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Abstract—Sleep posture is a critical factor affecting sleep 

quality and long-term health, particularly for the elderly and 

patients with chronic conditions. This research proposes a novel 

hybrid algorithm for real-time, vision-based sleep posture analysis 

by integrating Convolutional Neural Networks (CNN), Long 

Short-Term Memory (LSTM) networks, and MediaPipe pose 

estimation. The primary objective is to accurately classify the four 

main sleep postures—supine, left lateral, right lateral, and 

prone—while incorporating an automated alert system for risky 

behaviors, such as maintaining a prone position for over 15 

minutes or remaining in any static posture for more than 2 hours. 

The system processes video input through a streamlined pipeline: 

MediaPipe first extracts 3D body keypoints, which are then fed 

into a CNN for spatial feature extraction, followed by an LSTM 

network to model temporal dependencies across frames. 

Evaluated on a dataset of 280 video samples from 20 participants 

under both daytime and nighttime conditions, the model achieved 

an accuracy of 96.4% in daylight and 92.8% in low-light 

environments, demonstrating robust performance across varying 

illumination. Comparative analysis confirmed its superiority over 

existing methods, such as depth-based CNN or pressure-sensor 

models. The study concludes that the proposed hybrid system 

offers a practical, non-invasive, and highly accurate solution for 

continuous sleep monitoring, with significant potential for 

deployment in smart healthcare and remote elderly care 

applications. 
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I. INTRODUCTION 

Sleep posture analysis using vision-based systems is 
regarded as a significant technology in the healthcare sector, 
particularly for the elderly and patients requiring special 
monitoring. Although improper sleep postures are not direct 
causes of severe diseases, they can act as contributing factors 
that weaken the body, potentially leading to musculoskeletal 
disorders, spinal problems, respiratory issues, and 
gastroesophageal reflux disease if accumulated over a long 
period. Therefore, maintaining correct sleep posture is not only 
essential for preventing illness but also for prolonging the 
body’s functionality, enhancing quality of life, and reducing the 
risk of future diseases, making it a matter of great importance. 

In this research, a “Novel hybrid algorithm for vision-based 
sleep posture analysis by integrating CNN, LSTM, and 
MediaPipe” was developed, providing a solution for real-time 
sleep posture monitoring. 

Despite these advancements, a significant research gap 
remains in developing a vision-based system that 
simultaneously achieves high accuracy, robust performance in 
varying lighting conditions, real-time processing on affordable 
hardware, and built-in privacy protection. Many existing 
systems rely on specialized sensors like depth cameras or 
pressure mats, which increase cost and complexity [14, 15]. 
Other approaches explore the use of thermal imaging for 
monitoring patients with pressure ulcer risk, focusing on long-
term monitoring and image-based posture detection [4, 5, 6]. 
Other vision-based approaches that process raw video frames 
raise substantial privacy concerns and require significant 
computational resources, making them less suitable for 
continuous, in-home monitoring [3]. Furthermore, many 
solutions lack an integrated temporal model capable of not only 
classifying postures accurately but also continuously monitoring 
posture duration to proactively alert for health risks. This study 
aims to bridge this gap by proposing a novel hybrid algorithm 
that effectively addresses these limitations through a strategic 
integration of MediaPipe, CNN, and LSTM technologies. 

The proposed system possesses advanced capabilities in 
detecting and classifying primary sleep postures, as well as 
identifying risky postures that may lead to health problems, for 
example, prolonged prone positions that can cause breathing 
difficulties, or maintaining the same posture for more than two 
hours, which may result in pressure ulcers. These functions are 
enabled through the integration of three key technologies: 
MediaPipe for 3D pose estimation, CNN for spatial feature 
extraction, and LSTM for temporal sequence analysis of 
movements. 

A distinctive advantage of this system is its ability to 
function effectively even under low-light conditions, which are 
typical during sleep, while maintaining real-time processing 
performance. This research was tested and validated using data 
collected from 20 participants aged between 19 and 21 years, 
with heights ranging from 1.55 to 1.80 meters and weights 
between 45 and 90 kilograms. The dataset was designed to 
include variations in body mass index (BMI) and sleep attire to 
enhance model generalizability. Video recordings were captured 
during both daytime and nighttime under controlled and 
uncontrolled lighting scenarios. The experimental results 
demonstrated superior performance compared to conventional 
methods, with an average accuracy of 94.6% and a significantly 
reduced false alert rate. 
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This research introduces a novel hybrid algorithm for vision-
based sleep posture analysis through a purpose-built integration 
of CNN, LSTM, and MediaPipe. The key innovation lies in the 
specialized fusion strategy that processes 3D skeletal keypoints 
from MediaPipe through a 1D CNN for spatial feature 
extraction, followed by an LSTM network that performs dual 
functions of posture sequence classification and direct temporal 
monitoring for risk alerts. This integrated approach is 
specifically optimized for real-world sleep monitoring 
constraints, including low-light robustness and privacy 
preservation through on-device processing of anonymized 
skeletal data only. 

This innovation not only addresses technical challenges in 
image processing and deep learning but also has high potential 
for practical application in healthcare facilities or elderly 
residences to help prevent and monitor health issues caused by 
incorrect sleep postures, without the need for invasive contact 
sensors that may disturb users. 

II. THEORIES AND RELATED RESEARCH 

A. Sleep Postures Affecting Health and Risk Behaviors 

Sleeping in inappropriate postures for extended periods may 
negatively affect health, particularly among the elderly and 
patients with specific health conditions [1]. The primary sleep 
postures considered to pose health risks can be categorized into 
two main types: 1) prone posture, which may compress internal 
organs and the respiratory system, and 2) maintaining the same 
posture continuously for more than two hours, which may cause 
pressure ulcers and could indicate sleep-related problems. 

The mechanisms through which improper sleep postures 
affect health involve several factors, including tissue and 
circulatory compression, restricted lung expansion, and stress 
exerted on joints and muscles [2]. Medical research has found 
that prone sleeping is associated with a higher risk of sleep 
apnea, while remaining in the same posture for an extended 
duration increases the likelihood of developing pressure ulcers, 
especially among the elderly with reduced blood circulation. 

The sleep posture analysis system in this study was designed 
to detect and monitor three primary risk behaviors: maintaining 
a prone posture for more than 15 minutes and remaining in the 
same posture continuously for over two hours. These criteria 
were established based on medical evidence, which indicates 
that prolonged prone sleeping is linked to an increased risk of 
sleep apnea, while immobility for extended periods is a 
significant risk factor for pressure ulcers, particularly in patients 
or elderly individuals with poor blood circulation. The system is 
therefore capable of issuing real-time alerts, enabling caregivers 
to provide timely assistance. Moreover, research conducted by 
Kim investigated the effects of different sleep postures on 
intraocular pressure (IOP) and ocular perfusion pressure (OPP). 
Participants were instructed to sleep in supine, left lateral, right 
lateral, and prone positions [16]. The findings revealed that the 
prone position resulted in the highest IOP, whereas the supine 
position produced the highest OPP. This proved that sleep 
posture significantly influences intraocular pressure and ocular 
blood flow, with the prone posture potentially being a risk factor 
for eye diseases. These studies indicated that sleep posture has 
substantial impacts on various aspects of health. 

B. MediaPipe 

MediaPipe is a real-time human pose estimation technology 
developed by Google Research, specifically designed for mobile 
devices and edge computing systems. This technology consists 
of two main components: a body region detector and a 3D 
keypoint estimator that identifies 33 keypoints on the human 
body [7]. A key advantage of MediaPipe lies in its high 
benchmarked processing speed, which can exceed 30 frames per 
second on typical smartphones, combined with high accuracy 
even for complex poses, and efficient 3D pose estimation 
capabilities [8]. The use of 3D data (X, Y, Z coordinates) enables 
the system to distinguish complex postures that may appear 
similar in 2D images, such as differentiating between a slightly 
twisted supine posture and a lateral posture, thereby 
significantly improving classification accuracy. 

In this research, MediaPipe was utilized as the fundamental 
component for extracting body keypoints from video frames, 
converting pose data into 3D formats, and forwarding the 
processed data to the CNN-LSTM system for further analysis 
[8]. Compared with other technologies like OpenPose and 
PoseNet, MediaPipe proves clear advantages in speed, lower 
system resource usage, and accuracy in real-world environments 
[7]. Although it has some limitations in detection when parts of 
the body are occluded or under very low lighting conditions, this 
study developed image quality enhancement and data 
imputation techniques to address these issues. 

The data obtained from MediaPipe undergoes further 
processing before practical use, including coordinate 
calibration, calculation of angles between keypoints, and 
sequence creation for input into the LSTM network. Overall, 
MediaPipe is the core technology enabling our system to 
effectively detect and track sleep postures in real-time, 
delivering fast and accurate performance [8], making it highly 
suitable for application in sensitive and reliable elderly health 
monitoring systems. 

C. Convolutional Neural Networks (CNN) 

Convolutional Neural Networks (CNN) are neural network 
architectures specifically designed for processing grid-
structured data, such as digital images [9]. They excel at 
automatically extracting spatial features through three main 
mathematical operations: convolution, pooling, and fully 
connected layers. 

The convolution process employs learnable filters or kernels 
to detect various levels of image features, from edges and basic 
shapes to increasingly complex patterns at deeper layers [9]. 
Each layer produces feature maps that represent the response to 
specific spatial characteristics of the image.  Pooling operations 
reduce data dimensionality and improve robustness to small 
spatial variations of objects. Fully connected layers translate the 
extracted features into classification results. 

A limitation of CNN operating alone is that it analyzes only 
single images, which can lead to difficulties in distinguishing 
similar postures, such as supine and lateral postures seen from 
similar camera angles [10]. CNN’s strengths include weight 
sharing in convolutional layers, which reduces the number of 
parameters compared to traditional networks, and hierarchical 
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feature learning that builds from simple to complex features, 
making CNN highly suitable for image analysis tasks. 

In this research, CNN was used in combination with 
MediaPipe to extract deep spatial features from body landmark 
points before passing data to LSTM for temporal relationship 
analysis [10]. This integration enhances the overall system’s 
performance in real-time sleep posture classification. 

D. Long Short-Term Memory (LSTM) Networks 

Long Short-Term Memory (LSTM) Networks are a type of 
Recurrent Neural Network (RNN) designed to address the 
challenge of learning temporal dependencies in long sequential 
data. Traditional RNNs often suffer from gradient vanishing or 
gradient explosion when processing long sequences [11].  
LSTM overcomes these limitations through a memory cell 
mechanism and controlling gates that allow the network to 
selectively remember or forget information as needed. 

The main structure of LSTM consists of three gates: 1) the 
Forget Gate, which determines what information from the 
previous state is retained or discarded; 2) the Input Gate, which 
controls the update of new information into the memory cell; 
and 3) the Output Gate, which decides what information is 
output to the next state [11]. Each gate uses activation functions 
such as Sigmoid and Tanh to regulate values within appropriate 
ranges. This mechanism enables LSTM to effectively learn 
long-term dependencies in time-series data. 

A limitation of standalone LSTM is the lack of inherent 
spatial representation, as it relies on input vectors or embeddings 
[10]. In this research, LSTM was employed to analyze 
sequences of sleep postures derived from body landmark data 
obtained through MediaPipe and processed by CNN. It 
processes dynamic posture changes between consecutive video 
frames, improving accuracy in posture classification and 
detecting risky behaviors such as prolonged static postures or 
abnormal posture transitions. The integration of LSTM with 
CNN enables comprehensive spatial-temporal processing, 
resulting in a robust hybrid model for real-time sleep posture 
analysis. 

E. Integration of MediaPipe, CNN, and LSTM 

The real-time sleep posture analysis system in this research 
relies on integrating the strengths of three core technologies: 
MediaPipe, CNN, and LSTM to form a highly efficient hybrid 
algorithm, where each component contributes sequentially to the 
processing workflow [8], [10], [11]. 

Initially, MediaPipe acts as the pose estimation module, 
detecting and estimating human body keypoints from video 
frames using a lightweight CNN architecture. It provides 3D 
landmarks of the body with high speed and suitable accuracy for 
real-time processing [7], [8]. MediaPipe’s advantage lies in its 
ability to operate on standard devices without reliance on high-
performance servers, reducing raw image complexity into 
structural landmark points that represent sleep postures [7]. 

Next, CNN receives the landmark data from MediaPipe to 
extract meaningful spatial features specific to each sleep posture 
[9]. The CNN architecture is designed to learn deep patterns 
such as the spatial relationships among the head, shoulders, 
arms, and legs associated with supine, lateral, or prone postures. 

Convolutional layers detect key features like joint angles and 
body arrangement. 

Finally, LSTM analyzes the temporal sequence of features 
derived from CNN to detect dynamic posture changes and 
evaluate risky behaviors, such as prolonged static postures or 
abnormal rotations [11]. LSTM plays a critical role in capturing 
temporal dependencies between consecutive frames, reducing 
errors from frame-by-frame classification and improving 
accuracy in detecting complex sleep states, such as transitions 
from lateral to curled postures. 

Together, CNN + LSTM integrate "shape" and "sequential 
behavior" for more accurate posture recognition [10]. The 
combined workflow forms an end-to-end system processing 
from image input to alert generation. 

MediaPipe simplifies raw data, CNN extracts spatial features 
to identify “which posture this is”, and LSTM interprets the 
temporal context to understand “whether the postures in the 
video sequence are continuous or changing”, such as stable 
sleep, posture shifts, or turning over. This integrated approach 
enables comprehensive and highly accurate sleep posture 
analysis at real-time speeds, meeting practical requirements for 
effective elderly healthcare monitoring. 

F. Related Research on Sleep Posture Detection 

In recent years, numerous studies have focused on 
developing sleep posture detection systems using deep learning 
technologies such as CNN and LSTM to improve classification 
accuracy and detect health-risk behaviors. These studies 
commonly utilize video data or sensors to analyze postures in 
real-time and address practical limitations such as low lighting 
or body occlusion by blankets. 

One related study by Tang et al. developed an intelligent 
sleep posture detection system using CNN to analyze pressure 
data from a smart mat [12]. The system classified four main 
postures with high accuracy and included alert functions when 
risky postures, such as prolonged prone sleeping, were detected. 
It was suitable for home use and operated non-invasively 
without disturbing the user. Experimental results showed 
accuracy exceeding 90% in real-world environments. However, 
the system presented in this research offers the practical 
advantage of being completely non-contact, further minimizing 
disturbance to users’ sleep. 

Another study by Chung et al. [13] evaluated the 
performance of Gated Recurrent Neural Networks (GRU), a 
technology related to LSTM, for analyzing temporal sequence 
data. The work focused on classification and prediction of 
sequences, which can be applied to detect posture changes such 
as prolonged immobility or abnormal movements during sleep. 
Results indicated that the gate mechanism improved processing 
efficiency for dynamic data, making them suitable for elderly 
health monitoring systems, though training and deployment can 
be complex. 

Current research still faces three main challenges: 
1) managing body occlusions, 2) enhancing processing speed 
for real-time applications, and 3) increasing accuracy in 
classifying similar postures. This study proposes a novel 
approach integrating the strengths of MediaPipe, CNN, and 
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LSTM to address these limitations, especially in terms of speed 
and classification accuracy. 

III. RESEARCH METHODOLOGY 

A. Novelty in Architecture Integration 

The integration of MediaPipe, CNN, and LSTM in this work 
represents a deliberate architectural design innovation targeting 
the specific challenges of sleep monitoring. Our main 
contribution lies in a specialized fusion strategy that differs 
fundamentally from existing approaches in three key aspects: 

1) Structured data-centric pipeline: Unlike conventional 

vision-based models that process raw pixels, we introduce 

MediaPipe as a pre-processing abstraction layer. This converts 

high-dimensional video data into low-dimensional 3D skeletal 

keypoints before deep learning analysis, creating a privacy-

preserving and computationally efficient foundation.  
2) Dual-function temporal modeling: The LSTM network 

in our architecture is designed for a dual purpose: it not only 

enhances posture classification accuracy through temporal 

sequence analysis but also directly powers the risk alert 

mechanism by continuously tracking posture duration. This 

tight coupling of classification and risk assessment within a 

single temporal model is a novel approach for sleep monitoring 

systems. 
3) End-to-end optimization for real-world deployment: The 

entire architecture is optimized for practical constraints, 

including robustness to low-light conditions via IR camera 

compatibility, and real-time performance on consumer-grade 

hardware through efficient skeletal data processing. 
This targeted integration strategy results in a system that is 

not only accurate but also practical, efficient, and privacy-
conscious, specifically engineered for the demands of in-home, 
long-term sleep monitoring. 

B. System Architecture 

The proposed system receives real-time video input, and the 
output consists of sleep posture predictions along with 
recommendations for posture adjustment in terms of both angle 
and position. The system comprises three main stages: 
1) keypoint extraction, 2) sleep posture prediction, and 3) 
feedback for posture adjustment. 

In the keypoint extraction stage, MediaPipe technology is 
utilized to detect and identify keypoints from the video frames. 
These points are then utilized for posture analysis in the 
subsequent stage. In the posture prediction stage, a hybrid 
architecture integrating CNN and LSTM is applied to classify 
sleep postures and assess whether the user is in a correct or 
improper posture, based on the spatial and temporal 
relationships among the detected keypoints. 

In the final stage, the system provides real-time feedback for 
posture correction if abnormalities are detected, while also 
displaying the percentage of similarity to the correct posture. 
This feedback allows users to appropriately adjust their sleep 
posture, which is crucial for preventing potential health issues 
resulting from prolonged improper sleeping positions. 

The system was designed to operate in an end-to-end 
manner, starting from video input acquisition, processing, and 
delivering real-time outputs. This design enhances the 
effectiveness of monitoring and improving sleep posture, 
particularly for elderly individuals who require special care. The 
workflow of the proposed system is illustrated in Fig. 1. 

 
Fig. 1. Workflow diagram of the novel hybrid algorithm for vision-based 

sleep posture analysis integrating CNN, LSTM, and MediaPipe. 

Sequence of the Sleep Posture Analysis System: 

1) Load the pre-trained model, which consists of a 

TimeDistributed CNN for learning spatial features from 

keypoints and an LSTM for learning temporal patterns and 

continuity of sleep postures. 

2) Activate the infrared (IR) camera to capture input data 

for posture detection. The camera must be positioned above the 

bed to clearly record the subject during sleep. 

3) Capture video frames from the camera and apply 

MediaPipe to detect body landmarks (pose landmarks) such as 

shoulders, hips, and knees, which are essential for sleep posture 

analysis. 

4) If keypoint detection is successful, append the current 

frame’s set of keypoints to the accumulated keypoint sequence, 

preparing it for input into the sequence-based model. 

5) Check the completeness of the accumulated keypoint 

sequence: 
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a) If incomplete, continue accumulating data. 

b) If complete, feed the sequence into the CNN+LSTM 

model for behavior classification. 

6) The output from the LSTM is passed through a Softmax 

Layer to obtain the probability values for each sleep posture, 

such as supine, left lateral, right lateral, and prone. 

7) Evaluate the confidence level of the prediction: 

a) If the confidence value is less than 50%, assign the 

label as “Unknown”. 

b) If the confidence value is greater than 50%, display the 

detected posture along with feedback. 

8)  Display the name of the detected posture (e.g., supine) 

and optionally include a feedback alert if the posture is 

inappropriate (e.g., incorrect posture or risk of back pain). 

9) Check whether the user has remained in the same posture 

for an extended period. Two primary conditions are monitored: 

a) Staying in the prone position for more than 15 

minutes. 

b) Remaining in the same posture (any type) for more 

than 2 hours. 

Clear the accumulated sequence of keypoints to prepare for 
the next cycle, and return to the frame-capturing stage for 
continuous real-time analysis. 

C. Dataset Details 

In this research, the dataset used for training and testing the 
continuous sleep posture detection and analysis system was 
collected from 20 participants (12 male, 8 female) aged between 
19 and 21 years (mean = 20.1, SD = 0.8), with heights ranging 
from 1.55 m to 1.80 m and weights between 45 kg and 90 kg, 
resulting in a Body Mass Index (BMI) range of 18.7 to 29.4 
kg/m². This variation in body types helps ensure the model's 
robustness across different physiques. 

To simulate real-world conditions, participants wore a 
variety of sleep attire, including T-shirts with shorts, long-
sleeved pajamas, and tank tops, and were recorded both with and 
without light blankets. 

Video data were captured using a fixed infrared (IR) camera 
positioned directly above the bed at a height of 2.0 meters, 
simulating a typical bedside monitoring setup. Recordings were 
conducted in two primary lighting conditions: 1) Daytime: with 
natural and artificial ambient light (illuminance range: 100–300 
lux), and 2) Nighttime: using only the camera's built-in IR 
illumination (illuminance: < 1 lux) to mimic a dark sleep 
environment. 

The volunteers performed seven predefined posture 
transitions: supine to side (SUSI), side to supine (SISU), supine 
to prone (SUPR), prone to supine (PRSU), side to prone (SIPR), 
prone to side (PRSI), and side to side (SISI). Each participant 
carried out all seven posture transitions in the predetermined 
sequence, yielding a total of 280 video samples with 140 
recorded under daytime lighting and 140 under nighttime 
lighting. The dataset was strategically partitioned into a training 
set (70 videos, 50%), a validation set (28 videos, 20%), and a 
test set (42 videos, 30%) for both lighting conditions. A stratified 
sampling method was rigorously applied during this partition to 

preserve the proportional distribution of the four target sleep 
posture classes within each subset. This approach prevents class 
imbalance in any data split and ensures that the model is 
evaluated on a representative sample of all postures, thereby 
increasing the reliability of the reported accuracy metrics and 
reducing the risk of skewed performance results. 

D. Keypoints Extraction 

The system begins by processing real-time video frames 
using the MediaPipe library, a machine learning framework 
developed by Google specifically for posture analysis. A pre-
trained MediaPipe model was employed to detect 33 body 
landmarks in 3D space (X, Y, Z), where the Z-coordinate 
represents the depth relative to the camera. 

The detected keypoints are converted into JSON format for 
each frame, storing landmark positions along with confidence 
scores. Keypoints include the head, shoulders, elbows, hands, 
hips, knees, and ankles. The keypoint extraction stage of the 
model is capable of processing up to 25 to 30 frames per second 
on standard hardware and remains effective even under partial 
occlusion of the body or in low-light environments. 

The extracted keypoint data are then passed into the CNN 
and LSTM analysis stage to evaluate sleep postures and detect 
risky behaviors, such as prolonged prone sleeping. The use of 
MediaPipe in this process ensures high accuracy in landmark 
detection, with an average error margin of only ±5 pixels, 
making it highly suitable for real-world applications in 
nighttime sleep monitoring. 

E. Pose Prediction  

This system utilizes a deep learning hybrid approach that 
integrates CNN and LSTM to classify sleep postures from real-
time video data. It is specifically designed to detect four primary 
sleep postures: supine, left lateral, right lateral, and prone. The 
model leverages the strengths of both architectures, with CNN 
responsible for extracting spatial features from body keypoints 
detected by MediaPipe in each frame, while LSTM analyzes 
temporal dependencies across consecutive frames. 

The process begins with the use of a TimeDistributed layer 
in combination with a CNN structure, which is designed to 
process sequential data. This layer allows independent 
processing of each video frame while preserving the inter-frame 
relationships. For the LSTM component, a multi-layer 
architecture is employed to capture long-term dependencies in 
posture sequences, particularly for identifying risky behaviors 
such as remaining in the same posture for an extended duration 
or exhibiting abnormal posture transitions. 

In the final stage, a SoftMax layer is applied to compute the 
probability distribution over each posture class, with the posture 
having the highest probability selected as the output. This design 
not only enhances the accuracy of posture classification but also 
enables the system to operate efficiently in an end-to-end 
manner. 

The posture prediction model extracts keypoints from 
MediaPipe, passes them through a Convolutional Neural 
Network (CNN) to learn spatial features, and subsequently 
processes frame sequences with a Long Short-Term Memory 
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(LSTM) network to learn temporal relationships. The process 
can be expressed mathematically as follows: 

1) Input video sequence: Let 𝐼  denote a video sequence 

consisting of 𝑛 frames: 

𝐼 = {𝐹1 ,𝐹2 , … . , 𝐹𝑛},𝐹𝑖 𝜖 ℝ𝐻×𝑊×3 

where, 

𝐹𝑖  is the 𝑖 frame represented as a matrix with height H, width 
W, and 3 color channels (RGB). 

ℝ𝐻×𝑊×3 represents the space of images of size H×W pixels 
with 3 color channels 

2) Keypoint extraction with MediaPipe: Each frame 𝐹𝑖   is 

processed by MediaPipe to extract 33 keypoints: 

𝐾𝑖 = 𝑀𝑒𝑑𝑖𝑎𝑃𝑖𝑝𝑒(𝐹𝑖 ), 𝐾𝑖 𝜖ℝ33×3 

where, 

𝐾𝑖 is the keypoint matrix for the 𝑖 frame (33 keypoints × 3 
coordinates: x, y, z). 

Example keypoints 

- Head (𝐾1 = [𝑥1 ,𝑦1 ,𝑧1]) 

- Left Shoulder (𝐾11 = [𝑥11, 𝑦11,𝑧11]) 

- Right Hip.(𝐾24 = [𝑥24,𝑦24 , 𝑧24])   

3) Spatial feature learning with CNN: Each keypoint 

matrix 𝐾𝑖 is fed into a CNN to extract spatial features. 

𝑣𝑖 = 𝐶𝑁𝑁(𝐾𝑖),𝑣𝑖 𝜖ℝ𝑑 

where,  

𝑣𝑖 is the feature vector of length (𝑑 = 64)  

CNN Architecture 

The architecture consists of a 1D Convolutional layer (filter 
size 3) → ReLU → MaxPooling → Flatten. 

Learned Patterns: The model learns patterns such as joint 
angles and movement speed of specific points. 

4) Temporal sequence learning with LSTM: The sequence 

of spatial features 𝑣 = {𝑣1 , 𝑣2 , … . , 𝑣𝑛} is analyzed by an LSTM 

network. 

ℎ = 𝐿𝑆𝑇𝑀(𝑣), ℎ 𝜖 ℝ𝑚 

where, 

ℎ is the temporal feature vector (𝑚 =32). 

LSTM Mechanism: 

- Forget Gate: Determines which information to 

discard or keep from the previous frame. 

- Input Gate: Adds new information from the current 

frame. 

- Output Gate: Outputs the relevant features. 

5) Posture prediction: 

ŷ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊ℎ + 𝑏), 𝑊𝜖ℝ𝑐×𝑚,𝑏𝜖ℝ𝑐 

where, 

𝑐 is the number of postures (supine, left side-lying, right 
side-lying, prone). 

ŷ is the probability of each posture. 

F. Alert Conditions 

If the LSTM detects a continuous prone posture for more 
than 15 minutes (calculated from the number of frames and the 
frames per second rate), the system will send an alert signal. If 
the user remains in any single posture (whether supine, left 
lateral, right lateral, or prone) for a continuous period exceeding 
2 hours, the system will issue an alert to prompt a change in 
position to prevent pressure ulcers. 

The duration for which a posture is held is calculated from 
the number of consecutive frames and the video's frame rate. 
The formula to convert the frame count into minutes is as 
follows: 

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑚𝑖𝑛 =
𝐹𝑟𝑎𝑚𝑒_𝑐𝑜𝑢𝑛𝑡

𝐹𝑃𝑆 × 60
    

where, 

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑚𝑖𝑛  is the duration the posture is held (in 
minutes). 

𝐹𝑟𝑎𝑚𝑒_𝑐𝑜𝑢𝑛𝑡  is the number of consecutive frames in 
which the posture was detected. 

𝐹𝑃𝑆 is the frame rate of the video (frames per second). 

The sleep posture detection system was trained using 
sequence data over 100 epochs with Early Stopping employed 
to monitor categorical accuracy. Training was automatically 
halted when accuracy plateaued to prevent overfitting caused by 
excessive training. 

Evaluation included generating a confusion matrix and 
calculating the accuracy score to analyze the model’s ability to 
classify postures from videos not previously used in training. 

The system predicts only the current (final) posture rather 
than the initial posture, as its primary purpose is to monitor user 
health by detecting potentially harmful current postures (such as 
prolonged prone sleeping.) 

IV. RESULTS 

A. Experimental Results 

The experimental results of the sleep posture detection 
system under different lighting conditions indicated the 
performance metrics of the developed model separated by the 
four sleep posture classes: supine, left lateral, right lateral, and 
prone. The test dataset comprised 84 video clips recorded during 
daytime and nighttime. The postures with the largest number of 
samples were supine and prone (24 clips each), while left lateral 
and right lateral had equal samples (18 clips each). 

From Table I, the test results indicated that the supine and 
prone postures achieved Precision, Recall, and F1-score values 
above 90%, reflecting that the model can accurately identify 
these two postures during daytime. The model's performance in 
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detecting these postures under daylight conditions is visually 
represented in Fig. 2. In contrast, the classification performance 
for left lateral and right lateral postures slightly decreased, with 
Precision, Recall, and F1-score approximately ranging from 
88% to 89%. 

TABLE I.  CLASS-WISE METRICS FOR DAYTIME IMAGES 

Class Test Precision Recall F1-score 

Supine position 12 93.3% 91.7% 92.5% 

Left lateral decubitus 

position 
9 89.1% 88.9% 89.0% 

Right lateral decubitus 

position 
9 88.5% 88.9% 88.7% 

Prone position 12 91.0% 91.7% 91.3% 

 
Fig. 2. Model testing of the hybrid algorithm for daytime images. 

TABLE II.  CLASS-WISE METRICS FOR NIGHTTIME IMAGES 

Class Test Precision Recall F1-score 

Supine position 12 90.9% 91.7% 91.3% 

Left lateral 

decubitus position 
9 85.7% 88.9% 87.3% 

Right lateral 

decubitus position 
9 84.6% 88.9% 86.7% 

Prone position 12 88.9% 91.7% 90.3% 

From Table II, the test results showed that the supine and 
prone postures achieved relatively high precision and recall 
values above 88%, with F1-scores around 90%, indicating that 
the model performed well in distinguishing clearly visible 
postures even under limited lighting conditions. Fig. 3 illustrates 
the hybrid algorithm model testing results for nighttime images. 
In contrast, the left and right lateral postures showed a slight 
drop in performance, with F1-scores approximately between 
86% and 87%, reflecting the difficulty the model in 
distinguishing similar postures in low-light environments. 
Nonetheless, the overall results proved that the hybrid CNN, 
LSTM, and MediaPipe algorithm maintained strong 

classification capability even in low-light scenarios, which is a 
significant advantage for real-world nighttime applications. 

 

Fig. 3. Hybrid algorithm model testing for nighttime images. 

Table III compares model performance in sleep posture 
analysis between daytime and nighttime images. The model 
achieved higher accuracy during daytime at 96.4%, while 
accuracy decreased to 92.8% at night, indicating that lighting 
conditions affect posture classification performance. The model 
tends to generate more misclassifications or confusion when 
processing low-light or nighttime images. 

TABLE III.  COMPARISON OF DAYTIME VS. NIGHTTIME ACCURACY 

Lighting Condition Video Accuracy (%) 

Daytime 42 96.4% 

Nighttime 42 92.8% 

 
Fig. 4. Confusion matrix (daytime scenario). 
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From Fig. 4, the model’s evaluation under daytime lighting 
conditions showed that it correctly classified all samples in the 
supine, left, and right classes with no mispredictions, 
demonstrating the model’s strong ability to recognize distinctive 
features of these postures. However, there was one 
misclassification in the prone class, where one prone posture 
was predicted as right lateral. This confusion may have arisen 
due to the similarity of postures, such as a prone posture with 
the body or arms twisted in a manner resembling the lateral 
posture, leading to model misinterpretation. 

 
Fig. 5. Confusion matrix (nighttime scenario). 

Fig. 5 presents the model’s evaluation under a nighttime 
lighting scenario. Despite limited lighting, the model performed 
effectively with an overall accuracy of 92.8% based on 42 test 
clips comprising 12 supine clips, 12 prone clips, and 9 clips each 
for left and right lateral postures. Most posture classifications 
were correct, with only 3 misclassifications occurring due to 
confusion among similar postures. According to the confusion 
matrix, one supine posture was misclassified as prone, one prone 
posture was misclassified as right lateral, and one left lateral was 
misclassified as right lateral. The right lateral posture, however, 
was correctly classified in all nine instances. The confusion 
between prone, left, and right postures likely reflects the 
challenge of distinguishing postures under low light, where body 
features such as head tilt or arm positioning may be unclear. 
Additionally, partial occlusion by blankets reduces distinctive 
features needed to differentiate these postures. 

V. DISCUSSION 

A. Comparative Analysis of Posture Detection Models 

We conducted a performance comparison between the 
proposed hybrid CNN-LSTM algorithm and two related studies 
to demonstrate the advancements and strengths of our method. 

The first related work, “Sleep Posture Classification using a 
Convolutional Neural Network” [14], presented a non-contact 
sleep posture monitoring system using depth sensor data and a 
CNN to classify main sleep postures, including supine, left 
lateral, right lateral, and prone. This system focused on real-
world environments and generated vertical distance maps from 
depth images. It employed a multi-stream CNN architecture to 

enhance classification accuracy. Experimental results with 22 
participants under three conditions (no blanket, thin blanket, 
thick quilt) showed average accuracies of 93.2%, 90.9%, and 
88.6%, respectively. While this approach demonstrates robust 
performance, especially in handling blanket occlusions through 
depth information, it primarily relies on spatial data from a 
single frame. The absence of a temporal component, such as an 
LSTM, limits its ability to model posture transitions and 
continuously monitor posture duration for proactive health risk 
alerts – a key feature addressed by our proposed hybrid model. 

The second study, “Sleep Posture Recognition Method 
Based on Sparse Body Pressure Features” [15], proposed a 
classification method using sparse pressure sensor data from an 
air mattress designed to reduce system cost and complexity. The 
air mattress had four pressure sensors located on the back, waist, 
hip, and leg, and utilized ensemble learning combining models 
such as SVM, XGBoost, RF, GP, and CNN to improve 
accuracy. This approach classified seven sleep postures (e.g., 
supine, side-lying or lateral, prone) with an accuracy of up to 
95.63% and achieved 94.67% accuracy in classifying four 
posture types in real-world scenarios. The system also 
automatically adjusted mattress softness according to detected 
posture to enhance comfort. This sensor-based solution offers a 
valuable non-visual alternative; however, it requires specialized 
hardware (instrumented mattress), which can increase 
deployment cost and may not be as easily scalable or 
retrofittable as our vision-based approach. Furthermore, while 
effective for posture classification, the reliance on pressure maps 

may not capture the full skeletal alignment details that 3D 

keypoints from MediaPipe provide, and its ensemble model may 
lack the integrated spatio-temporal reasoning inherent in our 
end-to-end CNN-LSTM architecture. 

TABLE IV.  COMPARATIVE EXPERIMENTS WITH DIFFERENT MODELS 

Model Accuracy 

MediaPipe + CNN + LSTM 96.40 % (Daytime) 

depth sensor + CNN [14] 93.20 % 

CNN + Autoencoder [15] 95.63 % 

From Table IV, the accuracy comparison clearly showed the 
superiority of the proposed MediaPipe + CNN + LSTM model, 
achieving the highest accuracy of 96.4% compared to other 
models. This advantage results from the hybrid approach that 
integrates the strengths of multiple technologies: MediaPipe 
provides accurate real-time 3D pose information, CNN extracts 
spatial features from postures, and LSTM tracks temporal 
changes continuously. This comprehensive spatial-temporal 
capability enables the system to detect and classify complex 
postures more precisely. Furthermore, the model's robustness is 
reinforced by the diverse dataset, which includes variations in 
body types, clothing, and lighting, reducing the risk of 
overfitting to a specific demographic or environmental 
condition. 

In contrast, the depth sensor + CNN model, with 93.2% 
accuracy, while effective with depth data, lacked critical 
temporal analysis. The CNN + Autoencoder model achieved 
95.63%, but despite good dimensionality reduction, it cannot 
capture long-term posture relationships as effectively as LSTM. 
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This difference indicated that integrating these three 
technologies provided the system with superior detection and 
classification ability, particularly under real-world conditions 
involving lighting limitations and occlusions. 

VI. CONCLUSION 

Sleep posture significantly influences physical health and 
sleep quality, particularly for vulnerable populations such as the 
elderly and chronic patients. Traditional monitoring methods 
often involve invasive sensors or lack the capability for 
continuous, real-time analysis, limiting their practicality for 
long-term home care. To address this gap, this research 
developed a novel hybrid algorithm for non-invasive, real-time 
sleep posture analysis by effectively integrating MediaPipe, 
CNN, and LSTM technologies. 

The system successfully detects and classifies four main 
sleep postures—supine, left lateral, right lateral, and prone—
achieving a high accuracy of 96.4% under normal lighting and 
92.8% under low-light conditions. It incorporates an automatic 
alert mechanism triggered when a prone posture is maintained 
for over 15 minutes or any single posture is held for more than 
2 hours, addressing key health risks such as respiratory issues 
and pressure ulcers. 

The key strength lies in the effective combination of 
MediaPipe’s 3D keypoint detection, CNN’s spatial feature 
extraction, and LSTM’s temporal sequence analysis. This 
integration enables a comprehensive spatial-temporal 
understanding of sleep behavior, resulting in superior accuracy 
compared to depth-sensor or autoencoder-based approaches. 
The system maintains real-time performance with an overall 
end-to-end throughput of 22 frames per second on consumer-
grade hardware, demonstrating strong practical feasibility for 
health monitoring applications. 

For future work, we recommend: 1) expanding dataset 
diversity to include broader age groups and varied sleeping 
environments; 2) optimizing the model for mobile and IoT 
deployment; and 3) integrating with caregiver notification 
systems to enhance comprehensive health surveillance 
capabilities. 
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