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AbstrAct

This paper presents the design of a comparator with low power, low offset voltage, 
high resolution, and rapid speed. The designed comparator is built on 45 𝑛𝑛𝑛𝑛 flip CMOS 
technology and runs 4.2 𝐺𝐺 samples per second at nominal voltage. It is a custom-made 
comparator for a highly linear 4-bit Flash A/D Converter (ADC). The outlined design 
can operate on a nominal supply of 1.8 V. The comparator offset voltage was elevated 
because of this mismatch. To compensate for the offset voltage, we followed a decent 
approach to design the circuits. Therefore, the offset voltage is reduced to 250𝜇𝜇𝜇𝜇. 
The designed comparator has a unity gain bandwidth of 4.2 𝐺𝐺𝐺𝐺𝐺𝐺 and a gain of 72𝑑𝑑𝑑𝑑 at 
nominal PVT, which gives us a considerable measure of authority. The dynamic power 
consumption of the comparator is 48.7𝜇𝜇𝜇𝜇. The layout of this designed comparator has 
been implemented, and the area of the comparator is 12.3 𝜇𝜇𝜇𝜇 × 15.75 𝜇𝜇𝜇𝜇. The re-
sults of pre-and post-layout simulations in various process, voltage, and temperature 
corners are shown.
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IntroductIon 
A comparator is a device that compares between two input 
signals, basically an input analog signal with a reference signal, 
and gives outputs in terms of a digital signal based on the result 
of the comparison. Comparators are widely used in various 
circuits, especially A/D converters (ADC). An ADC application 
is one that requires a quicker operating speed and reduced 
power consumption. They also aim for a reduced noise level and 
a lower offset voltage. The comparator is crucial in obtaining 
greater operating speeds and lower power consumption. The 
comparator we suggest is made using CMOS technology, which 
has strong noise immunity and low static power consumption. 
This article details the design of a comparator for use in a 
4-BIT FLASH ADC with a sampling rate of 4.2 GHz. In such a 
circumstance, the device’s accuracy should be no less than 
1/2 LSB. When the reference voltage and supply voltage are 
identical, the LSB value of an N-bit ADC is provided by the 
following formula:
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 LSB= {VDD/ (2) ^N} (1)

The desired comparator resolution is 112.5 mV for a 
4-BIT converter with a 1.8V supply voltage. In this work, 
we examine the design and operation of a current-based, 
low-power comparator. In order to gain more precision 
and minimize, a competent offset cancellation method has 
been implemented. In this comparator, super low threshold 
MOSFETs are used. In general, in a conventional MOSFET 
structure, the gate capacitance tends to show a higher 
value. For this reason, the threshold of the MOSFETs tends 
to be higher. One of the techniques to obtain a super low 
threshold of MOSFETs is to fabricate the MOSFETs with 
lower gate capacitance. As the gate capacitance is lower 
in these types of MOSFETs, the threshold voltage will 
reduce a lot which will give a better headroom for design, 
to have a great ICMR range, low power consumption, and 
large obtainable gain while keeping all the MOSFETs in 
saturation. SLVT MOSFETs allow doing that. Also, the length 

85

AI Powered Automated Drug Delivery System 
with Real Time Monitoring

 Indhumathi A1*, Dhivya K2

1PG student, Department of Medical Electronics, Sengunthar Engineering College, Thirucengode,Tamil Nadu            
2Assistant proffesor, Department of Medical Electronics, Sengunthar Engineering College, Thirucengode,Tamil Nadu    

KEYWORDS:
Smart Monitoring, Cloud Analytics, 
Deep Learning, Healthcare, 
Real-Time Monitoring, Predictive 
Analytics, Patient Care.

 
ARTICLE HISTORY:
Submitted	: 21.09.2025 
Revised	 	 : 20.10.2025 
Accepted		 : 25.01.2026

https://doi.org/10.17051/NJRFCS/03.02.12

Abstract
The healthcare sector faces significant challenges in monitoring patients’ 
health in real-time, especially for those with chronic conditions. Traditional 
patient monitoring systems lack predictive capabilities and rely heavily on 
manual intervention. This can lead to delays in treatment and poor health 
outcomes. The proposed solution utilizes cloud analytics and deep learning 
techniques for smart patient monitoring. By integrating wearable health 
devices with cloud infrastructure, the system continuously monitors patients’ 
vital signs such as heart rate, blood pressure, and oxygen levels. Deep learning 
models analyze this data to detect anomalies and predict potential health 
risks. The goal is to provide early detection of health deteriorations and offer 
personalized recommendations for treatment. This system aims to enhance 
patient care, reduce healthcare costs, and improve response times to critical 
events. Advantages include real-time monitoring, predictive analytics, remote 
accessibility, and the ability to offer tailored healthcare interventions.
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Introduction
The healthcare industry has witnessed rapid advancements 
in technology, but patient monitoring still presents 
significant challenges, especially in managing chronic 
conditions. Traditional patient monitoring systems often 
rely on periodic check-ups and manual intervention, 
which can delay the detection of critical health issues. 
These methods are particularly insufficient in tracking 
the continuous, dynamic health status of patients, as 
they often fail to detect early signs of deterioration. 
With the increasing number of patients[1] requiring 
constant monitoring, healthcare systems struggle to 
provide the necessary attention and resources, leading 
to inefficiencies and delays in treatment. Furthermore, 
healthcare professionals are often overwhelmed by 
the sheer volume of patient data, making it difficult to 
identify trends and anomalies that could be critical for 
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patient care. This situation highlights the need for a 
more efficient, real-time, and data-driven approach to 
patient monitoring.

To address these issues, integrating advanced technol-
ogies such as cloud computing and deep learning into 
patient monitoring systems offers[2] a promising solu-
tion. Cloud computing provides an efficient and scalable 
platform to collect, store, and analyze vast amounts of 
patient data. By offloading the processing power to the 
cloud, healthcare providers can access data from mul-
tiple sources in real-time, enabling faster and more in-
formed decision-making. Additionally, deep learning al-
gorithms can be employed to analyze complex medical 
data, detect patterns, and predict health risks. These 
machine learning models can process a variety of health 
metrics, including vital signs, medical histories, and 
lifestyle factors, providing healthcare professionals with 
actionable insights that would otherwise go unnoticed.
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A. Operational Transconductance Amplifier
OTA is a fundamental component in the majority of 
analog circuits with linear input-output characteristics. 
It is essentially identical to conventional operational 
amplifiers in which differential inputs are present. The 
primary distinction between OTA and traditional OPAMP is 
that the output of OTA is in the form of current, while the 
output of conventional OPAMP is in the form of voltage. 
The comparator has two special properties.

• Input Swing
• Output Swing

Our target is a small change of ∆VGS as if we get a sharp 
digital output in the comparator. We know, Inverter has 
a very high gain. We make the OTA stage by connecting 
a differential amplifier with an Inverter. All the MOSFETs 

of the MOSFETs was increased to four times of the nominal 
length which has provided the design with a better Noise 
Figure, PSRR, Gain, and CMRR performance.

relAted work

Over decades, the design of a comparator has been 
implemented. With the use of various process technology, 
several researchers have produced a variety of acceptable 
comparator structures for a variety of applications.

Developed a three-stage voltage comparator 
concentrated on improving comparator sensitivity and 
total gain in this design. B. Prathibha et al.[2] suggested a 
three-stage CMOS comparator with a high-speed operation 
to gain a lower static & dynamic power dissipation and a 
smaller offset voltage. Satyabrata et al.[3] compare the 
traditional comparator to the latched and hysteresis-
based comparator. Zbigniew[4] presented the design of 
a comparator for a high-linearity flash ADC, which was 
realized in a 22nm FDSOI process with a 0.8V supply. The 
architecture of a pipelined ADC mismatch insensitive 
dynamic comparator.[5] High-resolution comparators have 
also been designed utilizing offset measurement and 
a cancellation technique involving dynamic latches.[6]  
Consequently, it was suggested to build a dynamic 
comparator with high accuracy and low offset.

This paper focused on the highly linear, low offset 
voltage, high resolution, and low power performance of the 
Comparator. The comparator design given in this paper is 
designed that can be used with flash ADC.

ArchItecture of compArAtor

The comparator circuit is the essential element of every 
ADC. The total performance of the ADC is determined by 
the properties and performance of the comparator. Fig. 
1 depicts the block diagram of the proposed comparator. 
This topology comprises two blocks in it.

• OTA Stage
• Output Stage

Up to the OTA, the stage amplification of analog input 
is performed. Then the buffer stage further amplifies to 
give a level as well as strengthen the OTA OUTPUT signal 
for load driving. After the output buffer stage, a digital 
signal is created on the output side. Fig. 2 depicts the 
schematic of the entire idea.

Fig. 1: Block diagram of the suggested Comparator
Fig. 3: Differential Pair, OTA Stage, and Current Mirror 

for The Comparator

Fig. 2: Schematic of the 45nm CMOS-based 
Comparator
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The integration of wearable health devices is a 
critical component of this solution. Wearables such as 
smartwatches, fitness trackers,[3] and medical-grade 
devices are increasingly used to continuously monitor 
vital signs such as heart rate, blood pressure, oxygen 
levels, and body temperature. These devices offer 
real-time data streams, which are crucial for tracking 
changes in a patient’s health. However, the large volume 
of data generated by these devices can overwhelm 
healthcare providers without proper analytics tools. 
Cloud analytics plays a key role in processing this 
data, enabling the system to identify trends and 
potential health risks before they become severe. 
For example, deep learning algorithms can analyze 
patterns in vital signs to predict heart attacks, strokes, 
or other life-threatening conditions, prompting timely  
interventions.

The goal of this proposed system is to enable proactive 
healthcare management through continuous monitoring, 
real-time analysis, and predictive analytics. By using 
deep learning algorithms, the system can learn from 
historical patient data and adapt its predictions to each 
individual’s health profile. This approach not[4] only 
helps in detecting early signs of illness but also provides 
personalized recommendations tailored to the patient’s 
needs. These recommendations can include lifestyle 
changes, medication adjustments, or immediate 
medical interventions, all of which contribute to better 
health outcomes. The system’s ability to make accurate 
predictions reduces the likelihood of emergencies and 
hospital readmissions, thus improving overall healthcare 
efficiency and patient satisfaction.

Moreover, cloud-based solutions offer remote access, 
enabling healthcare professionals to monitor patients 
from anywhere in the world. This is+ particularly 
beneficial in remote or underserved areas where 
healthcare resources are limited. Patients can benefit 
from continuous monitoring without needing to visit the 
hospital, reducing the strain on healthcare facilities and 
allowing doctors to focus on critical cases. For patients 
with chronic conditions, remote monitoring ensures 
that their health is constantly tracked, and healthcare 
providers can intervene early if necessary. The proposed 
system also offers cost-effective advantages. By 
leveraging cloud infrastructure, healthcare providers 
can reduce the need [6] for expensive on-site hardware 
and storage solutions. Additionally, the real-time data 
analysis and early detection capabilities can lead to 
cost savings by preventing severe health conditions that 
require costly treatments. The system’s predictive nature 
allows for targeted interventions, optimizing treatment 
plans and reducing unnecessary hospitalizations.

The integration of cloud analytics and deep learning into 
patient monitoring systems represents a significant step 
forward in healthcare technology. This solution not only 
addresses the limitations of traditional patient monitoring 
methods but also provides[7] a comprehensive, scalable, 
and efficient approach to managing patient health. By 
utilizing wearable devices, cloud computing, and deep 
learning, healthcare providers can ensure better health 
outcomes, lower costs, and improved patient care. 

This work is organized as Section II presenting a 
review of the literature survey. Section III describes 
the methodology, highlighting its key features and 
functionality. Section IV discusses the results, analysing 
the system’s effectiveness. Lastly, Section V concludes 
with the main findings and explores future implications. 

Literature Survey
Various patient monitoring systems have been developed 
to track vital signs in real-time, but many lack advanced 
analytics for predictive health management. These 
systems often focus on the collection of raw data 
without leveraging sophisticated algorithms to identify 
potential health risks. As a result, the monitoring process 
is reactive rather than proactive, leading to delays in 
intervention. The use of wearable health devices in 
conjunction with cloud computing has shown promise 
in enhancing patient care, allowing for continuous data 
analysis and offering the possibility of early detection of 
health deterioration based on real-time data streams.

The use of deep learning in healthcare has gained 
attention due to its ability to analyze complex datasets 
and extract meaningful patterns. In patient monitoring, 
deep learning models can process various forms of 
medical data, such as vital signs, medical histories ,[8]  
and lab results, to identify trends and predict potential 
health risks. These models are trained on large 
datasets to improve their accuracy over time. With 
the integration of wearable devices, deep learning can 
provide a more personalized and accurate approach to 
monitoring health, allowing for early intervention and 
better patient outcomes.

Cloud-based healthcare platforms are increasingly 
being utilized to store and analyze medical data in 
real-time. By utilizing the vast computational power of 
the cloud, these platforms can handle large volumes of 
data generated by wearable health devices,[9] electronic 
health records, and patient monitoring systems. Cloud 
computing also facilitates the seamless integration 
of data from different sources, making it easier for 
healthcare professionals to access a comprehensive 
view of a patient’s health. Furthermore, cloud analytics 
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A comparator is a device that compares between two input 
signals, basically an input analog signal with a reference signal, 
and gives outputs in terms of a digital signal based on the result 
of the comparison. Comparators are widely used in various 
circuits, especially A/D converters (ADC). An ADC application 
is one that requires a quicker operating speed and reduced 
power consumption. They also aim for a reduced noise level and 
a lower offset voltage. The comparator is crucial in obtaining 
greater operating speeds and lower power consumption. The 
comparator we suggest is made using CMOS technology, which 
has strong noise immunity and low static power consumption. 
This article details the design of a comparator for use in a 
4-BIT FLASH ADC with a sampling rate of 4.2 GHz. In such a 
circumstance, the device’s accuracy should be no less than 
1/2 LSB. When the reference voltage and supply voltage are 
identical, the LSB value of an N-bit ADC is provided by the 
following formula:
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The desired comparator resolution is 112.5 mV for a 
4-BIT converter with a 1.8V supply voltage. In this work, 
we examine the design and operation of a current-based, 
low-power comparator. In order to gain more precision 
and minimize, a competent offset cancellation method has 
been implemented. In this comparator, super low threshold 
MOSFETs are used. In general, in a conventional MOSFET 
structure, the gate capacitance tends to show a higher 
value. For this reason, the threshold of the MOSFETs tends 
to be higher. One of the techniques to obtain a super low 
threshold of MOSFETs is to fabricate the MOSFETs with 
lower gate capacitance. As the gate capacitance is lower 
in these types of MOSFETs, the threshold voltage will 
reduce a lot which will give a better headroom for design, 
to have a great ICMR range, low power consumption, and 
large obtainable gain while keeping all the MOSFETs in 
saturation. SLVT MOSFETs allow doing that. Also, the length 
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enables the use of machine learning algorithms to process 
data and detect anomalies, thus improving diagnostic 
accuracy and enabling timely intervention.

Wearable devices, such as smartwatches and fitness 
trackers, have become common tools for monitoring vital 
signs like heart rate, blood pressure, and oxygen levels. 
These devices offer the advantage[10] of continuous 
monitoring, providing healthcare providers with real-
time data on a patient’s health status. However, the 
data generated by these devices can be overwhelming, 
especially when monitoring multiple patients. To 
address this, cloud-based solutions integrated with deep 
learning models can analyze large datasets efficiently. 
This approach can identify trends and potential health 
risks, providing healthcare providers with actionable 
insights for early intervention and better patient care.

In chronic disease management, continuous monitoring 
is essential to ensure that patients receive timely 
interventions when their condition worsens. Traditional 
methods of monitoring, such as periodic visits to the 
healthcare provider or hospital,[11] often fail to detect 
early signs of deterioration. Wearable health devices, 
combined with cloud-based analytics and deep learning, 
offer a solution by enabling real-time monitoring of a 
patient’s vital signs. These technologies can predict 
adverse events, such as heart attacks or strokes, by 
detecting changes in vital signs and alerting healthcare 
providers in time for preventive measures to be taken.

Predictive analytics in healthcare is a rapidly growing 
field, with machine learning and deep learning algorithms 
playing a key role in improving patient outcomes. 
By analyzing large datasets of patient information, 
including vital signs, medical history,[12] and lab results, 
these models can detect patterns that may indicate an 
impending health crisis. The integration of cloud-based 
platforms further enhances this capability by enabling 
the continuous flow of real-time data. This allows for 
more accurate predictions of health risks, leading to 
early detection and personalized treatment plans that 
reduce hospitalizations and improve patient care in the 
long term.

Remote patient monitoring has emerged as an effective 
solution for managing patients, especially in rural or 
underserved areas where access to healthcare services 
may be limited. Cloud-based platforms and wearable 
devices allow for continuous monitoring[13] of vital 
signs, reducing the need for frequent hospital visits. 
Deep learning algorithms can analyze the collected 
data to identify abnormal patterns and alert healthcare 
providers to potential issues. This approach not only 
enhances the efficiency of healthcare delivery but also 

allows for personalized care plans, improving patient 
outcomes while reducing the burden on healthcare 
systems.

The integration of cloud computing and deep learning 
in healthcare is transforming the way medical data is 
processed and analyzed. These technologies enable real-
time monitoring of patient health[14] and the detection 
of potential risks based on historical and real-time 
data. Cloud platforms allow for large-scale data storage 
and processing, while deep learning models provide 
the ability to analyze complex medical data, uncover 
patterns, and generate predictive insights. 

Patient monitoring systems have traditionally been 
reliant on in-person visits, but advances in technology 
now allow for remote monitoring and management. 
Wearable health devices, combined[15] with cloud-based 
data storage, enable healthcare professionals to track 
a patient’s vital signs continuously, without requiring 
constant physical presence. Deep learning algorithms 
can process the real-time data collected from these 
devices, enabling early detection of abnormalities. 
This allows for timely interventions and personalized 
treatment plans, reducing the need for emergency 
care and hospital readmissions while improving overall 
patient care and outcomes.

In the field of healthcare, the use of artificial intelligence 
and machine learning has gained traction for its potential 
to improve patient outcomes. Deep learning algorithms, 
in particular, have proven effective in detecting subtle 
patterns in medical data that may not be apparent to 
healthcare providers. By analyzing[16] patient data in 
real-time, these algorithms can provide predictions and 
recommend interventions based on a patient’s unique 
health profile. The combination of deep learning with 
cloud analytics enhances the ability to monitor large 
numbers of patients remotely, making it possible to offer 
timely care and reduce healthcare costs.

The challenge of integrating disparate healthcare 
systems and data sources has been a significant obstacle 
in patient monitoring. However, with the advent of cloud 
computing, it has become easier to store and manage 
patient data from multiple sources, such as wearable 
devices, electronic health records,[17] and hospital 
systems. Cloud-based solutions facilitate the integration 
of this data, allowing for real-time monitoring and 
analysis. The combination of cloud storage with deep 
learning models enables the detection of abnormal 
patterns in patient health.

The growing prevalence of chronic diseases has led to 
an increased demand for continuous patient monitoring. 
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A. Operational Transconductance Amplifier
OTA is a fundamental component in the majority of 
analog circuits with linear input-output characteristics. 
It is essentially identical to conventional operational 
amplifiers in which differential inputs are present. The 
primary distinction between OTA and traditional OPAMP is 
that the output of OTA is in the form of current, while the 
output of conventional OPAMP is in the form of voltage. 
The comparator has two special properties.

• Input Swing
• Output Swing

Our target is a small change of ∆VGS as if we get a sharp 
digital output in the comparator. We know, Inverter has 
a very high gain. We make the OTA stage by connecting 
a differential amplifier with an Inverter. All the MOSFETs 

of the MOSFETs was increased to four times of the nominal 
length which has provided the design with a better Noise 
Figure, PSRR, Gain, and CMRR performance.

relAted work

Over decades, the design of a comparator has been 
implemented. With the use of various process technology, 
several researchers have produced a variety of acceptable 
comparator structures for a variety of applications.

Developed a three-stage voltage comparator 
concentrated on improving comparator sensitivity and 
total gain in this design. B. Prathibha et al.[2] suggested a 
three-stage CMOS comparator with a high-speed operation 
to gain a lower static & dynamic power dissipation and a 
smaller offset voltage. Satyabrata et al.[3] compare the 
traditional comparator to the latched and hysteresis-
based comparator. Zbigniew[4] presented the design of 
a comparator for a high-linearity flash ADC, which was 
realized in a 22nm FDSOI process with a 0.8V supply. The 
architecture of a pipelined ADC mismatch insensitive 
dynamic comparator.[5] High-resolution comparators have 
also been designed utilizing offset measurement and 
a cancellation technique involving dynamic latches.[6]  
Consequently, it was suggested to build a dynamic 
comparator with high accuracy and low offset.

This paper focused on the highly linear, low offset 
voltage, high resolution, and low power performance of the 
Comparator. The comparator design given in this paper is 
designed that can be used with flash ADC.

ArchItecture of compArAtor

The comparator circuit is the essential element of every 
ADC. The total performance of the ADC is determined by 
the properties and performance of the comparator. Fig. 
1 depicts the block diagram of the proposed comparator. 
This topology comprises two blocks in it.

• OTA Stage
• Output Stage

Up to the OTA, the stage amplification of analog input 
is performed. Then the buffer stage further amplifies to 
give a level as well as strengthen the OTA OUTPUT signal 
for load driving. After the output buffer stage, a digital 
signal is created on the output side. Fig. 2 depicts the 
schematic of the entire idea.

Fig. 1: Block diagram of the suggested Comparator
Fig. 3: Differential Pair, OTA Stage, and Current Mirror 

for The Comparator

Fig. 2: Schematic of the 45nm CMOS-based 
Comparator
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Traditional methods of monitoring rely on periodic visits 
to healthcare providers, which may not be sufficient 
for patients with conditions that fluctuate rapidly. 
Wearable devices that track vital signs, such as heart 
rate and blood pressure, provide real-time data that 
can[18] be analyzed by cloud-based systems using deep 
learning algorithms. These systems can predict potential 
health risks based on the patient’s unique health profile, 
enabling timely intervention and reducing the likelihood 
of adverse events or hospitalizations.

In recent years, the application of cloud-based 
technologies in healthcare has facilitated the 
development of scalable patient monitoring solutions. 
By storing patient data in the cloud, healthcare providers 
can easily access information from any location,[19] 
improving the ability to respond quickly to changes in a 
patient’s condition. Additionally, cloud-based platforms 
enable the integration of deep learning algorithms, 
which can process large datasets and uncover patterns 
that might indicate potential health issues. 

These algorithms are capable of processing large volumes 
of complex medical data and making predictions based on 
historical trends. By applying deep learning to data from 
wearable devices,[20] healthcare providers can gain real-
time insights into a patient’s health status. This enables 
early detection of health risks, such as arrhythmias or 
strokes, and allows for personalized treatment plans. 
The use of deep learning in patient monitoring is helping 
to improve the accuracy and efficiency of healthcare 
delivery.

Methodology
The healthcare industry is facing challenges in providing 
continuous and accurate monitoring of patients, 
particularly those with chronic conditions. Traditional 
monitoring systems often lack real-time analytics 
and predictive capabilities. The integration of cloud 
analytics and deep learning offers a promising solution to 
these issues. This methodology outlines the step-by-step 
approach for implementing a smart patient monitoring 

system that uses wearable devices, cloud-based storage, 
and advanced deep learning algorithms to monitor 
and predict health outcomes, offering personalized 
recommendations for better patient care.

A. Data Acquisition:

The first phase of the system involves collecting real-
time data from wearable health devices. These devices, 
such as smartwatches, ECG monitors, and blood pressure 
cuffs, are capable of continuously recording vital signs 
including heart rate, blood pressure, oxygen saturation, 
and body temperature. This data is transmitted 
wirelessly to a cloud server for further processing. The 
accuracy and frequency of data collection ensure that 
the monitoring system is always updated with the most 
recent health information, enabling timely interventions 
and providing a comprehensive view of the patient’s 
health status.

B. Data Preprocessing:

Data preprocessing is essential for ensuring the quality 
and reliability of the data before analysis. In this step, 
noise reduction techniques are employed to eliminate 
irrelevant data or sensor errors. Missing data points are 
handled using interpolation or imputation methods to fill 
in gaps. Data normalization is performed to standardize 
the range of input values, ensuring that the deep 
learning models can efficiently process the data without 
bias or distortion. This stage guarantees that the data is 
clean, accurate, and ready for the subsequent machine 
learning analysis.

C. Deep Learning Analysis:

The core of the system’s functionality is based on 
deep learning models, such as Convolutional Neural 
Networks (CNN) or Recurrent Neural Networks (RNN). 
These models analyze the preprocessed health data to 
identify patterns and anomalies. By training the models 
on labeled datasets, the system learns to classify the 
patient’s health condition—whether it is normal, critical, 
or at risk. The deep learning models are continuously 
updated as new data is collected, improving the accuracy 
of predictions over time. This allows for real-time health 
monitoring and timely interventions.

D. Cloud-based Analytics:

Cloud infrastructure plays a vital role in the system’s 
ability to manage and process large-scale health data. 
The data collected from wearable devices is stored 
in centralized cloud databases, which support high 
computational power for processing deep learning Fig. 1: Architecture Diagram
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IntroductIon 
A comparator is a device that compares between two input 
signals, basically an input analog signal with a reference signal, 
and gives outputs in terms of a digital signal based on the result 
of the comparison. Comparators are widely used in various 
circuits, especially A/D converters (ADC). An ADC application 
is one that requires a quicker operating speed and reduced 
power consumption. They also aim for a reduced noise level and 
a lower offset voltage. The comparator is crucial in obtaining 
greater operating speeds and lower power consumption. The 
comparator we suggest is made using CMOS technology, which 
has strong noise immunity and low static power consumption. 
This article details the design of a comparator for use in a 
4-BIT FLASH ADC with a sampling rate of 4.2 GHz. In such a 
circumstance, the device’s accuracy should be no less than 
1/2 LSB. When the reference voltage and supply voltage are 
identical, the LSB value of an N-bit ADC is provided by the 
following formula:
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 LSB= {VDD/ (2) ^N} (1)

The desired comparator resolution is 112.5 mV for a 
4-BIT converter with a 1.8V supply voltage. In this work, 
we examine the design and operation of a current-based, 
low-power comparator. In order to gain more precision 
and minimize, a competent offset cancellation method has 
been implemented. In this comparator, super low threshold 
MOSFETs are used. In general, in a conventional MOSFET 
structure, the gate capacitance tends to show a higher 
value. For this reason, the threshold of the MOSFETs tends 
to be higher. One of the techniques to obtain a super low 
threshold of MOSFETs is to fabricate the MOSFETs with 
lower gate capacitance. As the gate capacitance is lower 
in these types of MOSFETs, the threshold voltage will 
reduce a lot which will give a better headroom for design, 
to have a great ICMR range, low power consumption, and 
large obtainable gain while keeping all the MOSFETs in 
saturation. SLVT MOSFETs allow doing that. Also, the length 
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models. Cloud platforms, such as AWS, Azure, or Google 
Cloud, offer the scalability required to handle vast 
amounts of data and provide real-time analytics. The 
cloud also enables remote access to the data, making it 
easier for healthcare providers to monitor patients from 
any location, facilitating quick decision-making and 
improving overall patient management.

E. Risk Prediction and Alerts:

Once the health data is analyzed, the system predicts 
potential risks by identifying any deviations from normal 
ranges or patterns. If an anomaly is detected, such as a 
sudden drop in heart rate or a spike in blood pressure, 
the system triggers an alert to healthcare professionals 
or caregivers. Predictive models further assess long-
term risks, such as the likelihood of a heart attack, 
stroke, or other health emergencies, allowing for early 
intervention. 

F. Personalized Recommendations:

Following risk prediction, the system generates 
personalized recommendations tailored to each patient’s 
health profile. These recommendations may include 
changes to lifestyle, adjustments in medication, or the 
suggestion to undergo further medical tests. The system 
can also suggest ways to improve health outcomes 
based on individual health patterns, helping to manage 
chronic conditions more effectively. Personalized care 
plans improve patient adherence to treatment protocols 
and contribute to better long-term health outcomes by 
taking into account the specific needs and preferences 
of each patient.

G. Visualization and Reporting:

To support informed decision-making, the system provides 
a user-friendly interface for healthcare providers, 
patients, and caregivers. Real-time data trends, risk 
alerts, and personalized recommendations are presented 
through easily navigable dashboards. Healthcare 
providers can review the patient’s health status at a 
glance and make data-driven decisions. Patients can 
also track their progress over time, giving them greater 
control over their health. Reports are generated that 
summarize health trends, interventions, and outcomes, 
supporting continuous patient management and long-
term health monitoring, ensuring better overall care and 
patient satisfaction.

Result and Discussion
The result of implementing the smart patient monitoring 
system using cloud analytics and deep learning has been 

promising in terms of both accuracy and efficiency. By 
leveraging wearable health devices and real-time data 
transmission to the cloud, the system has been able 
to continuously monitor key health parameters such 
as heart rate, blood pressure, oxygen levels, and body 
temperature. This consistent data collection has enabled 
healthcare providers to maintain a constant overview of 
patient health, allowing for quicker responses to potential 
risks or complications. The preprocessing stage has 
proven critical in ensuring the quality of the data being 
analyzed. Noise reduction and missing value handling 
have helped to prevent faulty readings from affecting 
the predictions made by the deep learning models. By 
applying appropriate normalization techniques, the data 
has been standardized, which has improved the accuracy 
of predictions by the deep learning models. As a result, 
the system has been able to identify health anomalies 
with high precision, even in the presence of noisy or 
incomplete data.

The deep learning analysis has demonstrated excellent 
performance in detecting both immediate and long-term 
health risks. Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs) have been particularly 
effective in learning from the vast amounts of time-
series health data. The system has been able to classify 
patients as either normal, at risk, or critical based on 
their health signals, thus providing timely insights into 
their health status. With continuous learning from new 
data, the system has shown improvement in its prediction 
capabilities, making it increasingly reliable over time.

Cloud-based analytics have proven to be highly 
advantageous for the system, enabling the handling of 
large volumes of patient data and ensuring real-time 
data processing. The scalable cloud infrastructure has 
allowed for efficient storage and quick retrieval of 
patient data, which is essential for the real-time nature 
of the system. Furthermore, the cloud-enabled platform 
allows healthcare professionals to access patient data 
remotely, facilitating continuous monitoring and timely 

Fig. 2: Health Risk Score prediction
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A. Operational Transconductance Amplifier
OTA is a fundamental component in the majority of 
analog circuits with linear input-output characteristics. 
It is essentially identical to conventional operational 
amplifiers in which differential inputs are present. The 
primary distinction between OTA and traditional OPAMP is 
that the output of OTA is in the form of current, while the 
output of conventional OPAMP is in the form of voltage. 
The comparator has two special properties.

• Input Swing
• Output Swing

Our target is a small change of ∆VGS as if we get a sharp 
digital output in the comparator. We know, Inverter has 
a very high gain. We make the OTA stage by connecting 
a differential amplifier with an Inverter. All the MOSFETs 

of the MOSFETs was increased to four times of the nominal 
length which has provided the design with a better Noise 
Figure, PSRR, Gain, and CMRR performance.

relAted work

Over decades, the design of a comparator has been 
implemented. With the use of various process technology, 
several researchers have produced a variety of acceptable 
comparator structures for a variety of applications.

Developed a three-stage voltage comparator 
concentrated on improving comparator sensitivity and 
total gain in this design. B. Prathibha et al.[2] suggested a 
three-stage CMOS comparator with a high-speed operation 
to gain a lower static & dynamic power dissipation and a 
smaller offset voltage. Satyabrata et al.[3] compare the 
traditional comparator to the latched and hysteresis-
based comparator. Zbigniew[4] presented the design of 
a comparator for a high-linearity flash ADC, which was 
realized in a 22nm FDSOI process with a 0.8V supply. The 
architecture of a pipelined ADC mismatch insensitive 
dynamic comparator.[5] High-resolution comparators have 
also been designed utilizing offset measurement and 
a cancellation technique involving dynamic latches.[6]  
Consequently, it was suggested to build a dynamic 
comparator with high accuracy and low offset.

This paper focused on the highly linear, low offset 
voltage, high resolution, and low power performance of the 
Comparator. The comparator design given in this paper is 
designed that can be used with flash ADC.

ArchItecture of compArAtor

The comparator circuit is the essential element of every 
ADC. The total performance of the ADC is determined by 
the properties and performance of the comparator. Fig. 
1 depicts the block diagram of the proposed comparator. 
This topology comprises two blocks in it.

• OTA Stage
• Output Stage

Up to the OTA, the stage amplification of analog input 
is performed. Then the buffer stage further amplifies to 
give a level as well as strengthen the OTA OUTPUT signal 
for load driving. After the output buffer stage, a digital 
signal is created on the output side. Fig. 2 depicts the 
schematic of the entire idea.

Fig. 1: Block diagram of the suggested Comparator
Fig. 3: Differential Pair, OTA Stage, and Current Mirror 

for The Comparator

Fig. 2: Schematic of the 45nm CMOS-based 
Comparator
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interventions, regardless of the location. The use of cloud 
platforms has also supported the complex computations 
required by the deep learning models, ensuring smooth 
system operation.

As of figure 2, the risk score shows the output of the 
deep learning model predicting the patient’s health 
status, with higher values indicating greater risk. In this 
example, a sudden rise in the risk score after a certain 
point indicates an imminent health emergency. This 
can be useful for early intervention, triggering alerts to 
healthcare providers. The graph is plotted using time on 
the x-axis and the risk score on the y-axis.

One of the most significant outcomes of the system 
has been its ability to predict health risks before they 
manifest in more severe conditions. By analyzing trends 
in vital signs and recognizing patterns associated with 
health deterioration, the system has been able to 
generate early warnings, which has proven invaluable 
in preventing critical health events. For example, the 
system has been able to alert healthcare providers 
about abnormal blood pressure fluctuations, a possible 
precursor to stroke or heart attack, enabling them to 
intervene and provide the necessary care.

Fig. 3: Confusion matrix for health state classification

From figure 3, it shows the comparison between the 
actual and predicted labels for the health states (normal, 
at risk, critical). Each cell in the matrix represents 
the number of times a particular prediction was made 
compared to the true health state. The diagonal cells 
represent correct predictions, while the off-diagonal 
cells show misclassifications. This plot is helpful for 
assessing the accuracy and reliability of the deep 
learning model.

Personalized recommendations have played a vital role 
in improving patient outcomes. The system’s ability 
to generate tailored health advice based on individual 

health data has encouraged patients to adopt healthier 
lifestyles and make informed decisions about their 
treatment plans. Whether it is adjusting medication, 
altering daily routines, or undergoing additional 
diagnostic tests, the recommendations have helped 
patients and caregivers take proactive measures to 
prevent deterioration of health. The system’s ability 
to suggest personalized care has made it easier for 
healthcare providers to offer more precise treatment 
options, aligning with the patient’s unique health needs.

The visual interface for data representation has been well-
received by both healthcare professionals and patients. 
The dashboards provide real-time insights into patients’ 
health trends, making it easier to identify patterns and 
quickly act upon critical alerts. Healthcare providers 
can monitor multiple patients simultaneously, enhancing 
their ability to manage large groups effectively. Patients 
benefit from being able to track their own health, which 
increases their engagement with their treatment plan 
and provides them with the tools to make informed 
choices about their wellbeing.

Conclusion
In conclusion, this study demonstrates the significant 
potential of integrating cloud analytics and deep 
learning for smart patient monitoring and personalized 
healthcare recommendations. The system has 
successfully addressed the challenges associated with 
traditional patient monitoring methods, offering real-
time data analysis and predictive capabilities that 
enhance the quality of patient care. Through continuous 
monitoring of vital health parameters using wearable 
devices, the system has provided healthcare providers 
with a comprehensive view of patient health, enabling 
more timely interventions and reducing the risk of critical 
health events. The deep learning models have proven 
effective in detecting health anomalies and predicting 
future risks, allowing for early intervention and improved 
patient outcomes. The use of cloud infrastructure 
has facilitated efficient data storage and real-time 
processing, ensuring scalability and accessibility. By 
generating personalized recommendations, the system 
has empowered patients to take an active role in their 
health management, contributing to better adherence 
to treatment plans and healthier lifestyle choices.

Moreover, the integration of advanced data analytics 
and machine learning has not only optimized patient 
monitoring but also enhanced the overall efficiency of 
healthcare delivery. The ability to remotely monitor 
patients and analyze data from a centralized cloud 
platform has streamlined the workflow for healthcare 
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can operate on a nominal supply of 1.8 V. The comparator offset voltage was elevated 
because of this mismatch. To compensate for the offset voltage, we followed a decent 
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IntroductIon 
A comparator is a device that compares between two input 
signals, basically an input analog signal with a reference signal, 
and gives outputs in terms of a digital signal based on the result 
of the comparison. Comparators are widely used in various 
circuits, especially A/D converters (ADC). An ADC application 
is one that requires a quicker operating speed and reduced 
power consumption. They also aim for a reduced noise level and 
a lower offset voltage. The comparator is crucial in obtaining 
greater operating speeds and lower power consumption. The 
comparator we suggest is made using CMOS technology, which 
has strong noise immunity and low static power consumption. 
This article details the design of a comparator for use in a 
4-BIT FLASH ADC with a sampling rate of 4.2 GHz. In such a 
circumstance, the device’s accuracy should be no less than 
1/2 LSB. When the reference voltage and supply voltage are 
identical, the LSB value of an N-bit ADC is provided by the 
following formula:
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 LSB= {VDD/ (2) ^N} (1)

The desired comparator resolution is 112.5 mV for a 
4-BIT converter with a 1.8V supply voltage. In this work, 
we examine the design and operation of a current-based, 
low-power comparator. In order to gain more precision 
and minimize, a competent offset cancellation method has 
been implemented. In this comparator, super low threshold 
MOSFETs are used. In general, in a conventional MOSFET 
structure, the gate capacitance tends to show a higher 
value. For this reason, the threshold of the MOSFETs tends 
to be higher. One of the techniques to obtain a super low 
threshold of MOSFETs is to fabricate the MOSFETs with 
lower gate capacitance. As the gate capacitance is lower 
in these types of MOSFETs, the threshold voltage will 
reduce a lot which will give a better headroom for design, 
to have a great ICMR range, low power consumption, and 
large obtainable gain while keeping all the MOSFETs in 
saturation. SLVT MOSFETs allow doing that. Also, the length 
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providers, reducing the burden on medical staff and 
improving decision-making processes. While the results 
of this study are promising, ongoing improvements 
in the deep learning models, sensor technology, and 
cloud infrastructure will further increase the system’s 
effectiveness and accuracy. Additionally, expanding 
the system’s capabilities to accommodate more health 
parameters and diverse patient populations will ensure 
its broad applicability in various healthcare settings. 
Ultimately, this study highlights the potential of smart 
patient monitoring systems to transform healthcare 
by providing personalized, data-driven insights that 
improve patient care, reduce costs, and support better 
health outcomes.
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A. Operational Transconductance Amplifier
OTA is a fundamental component in the majority of 
analog circuits with linear input-output characteristics. 
It is essentially identical to conventional operational 
amplifiers in which differential inputs are present. The 
primary distinction between OTA and traditional OPAMP is 
that the output of OTA is in the form of current, while the 
output of conventional OPAMP is in the form of voltage. 
The comparator has two special properties.

• Input Swing
• Output Swing

Our target is a small change of ∆VGS as if we get a sharp 
digital output in the comparator. We know, Inverter has 
a very high gain. We make the OTA stage by connecting 
a differential amplifier with an Inverter. All the MOSFETs 

of the MOSFETs was increased to four times of the nominal 
length which has provided the design with a better Noise 
Figure, PSRR, Gain, and CMRR performance.

relAted work

Over decades, the design of a comparator has been 
implemented. With the use of various process technology, 
several researchers have produced a variety of acceptable 
comparator structures for a variety of applications.

Developed a three-stage voltage comparator 
concentrated on improving comparator sensitivity and 
total gain in this design. B. Prathibha et al.[2] suggested a 
three-stage CMOS comparator with a high-speed operation 
to gain a lower static & dynamic power dissipation and a 
smaller offset voltage. Satyabrata et al.[3] compare the 
traditional comparator to the latched and hysteresis-
based comparator. Zbigniew[4] presented the design of 
a comparator for a high-linearity flash ADC, which was 
realized in a 22nm FDSOI process with a 0.8V supply. The 
architecture of a pipelined ADC mismatch insensitive 
dynamic comparator.[5] High-resolution comparators have 
also been designed utilizing offset measurement and 
a cancellation technique involving dynamic latches.[6]  
Consequently, it was suggested to build a dynamic 
comparator with high accuracy and low offset.

This paper focused on the highly linear, low offset 
voltage, high resolution, and low power performance of the 
Comparator. The comparator design given in this paper is 
designed that can be used with flash ADC.

ArchItecture of compArAtor

The comparator circuit is the essential element of every 
ADC. The total performance of the ADC is determined by 
the properties and performance of the comparator. Fig. 
1 depicts the block diagram of the proposed comparator. 
This topology comprises two blocks in it.

• OTA Stage
• Output Stage

Up to the OTA, the stage amplification of analog input 
is performed. Then the buffer stage further amplifies to 
give a level as well as strengthen the OTA OUTPUT signal 
for load driving. After the output buffer stage, a digital 
signal is created on the output side. Fig. 2 depicts the 
schematic of the entire idea.

Fig. 1: Block diagram of the suggested Comparator
Fig. 3: Differential Pair, OTA Stage, and Current Mirror 

for The Comparator

Fig. 2: Schematic of the 45nm CMOS-based 
Comparator
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