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 In present time WSNs are very much used for continuous health care but traditional 
WSN systems do have high energy issue which they face because of continuous data 
transfer. In this paper we present an energy efficient patient monitoring system that 
we have put together using Tiny Machine Learning (TinyML) and the Digital Twin 
concept. We use physiological parameters like temperature, heart rate, and blood 
oxygen saturation (SpO2) to monitor patient health. Also we have put in a TinyML 
based edge decision which classifies the data into normal and abnormal right at the 
sensor node. As opposed to what we see in present WSNs which send out all the 
collected data, our put forth approach only sends out abnormal data which in turn 
greatly reduces unneeded communication. Also we have developed a Digital Twin 
model in MATLAB which we use to do real time patient monitoring and study system 
behavior using data driven input. We evaluate the performance of the put forth system 
by comparing it with a traditional WSN model in terms of data transfer and energy 
use. We present that the TinyML based WSN does in fact reduce the transmission 
rate and achieve great energy savings while at the same time does not sacrifice 
monitoring quality. This approach we put forth improves the efficiency and scalability 
of health care monitoring systems which in turn makes it very suitable for real time 
and resource constrained environment. 
Keywords: WSN, TinyML, Digital Twin, Edge Computing, Patient Monitoring, 
Energy Efficiency 

 
1.Introduction 

For continuous and remote patient monitoring, Wireless Sensor Networks (WSNs) have become an important 
technology in modern healthcare systems. These systems use several sensor nodes to gather physiological data 
like heart rate, body temperature, and blood oxygen saturation (SpO₂), which lets doctors see how a patient's 
health is changing in real time. But traditional WSN-based monitoring systems have a lot of problems, especially 
when it comes to using a lot of energy because sensor nodes keep sending data to centralized servers. This 
shortens the life of the network and makes it less useful in places where resources are limited.Recent progress in 
edge computing and Tiny Machine Learning (TinyML) has made it possible for sensor nodes to process data 
intelligently right at the node level. TinyML lets small machine learning models run on low-power embedded 
systems. 

Recent developments in edge computing and Tiny Machine Learning (TinyML) have made it possible to process 
data intelligently right at the sensor node level. This is a way to get around these problems. TinyML lets small 
machine learning models run on low-power embedded devices, so decisions can be made locally without having 
to constantly talk to the cloud. When sensor data is analyzed at the edge, only important or unusual information 
can be sent, which cuts down on communication and energy use by a lot. 
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Also, the idea of a "digital twin" has gotten a lot of attention as a great way to model and study real-world systems 
in a virtual space. A Digital Twin makes a virtual copy of the physical system that is always up-to-date. This lets 
you monitor, analyze, and improve the system without having to touch the hardware directly. Researchers can 
use this to efficiently simulate patient conditions and test how well the system works in healthcare settings. 

This paper proposes a TinyML-based energy-efficient wireless sensor network (WSN) for monitoring patient 
health that works with a Digital Twin simulation model. At the edge node, the system sorts physiological data 
into normal and abnormal conditions in real time. Using dataset-driven simulation to mimic real-world behavior, 
a Digital Twin based on MATLAB is made. We compare the proposed method to a standard WSN model to see 
if it improves data transmission speed and energy use.  

The results show that combining TinyML and Digital Twin greatly improves system performance by cutting 
down on unnecessary data transmission and making the system more energy efficient. This makes it a good choice 
for smart healthcare applications of the future.                     

2 . Objective 

The main goal of this project is to create an energy-efficient patient monitoring system by combining Digital 
Twin technology, Wireless Sensor Networks (WSNs), and Tiny Machine Learning (TinyML). In traditional 
healthcare monitoring systems, sensor nodes constantly send physiological data like temperature, heart rate, and 
blood oxygen saturation (SpO₂) to a central server. This uses a lot of energy and shortens the life of the network. 
To fix this problem, the proposed system adds a WSN-based framework that collects real-time physiological 
parameters and processes them at the sensor node. The system uses TinyML-based edge intelligence to classify 
patient conditions into normal and abnormal states on the device. This means that data doesn't have to be sent all 
the time. This selective communication strategy makes sure that only important or unusual data is sent, which 
cuts down on communication overhead and makes the system use less energy.The work also aims to create a 
Digital Twin model in MATLAB that can mimic how the real patient monitoring system works in a virtual setting. 
The Digital Twin uses inputs from datasets to mimic how sensors work in real time. This makes it possible to 
monitor, visualize, and analyze performance without having to build physical hardware. A comparative analysis 
is performed between traditional WSN and TinyML-based WSN to assess enhancements in transmission 
frequency and energy efficiency. The results show that the suggested method saves a lot of energy while still 
allowing for reliable health monitoring. This work aims to show that combining TinyML and Digital Twin 
technologies makes systems more efficient, scalable, and reliable, which makes them perfect for next-generation 
smart healthcare applications.  

3. Literature Review 

Wireless Sensor Networks (WSNs) have been thoroughly investigated for healthcare monitoring applications 
because they can continuously and remotely track a patient's health. Early research concentrated on the 
implementation of sensor nodes for the acquisition of physiological data, including temperature, heart rate, and 
blood oxygen saturation, which are subsequently relayed to a centralized system for analysis. But these traditional 
methods depend on constant data transmission, which uses a lot of energy and shortens the life of the network. 

Researchers have come up with energy-saving methods like data aggregation, duty cycling, and adaptive 
transmission strategies to deal with these problems. These methods do cut down on communication overhead to 
some extent, but they don't use smart decision-making at the sensor node level. Because of this, there is still a lot 
of unnecessary data transmission in many real-world situations. 
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Tiny Machine Learning (TinyML) has become a promising way to make devices with limited resources smart as 
edge computing has gotten better. With TinyML, lightweight machine learning models can be put on embedded 
systems, which lets data be processed and decisions be made in real time at the edge. Several studies have shown 
that TinyML works well for finding anomalies and keeping an eye on health. In these cases, only important or 
unusual data is sent to cut down on communication load and save energy. 

The idea of Digital Twin has become really popular lately for modeling and simulating systems in a virtual 
environment. A Digital Twin is like a copy of a thing and it shows what is happening with that thing in real time. 
This allows us to watch what is going on analyze it and make it better without having to touch the hardware. In 
healthcare people have used Digital Twin models to simulate what is happening with patients predict how systems 
will behave and see how they will perform in situations. 

With all the progress that has been made putting TinyML and Digital Twin together for healthcare monitoring 
that is good on energy and uses WSN is not something that many people have looked at. Most of the work that 
has been done. Focuses on making edge processing smarter or simulating systems but it does not combine these 
two things into one framework. 

The Digital Twin is used in this work to fill in the gaps by suggesting a system that uses TinyML and WSN 
together. This system can find anomalies at the edge level. Uses a simulation that is based on MATLAB to show 
what patient monitoring is like in real time. Also we compare the way of doing WSN to the new way that uses 
TinyML to see if it is better, at sending data and using energy. 

4. Proposed system 

The proposed system presents an energy-efficient patient monitoring setup. It combines Wireless Sensor 
Networks (WSNs), Tiny Machine Learning (TinyML), and Digital Twin technology to improve modern 
healthcare systems. The process starts with sensor nodes. These nodes continuously collect real-time 
physiological data from patients, such as temperature, heart rate, blood oxygen saturation (SpO₂), and motion. 
The sensor nodes act as the main data collection units and form the basis of the monitoring system by generating 
continuous streams of health-related data. 

Instead of sending this raw data directly to a central server, the proposed system includes a TinyML-based Edge 
AI module. This module acts as the main intelligence of the setup. It runs a lightweight machine learning model 
within the sensor node, allowing for local data processing and real-time decision-making. The TinyML model 
reviews the incoming sensor data and sorts the patient’s condition into either normal or abnormal based on set 
thresholds or learned patterns. This edge-level intelligence greatly cuts down on the need for cloud-based 
processing, reduces latency, and improves the system’s responsiveness. 

According to the classification results, the operation of the system has two paths. When the condition of the 
patient is normal, The sensor node does not transmit data, but rather enters low power or sleep mode thus 
minimizing the amount of communication (the primary cause of energy consumption in WSNs), conserving 
battery power and prolonging the life of the network. When an abnormal condition occurs, however; the system 
automatically activates data transmission. The detecting of abnormal data causes the immediate sending of the 
abnormal data; this will allow for timely alerts so that medical assistance can be obtained quickly as well as 
protecting the reliability and safety of the system for monitoring purposes. 

Once the data has been transmitted, it is received at a gateway (also known as a sink node) which provides a link 
between the sensor network and central server. The gateway collects data from several sensor nodes and processes 
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it in a basic way if required before sending that data on to the destination using a wireless communication network 
e.g. Wi-Fi or Zigbee or LoRa etc. This allows for fast and accurate transfer of data between nodes on the network. 

Once all the required data has arrived at the Digital Twin server, which acts as a virtual mirror of the real patient 
monitoring system, the data is processed in the Digital Twin environment using the MATLAB development 
environment. The Digital Twin system imports all the dataset library input data (dataset-derived inputs), simulates 
the real-time behavior of the system using the imported dataset-derived inputs, and then replicates sensor 
functioning, decision-making processes, and communication methods. As a result, the Digital Twin provides an 
ability to graphically visualize physiological data and to evaluate the performance of the system. Most 
importantly, the Digital Twin system provides a flexible test and validation environment for evaluating and 
optimizing the entire patient monitoring system without needing to deploy any physical hardware. 

The Proposed  architecture shows that putting together TinyML-based edge intelligence, selective communication 
using Digital Twin simulation into a highly effective healthcare monitoring system that can work at scale. The 
alternate approach enables reducing unnecessary data transmission but still can detect abnormal conditions 
accurately; hence, it provides greater energy efficiency, more reliable operation, and is ideal for next-generation 
smart healthcare applications and_healthcare technologies. 

4.1.Block Diagram 
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5. Results and discussion 

The performance of the suggested patient monitoring system using TinyML along with WSNs is simulated via 
Google colab while the analysis of performance using digital twin is done with help of MATLAB simulations. 
The performances are then analyzed based on three factors; sensors monitoring behavior, data transfer 
effectiveness and power consumption respectively. 

Normal data range 

Sensors 
 

Normal 
ranges 

Abnormal 
conditions 

Body 
Temperature 

36 – 37.5 
°C 
 

> 38 °C 
(fever) 
 

Heart Rate 60 – 100 
bpm 
 

< 50 or > 
120 bpm 
 

SpO₂ 
(Oxygen 
level) 

95 – 100 % 
 

< 92 % 
 

Motion/ 
Activity 

Normal 
body 
movement 

Sudden fall 
/ no 
movement 

                 Table 5.1 Data range    

5.1 TinyML result 

Datasheet:   "patient_monitoring_dataset_200_samples.csv" 

Using Google Colab 

1.Dataset generation using Python 

For this study, a set of data is produced through the use of Python programming language by modeling patients' 
physiological data such as their temperature, heartbeat, SpO2, and movement. The random data are created based 
on normal and abnormal values that represent various illnesses and are subjected to logical conditions. 

 

2.TinyML model: Isolation Forest 

The suggested framework employs Isolation Forest technique as a TinyML model for detecting anomalies in 
physiological sensors. It is an unsupervised learning technique that can detect anomalies without using any labels. 
The parameters considered by the model include temperature, heartbeat rate, SpO₂ levels, and motion activity. 
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An anomaly score is assigned to each input based on which the data is categorized into normal and anomaly 
categories. Classification is performed based on the threshold value. Thus, it becomes possible to perform 
decision-making at edge level with minimal computing resources. 

 

                                                                   Figure 5.1.1 Algorithm 

3.Sensor data classification 

Classification of sensor data is done in the edge node by applying the TinyML algorithm that will help classify 
the health status of the patient. The data collected concerning the physiological parameters such as temperature, 
heart rate, SpO2, and motion will be processed in real time. Depending on the results obtained from the algorithm 
application, the data is then sorted into two groups that include either normal or abnormal. 

 

                                                                          Fig 5.1.2 Classification 

4.Edge decision function 

The edge decision function controls the transfer of data depending on the results obtained from the TinyML 
classification. If the analysis of the sensor data detects that there is no anomaly in the patient's condition, the 
system suppresses the transfer of data and puts the sensor node into sleep mode to save energy. On the other hand, 



 International Journal of Web of Multidisciplinary Studies 
E-ISSN: 3049-2424  

 

IJWOS | Volume 3 Issue 4, April 2026  |  https://ijwos.com                                                                           242 
 

 

if the analysis detects any anomaly in the patient's condition, the system initiates the transfer of data to the 
gateway. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.2 Digital twin result 

In the MATLAB platform, the Digital Twin algorithm is simulated to show the real-time performance of the 
patient monitoring system by using inputs from data sets. The digital twin acts as an alternative to the actual 
patient monitoring system, showing the parameters like temperature, heartbeat rate, and SpO₂ level on graphs. 
The use of digital twin will help in the clear understanding of the patient’s condition. 

The Digital Twin is a reflection of the way the decision-making system works in the TinyML environment. In 
the case where there are no anomalies detected in the sensor readings, the system does not send any data or sends 
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minimal data, which can be seen in the simulations. However, when there are anomalies detected, the system 
immediately sends data, proving its fast response to emergencies. 

Moreover, it is easier to perform the analysis of the performance of the system using Digital Twin, which includes 
analyzing the transmission modes and energy efficiency of the system without the need for any physical setup. 
Various scenarios can be performed in MATLAB to check how the system performs under certain conditions. In 
conclusion, it can be said that the use of Digital Twin model improves the performance of the healthcare 
monitoring system. 

5.3 Compare Normal WSN and TinyML WSN 

In the case of traditional Wireless Sensor Network (WSN), the nodes send all gathered information constantly to 
the server regardless of the nature of the data, be it normal or abnormal. Therefore, such a network consumes 
more energy, causing network traffic and shortening the lifetime of the sensor node. Moreover, as the network 
lacks intelligence at the edge, all computations are centralized, adding more latency. 

However, the WSN employing TinyML employs edge intelligence by incorporating a lightweight ML model 
within the sensor node itself. In place of sending the data to the network, the device first evaluates the sensor 
readings and categorizes them into normal and abnormal. Data is sent only if there is any abnormality present; 
otherwise, normal data is filtered out. 

Conclusively, the performance of TinyML-based WSN is better than that of conventional WSN because it 
consumes less energy, has less data transmission, makes quick decisions, and has improved efficiency and 
accuracy. 

 

 

 

 

 

 

 

 

 

 

 

6. Conclusion 

This paper provides a new patient monitoring solution that employs the concept of WSNs, TinyML, and Digital 
Twins to overcome the drawbacks of existing healthcare monitoring methodologies. The use of TinyML in the 
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design makes it possible to carry out data processing locally at the sensor nodes. Thus, there is no wastage of 
energy through unnecessary data transmission, which greatly enhances energy efficiency. Selective 
communication is used to ensure that only important data concerning the patient's health status is transmitted over 
the network. 

The model of the Digital Twin created in MATLAB enhances the system through a simulation platform that can 
be used to study the actual workings of the system in a virtual environment without deploying the physical system. 
The model makes it easier to validate the performance of the system. 

Comparative study of the conventional WSN model and the TinyML-based WSN reveals that the new approach 
provides high efficiency, high speed, and higher reliability. In general, the adoption of edge intelligence and 
virtualization technology makes the design scalable, economical, and appropriate for contemporary smart health 
care solutions. 
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