showing eye
landmarks (EAR = 0.19); (f) baby awake, showing eye landmarks (EAR = 0.35)—baby awake alert.

4. Discussion

Table 2 shows the comparison of the proposed work with other works. To date, there
is no baby monitor work found in the literature that can detect a thrown off blanket, or
being awake due to eyes being opened. This research focused on detecting alarmable
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situations from image data only. Implementing detections from audio data and other
wearable sensors is planned for the future.

To detect the nose for face covered detection, the body parts detection method
as described in [22,23] are used. Other possible nose detection methods could be the
MTCNN [33] and the facial landmark detector in [34]. One problem with [34] is that if any
of the facial landmarks are covered, then all the other facial landmarks cannot be detected.
As the body parts detection method can be used for both face covered and blanket removed
detection, this method is preferred over other options.

The logic definition of blanket removed detection, isBlanketRemoved, as shown in
Figure 3, can be made configurable by the user using the smartphone. Users may configure
logical OR/AND among the visibleness of hip, knee, and ankle according to their needs
as simply OR-ing these body parts may not be suitable for everyone’s needs. During the
experiment, it was found that sometimes, the detections of some body parts are missed
in a few frames—especially during night light conditions. This detection fluctuation is
common in most object detection algorithms. Training the model with more grayscale baby
images might improve the detections in night conditions.

Frequent moving is defined as if there is at least one transient motion in three consec-
utive blocks of time. The duration of a single block of time and the number of consecutive
blocks can be made configurable by the smartphone app; thus, the user can choose these
values according to their needs.

For awake detection, the MTCNN [33] face detector is used. One limitation of the
available face detectors is that sometimes, it misses the face if it is not aligned vertically.
Another option is to use the Haar cascade [47–49] face detector, which runs fast. However,
it was found during the experiment that it misses the face often, especially if the image
contains a side face and in low light conditions. It is also possible to combine frequent
moving and awake detection using logical AND—so the user will be notified when the
baby is frequently moving when awake only.

Table 2. Comparison with other works.

Work Motorola
[9]

Infant Optics
[10]

Nanit
[11]

Lollipop
[12]

Cubo Ai
[49] Proposed

Live Video Yes Yes Yes Yes Yes Yes
Boundary

Cross Detection No No No Yes Yes No

Cry detection No No No Yes Yes No
Breathing Monitoring No No Yes No No No

Face Covered
Detection No No No No Yes Yes

Blanket Removed Detection No No No No No Yes
Frequent Moving Detection No No Yes No No Yes
Awake Detection from Eye No No No No No Yes

In this work, the focus is given to detections from image data only. It is planned to
process audio data and detect cry sounds in the future. Another future work is to use a
thermal camera to read the baby’s body temperature and generate alters based on those
data. Privacy and security are a concern for this type of device. To make the system more
secure, it is planned to utilize POST requests instead of GET requests and also to encrypt
the data.

The models such as Densenet121 for pose detection, the MTCNN for face detection,
and regression trees for face landmark detections are trained with human images from
datasets such as COCO [25], 300-W [37], etc. As these datasets contain human images of
various postures having complex backgrounds, it can be expected that the models trained
with these images will work with real humans and infants. The experiments carried
out with the online baby images in Figure 14 indicate its applicability with real subjects.
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However, new challenges might be faced when it is tested on real subjects such as baby
sucking thumbnail while sleeping, only side face visible, alignment issues, etc. To solve
these problems, a new dataset of baby images having complex sleeping postures may
need to be developed, the data labelled, and then the models retrained using transfer
learning [50] with the new dataset. It is planned to test the system with real baby subjects
in the future after institutional review board (IRB) approval.

5. Conclusions

In this paper, an intelligent baby monitor device is developed that automatically
detects face covered, blanket removed, frequent moving, and awake using deep learning
and image processing algorithms. The algorithms are implemented in a microcontroller-
based system interfaced with a camera and results show that they run successfully in
real-time with low latency. The device implements an HTTP server and sends alerts to the
caregiver’s smartphone using cloud messaging whenever one or more of these unwanted
situations occur. Though some of the recently available baby monitors implement some
automatic detection features, the proposed work contributes a new study for detecting the
blanket removed from the baby’s body and awake detection by analyzing the eye images.
Applying this new and useful knowledge in baby monitors can imply more peace of mind
for the caregivers. The prototype of the baby monitor device and the smartphone app has
been tested successfully with images and dolls of different races in both day and night
light conditions.
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