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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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Abstract
The growing involvement of renewable energy sources into smart grid systems has 
escalated the complexity of the systems, and reliance on top-quality predictive 
maintenance programs are necessary in order to meet reliability demand, operational 
performance, and cost-competitiveness. The current paper provides an AI-based element 
system of predictive maintenance focused on fault diagnosis and performance upgrade 
of smart grid and renewable energy systems. The offered method is based on a hybrid 
representation of deep learning that is based on the integration of the Convolutional 
Neural Network (CNN) model of spatial feature extraction and Long Short-Term Memory 
(LSTM) networks as models of the temporal dependence. Data describing these 200+ 
data inputs can be varied or put in various forms, whether sensor data, the Supervisory 
Control and Data Acquisition (SCADA) logs and weather predictions are multi-modal 
in nature, and preprocessed using an optimized feature selection pipeline including 
Mutual Information and Principal Component Analysis (PCA) to keep computation time 
at a minimum. Experimental results, on a simulated data set modeled after the IEEE 
39-bus system with renewable energy integration and NREL environmental benchmarks, 
reported an accuracy of 97.8% in fault detection, a decrease in false alarms of 21 
percent and an increase in the predictive maintenance lead time of 14 hours over 
baseline models. The outcomes confirm the framework ability to offer the scalable, 
real-time decision support to proactive asset management, which contributes to the 
resilience and performance improvement in contemporary energy infrastructures.
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Introduction

The shift to renewable energy sources and smart grids 
in power distribution have fast-tracked the application 
of smart grids that are complex cyber-physical systems 
representing a meeting point of advanced monitoring, 
communications, and control technologies. These 
systems increase flexibility and efficiency in operation 
as well as operational sustainability especially where 
they include the integration of variable renewable 
energy sources like wind and solar. Nevertheless, when 
such interruptible resources are integrated into the 
system, the system complexity is a great concern and 
raises vulnerabilities associated with the degradation 
of equipment, variability in the environment, and 
uncertainty in the data. Unforeseeable equipment 
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failures might lead to hundreds and thousands of dollars 
of operational interruptions, low system reliability, 
and huge economical losses in the environments of 
both utility-scale and distributed energy.[1, 2] Predictive 
maintenance (PdM) has also become a preventive method 
of combating such challenges by predicting any possible 
fault prior to occurrence to allow intervention in time 
and minimize productivity losses. Although conventional 
PdM technologies, including rule-based thresholds, 
regression, and statistical anomaly detectors, are 
suitable in stable systems, they would have a hard time 
to track non-linear, dynamic, and multi-modal behaviours 
that are typical of modern smart grids.[3, 4] Such methods 
may not consider the joint contribution of electrical, 
mechanical and environmental influences especially 
at large penetrations of renewables. The recent 
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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 
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development of Artificial Intelligence (AI), particularly 
deep learning, allows modeling the diverse, high 
dimensional dependency structure of the heterogeneous 
data to be more accurate and adaptive fault predictio. [5, 6]  
Convolutional Neural Networks (CNNs) are robust at 
learning spatial information of structured sensory data, 
whereas Long Short-Term Memory (LSTM) networks do 
a good job in learning long term temporal dependency. 
Nevertheless, current AI-based approaches to PdM still 
tend to lack in-depth environmental considerations, 
scalable real-time processing power, and false alarm 
reduction mechanism.

The proposed predictive maintenance framework based 
on a hybrid CNN-LSTM will cover the specified gaps in 
this paper to fit the energy systems of smart grids and 
renewable energy. This work can be summed up in three 
contributions:

1.	Design of a hybrid CNN-LSTM model to learn 
spatial-temporal features by using multi-modal 
sensor and operational data.

2.	Optimisation of a computationaly efficient 
feature selection workflow based on Mutual 
Information and Principal Component Analysis 
(PCA) to avoid a very expensive computation step 
where predictive power is not compromised.

3.	Realistic 39-bus and renewable energy system 
simulations that benchmark performance with 
regard to state-of-the-art techniques.

The rest of the paper is structured as follows; in 
Section 2, a review of the relevant literature on AI-
based predictive maintenance applied to smart grids 
will be done. The proposed methodology and system 
architecture are introduced in section 3. Section 4 
explains the experiment apparatus and measures. The 
results are discussed in Section 5 and a conclusion on the 
future work with references to the paper is presented in 
the end of the sixth section of my paper.

Related Work

The application of AI-based fault detection and predictive 
maintenance techniques in energy systems has become 
a heavily-researched topic over the last few years, as 
such approaches have been shown to be capable of 
handling large-scale, high dimensional multi-modal data 
and model nonlinear dependencies between operational 
parameters.

Zhang et al.[7] suggested the LSTM-based framework of 
power transformer anomaly detection, which used the 
temporal connection between sensor readings to provide 
a 94 % accuracy in classification. In the same way also, 

Li et al.[8] presented a CNN-based diagnosis system of 
faults concerning wind turbine gearboxes that showed 
better noise sensitivity than feature-engineering-based 
methods. The combination of deep learning models like 
CNN and LSTM has also been investigated such that in 
time-series energy forecasting and anomaly detection 
the features are extracted using a CNN layer and 
sequenced using LSTM layer.[9, 10] There are still a number 
of gaps despite these developments. To begin with, most 
of the existing solutions are mostly involved in electrical 
measurements without paying attention to the influence 
of environmental parameters like temperature, 
humidity, and wind speed that may cause profound 
impacts on equipment wear.[11] Second, no scalable 
real-time frameworks appear that can be deployed 
into large distributed energy networks both to detect 
faults and to optimise operations. Third, current systems 
tend to fail in reducing the false alarm rates, causing 
unwarranted work on maintenance, and insufficient 
lead time, by which intervention could supposedly be 
scheduled proactively.[12, 13] Such constraints are outlined 
and visually projected on Figure 1: Literature Gap Map 
for AI-based Predictive Maintenance in Smart Grid and 
Renewable Energy Systems, which indicates the overlap 
of the studies in the active areas of research and the 
gaps that have not yet been identified.

In response to these limitations, our project suggests 
a hybrid CNN-LSTM-based predictive maintenance 
framework that, through the combination of 
environmental and operational data, feature selection, 
and optimisation of the model, improves the maintenance 
planning and scheduling as well as detection accuracies.

Fig. 1: Literature Gap Map for AI-Based  
Predictive Maintenance in Smart Grid and Renewable 

Energy Systems
The gap in the literature map shows the overlap between 
the predictive maintenance models, renewable energy 



O.J.M. Smith and F. de Mendonça : AI-Driven Predictive Maintenance Framework for Fault Detection and Performance 
Optimization in Smart Grid and Renewable Energy Systems

Ishrat Zahan Mukti,  , et al. :  1.8-V Low Power, High-Resolution, High-Speed Comparator With Low Offset Voltage Implemented in 45nm CMOS Technology

Journal of VLSI circuits and systems, , ISSN 2582-1458 20
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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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optimization, and hybrid deep learning approaches. 
Major gaps were noted as the absence of environmental 
data integrated, a lack of scalability to the application 
of real-time use and a high level of false alarms, 
demonstrating the need to integrate a single, scalable 
AI-integrated platform.

Proposed Framework
System Architecture

The proposed, based on AI, predictive maintenance 
framework aims to work as a modular, scalable, and 
real-time decision support apparatus on smart grid and 
renewable energy infrastructure. As shown in Figure 2, 
the architecture is designed under four functional layers 
to develop the end-to-end pipeline of the maintenance.

1. Data Acquisition Level

This layer combines heterogeneous streams of data in 
different sources, phasor measurement units (PMUs), 
networks of high-frequency sensors, Supervisory Con-
trol and Data Acquisition (SCADA) systems, and envi-
ronmental monitoring equipment, weather stations.[14]  
The operational and the environmental variables in-
cluded provide a wholesome prospect of asset health. 
Synchronization of data streams is achieved through an 
agreed upon timestamping protocol in order to maintain 
temporal coherence.

2. Layer of Preprocessing & Feature Engineering Layer

Raw input data are sent through a multi-stage 
preprocessing pipeline that includes data cleaning 
(elimination of corrupt and missing values), 
normalization to a standardized scale, an outlier search 
and removal mechanization created to use interquartile-
range (IQR) variables, and inflexible orienting. Feature 
extraction is a combination of statistical descriptors 
(mean, variance, skewness, kurtosis), coefficients 
using wavelets transform, domain related metrics and 
frequency deviation index as well as voltage unbalance 
factors. Feature selection using feature selection (Mutual 
Information and Principal Component Analysis (P A is also 
used in this stage to achieve dimensionality reduction in 
such a way that discrimination ability of the features is 
maintained thus enhancing computational efficiency of 
downstream of the feature selection method.

3. AI Forecasting Layer

The framework is based on a hybrid deep learning 
architecture in which Convolutional Neural Networks 
(CNNs) to generate spatial features are combined with 
the Long Short-Term Memory (LSTM) networks to learn 

temporal dependencies. The CNN subnetwork learns 
localized patterns with waveform or spectrogram 
representation, whereas the LSTM subnetwork learns 
patterns of sequential dependencies in time-series data. 
The output layer will give multi-class fault classification 
thus differentiating the fault type line-to-ground fault, 
overheating of the transformer, and inverters.

4. Decision Support Level

The last stage utilizes an optimization process with 
the use of reinforcement learning (RL) to convert the 
fault anticipations into agendas that are executable in 
terms of maintenance. Viewing scheduling as a cost-
performance trade-off problem, this tutorial shows how 
the RL agent can learn to trade off an operator between 
operational risks, maintenance, and these operating 
constraints. The decision support system delivered 
prioritized list of recommendations of maintenance, 
suggested intervention windows, and approximation of 
reliability impact on the system.

Fig.2: System Architecture of the Proposed AI-Driven 
Predictive Maintenance Framework

Multi-modal data acquisition, strong preprocessing and 
feature engineering, CNN/LSTM-based hybrid prediction, 
and reinforcement learning of the decision support 
were integrated into a four-layer architecture that can 
achieve scalable, real-time predictive maintenance of 
smart grid and renewable energy systems.



O.J.M. Smith and F. de Mendonça : AI-Driven Predictive Maintenance Framework for Fault Detection and Performance 
Optimization in Smart Grid and Renewable Energy Systems

National Journal of Electrical Electronics and Automation Technologies | Apr-Jun 2025 19Journal of VLSI circuits and systems, , ISSN 2582-1458 

RESEARCH ARTICLE WWW.VLSIJOURNAL.COM

 1.8-V Low Power, High-Resolution, High-Speed 
Comparator With Low Offset Voltage 

Implemented in 45nm CMOS Technology

 Ishrat Z. Mukti1, Ebadur R. Khan2. Koushik K. Biswas3

1-3Dept. of EEE, Independent University, Bangladesh, Dhaka, Bangladesh

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.

Author’s e-mail: ishratzahanmukti16@gmail.com, ebad.eee.cuet@gmail.com, kou-
shikkumarbiswas13@gmail.com

How to cite this article:  Mukti IZ, Khan ER, Biswas KK. 1.8-V Low Power, High-Res-
olution, High-Speed Comparator With Low Offset Voltage Implemented in 
45nm CMOS Technology. Journal of VLSI Circuits and System Vol. 6, No. 1, 2024 (pp. 
19-24).

Journal of VLSI Circuits and Systems, ISSN: 2582-1458 Vol. 6, No. 1, 2024 (pp. 19-24) 

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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This multi tier stack provides interoperability with 
established grid infrastructure, the ability to scale to any 
future asset, and the flexibility to respond to operation 
conditions. A combination of multi-modal data fusion 
with high-level AI modeling and optimization offers a 
highly-predictive, real-time predictive maintenance 
approach to next-generation energy systems in the 
framework.

Methodology

This part describes the process of generating the dataset, 
preprocessing pipeline, deep learning model architecture 
and training hyperparameters used to create and test 
the proposed AI-based predictive maintenance system 
applicable in smart grid and renewable energy systems.

Dataset Simulation

In order to have a realistic but controlled evaluation 
scenario, integrated renewable energy penetration (30 
percent solar photovoltaic-PP generation capacity and 
25 percent of wind power generation capacity) in the 
IEEE 39-bus benchmark power system was simulated. 
Common fault scenarios in hybrid energy networks 
were simulated by introducing synthetic operational 
anomalies which included single line-to-ground fault 
and transformer overheating events which were also 
included and inverter fault conditions also introduced.

Environmental processes, i.e., temperature, wind speed, 
humidity and solar irradiance, were simulated on the 
basis of freely provided data at the National Renewable 
Energy Laboratory (NREL).[15] These environmental factors 
were operated alongside operational data to mimic such 
variations that could occur in the real world in renewable 
energy generation in a time synchronization manner.

The resulting simulation data set consisted of around 
500,000 steps of time, and two years of simulated 
operation in ten second increments. This whole synthesis 
of simulation method, shown in Figure 3: IEEE 39-Bus 
Power System Simulation with Integrated Renewables 
and Fault Scenarios, provides the ability to consider a 
variety of operational and environmental regimes to 
train and validate the model fully.

The IEEE 39-bus benchmark system simulation of the 
schematic diagram has 25 percent of wind energy and 
30 percent solar PV integration. The visualization shows 
artificial operation abnormalities, including the single 
line-to-ground faults, the transformers overheating, and 
the inverter faults, the environmental conditions being 
simulated with 2 years of operation calculated as NREL 
data.

Preprocessing

Preprocessing of data was carried out to ensure quality, 
uniformity and efficiency of the dataset with which the 
model was to be trained. The next steps were taken:

•	 Missing Value Imputation: When sensor readings 
are missing the k-Nearest Neighbor (kNN) 
interpolation was used to rebuild them. KNN 
interpolation does not disrupt time continuity, 
making new values intuitively fit within a 
statistical distribution.

•	 Feature Normalization:To ensure balanced 
gradient flow with same feature magnitude 
during model training, all the numerical variables 
were Min Max normalized to [0, 1] range.

•	 Dimensionality Reduction: The first 120 extracted 
features were spectrally collapsed to 35 main 
components if the principal component Analysis 
(PCA) and over 95 percent of the variance was 
acquired. This move cut computer-resource 
costs and dispelled the cross-overflatting risk.

Figure 4 shows the Data Preprocessing Workflow of IEEE 
39-Bus Simulation, the full sequence of the preprocessing 
applied to the simulated data, that the reader can see 
at a glance the transformation process of raw input to 
eventual model-ready data.

Schematic overview of the preprocessing process: 
the imputation of missing values with kNN, Min-Max 
normalization and dimensionality reduction based on PCA.

Fig. 3: IEEE 39-Bus Power System Simulation with 
Integrated Renewables and Fault Scenarios
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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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Model Architecture

The suggested predictive maintenance model will 
use a hybrid CNN-LSTM deep neural network model to 
recognize the spatial data and learn temporal data of 
the multi-modal input information.

•	 CNN Component: The localized spatial patterns 
acquired by CNN component is reduced 
in dimensionality in stages by use of 3 1D 
convolutional layers with 64, 128, and 256 filters 
with subsequent activation via ReLU and max 
pooling.

•	 LSTM Component: Two layers of LSTM with 
128 units each are used to model long 
temporal dependencies in a sensor reading and 
environmental data series and track trends and 
anomalies evolving over time.

•	 Output Layer: A single fully connected dense 
layer with Softmax activation gives the model 
the ability to classify the fault in multiple classes 
i.e., the ability of the model to classify different 
types of fault during operation i.e. overheating 
of transformer line-to-ground fault line-to-line 
fault i.e. inverter failures.

The full network architecture, with the sequential 
stacking of CNN and LSTM layers, is presented in Figure 5:  
Hybrid CNN 2 LSTM Model Architecture for Predictive 
Maintenance, that includes the spatial-temporal 
learning process of recognizing raw data used to classify 
the corresponding faults type.

It is a hybrid of CNN (three 1D convolutional layers 
(64, 128, 256 filters), ReLU activation functions) with 
spatial feature extraction mechanism and max pooling 
mechanism, and LSTM (two stacked layers (128 units 
each)) with temporal sequencing modeling. The softmax 
activation is used at the output layer to do multi-class 
fault classification.

Training Configuration

The categorical cross-entropy loss was used to the 
training of the model to maximize the performance 
of the multi-classification. It used an Adam optimizer 

with the initial learning rate of 0.001 and was reduced 
gradually with respect to a cosine annealing schedule to 
enhance convergence stability.

The training was done on a batch size of 64 and it was 
trained on 100 epochs and early stop is used when the 
loss in validation does not improve within a specified 
patience after 1 break (and 1 break cumulatively) to 
avoid overfitting.[16] Mixed-precision training was also 
adopted in order to speed up calculations and lower 
requirement of GPU memory without compromising the 
model accuracy.

Optimization strategy, learning rate schedule, and 
regularization methods form the entire training 
configuration and are summarized graphically in Figure 6: 
Training Configuration for Predictive Maintenance Model 
that gives a clear visualization of the model learning.

Diagram of a training configuration: categorical cross-
entropy loss, Adam optimizer with cosine annealing, 100 
epochs, a batch size of 64, early stopping, and mixed-
precision training.

Fig. 4: Data Preprocessing Workflow for  
IEEE 39-Bus Simulation

Fig. 5: Hybrid CNN–LSTM Model Architecture for 
Predictive Maintenance

Fig. 6: Training Configuration for Predictive 
Maintenance Model
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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 
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Experimental Results

The proposed hybrid CNN LSTM predictive maintenance 
was assessed in comparison to three baseline models 
including Random Forest, LSTM, and CNN. The accuracy, 
precision, recall, F1-score, false alarm rate and lead time 
of maintenance prediction were used as the evaluation 
metrics. The findings of the research, presented in Table 
1 summarily and visually accompanied with Figure 7: 
Comparative Performance Bar Chart, show the overall 
superiority of the suggested approach concerning all key 
metrics and a substantial increase in the key areas such 
as accuracy, F1-score, and false alarms reduction.

Bar graph shown on performance of Random Forest, 
LSTM-only, CNN-only, and proposed model of CNN-LSTM 
on Accuracy, Precision, Recall, and False Alarm Rate. The 
proposed CNN model combined with LSTM provided the 
best accuracy, precision, and recall and was substantially 
lower than the false alarm rate of the baseline models.

The hybrid architecture that has been offered generated 
the highest accuracy of 97.8 per cent and F1-score of 97.2 
which is higher than the baseline methods which show 
that it has better overall classification performance. 
Combining spatial feature extraction through CNN 
with temporal dependency modelling through LSTM 
has increased detection performance and made it 
environmentally independent of an operation condition.

Attention should be drawn to the result denoted by 
21% false alarm reduction rate and about 5 hours lead 
time improvement, respectively, than the solely LSTM 

model, which means that it was possible to schedule 
maintenance earlier and significantly reduce the amount 
of unplanned downtime. Such decrease in lead time is 
paramount in situations of large scale distributed energy 
systems where proactive intervention has the potential 
to drastically improve efficiency in terms of reliable 
operation and cost-effectiveness.

These findings validate the effectiveness of the suggested 
CNN-LSTM framework to minimise the complicated 
spatio-temporal variability of smart grid and renewable 
energy system data at the same time tackling typical 
issues of false alarms and a lack of prediction windows.

Discussion

The evidence of the experimental results shows that 
the hybrid system that combines Convolutional Neural 
Networks (CNNs) and Long Short-Term Memory (LSTM) 
networks is quite useful in predictive maintenance of 
smart grid and renewable energy systems. Due to the 
advantages of spatial feature extraction of CNNs and 
the ability to model time sequences of LSTMs, the 
architecture proposed can capture complex spatio-
temporal correlations in multi-modal operating data. 
This synergy is more valuable in dynamic grid systems 
where the signature of a fault spatially and temporally 
mutates.

The integrations of environmental parameter such as 
temperature, humidity, wind speed and solar irradiance 
and operational measures also contribute to entrenching 
further the model in situations of fluctuating renewable 
power generation. It helps overcome a popular restriction 
of current predictive maintenance models, which are 
usually based only on electrical readings and could not 
adjust to changes in the environment that directly affect 
the performance of the assets.

An impressive finding is the 21% decrease in false alarm 
rates when compared to the LSTM-only baseline. False 
positive rates Experimentally, high false positives may 
cause inundation by unnecessary maintenance calls, 
potential rise in operational expenses, and loss of trust 
in an AI-driven recommendation engine. By addressing 
this problem, the proposed solution allows advancing 
the trust and adaptability of the industrial usage.

Table 1: Performance Comparison of Baseline Models and Proposed CNN–LSTM Framework

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) False Alarm Rate (%) Lead Time (hrs)

Random Forest 91.3 90.1 89.7 89.9 8.2 6

LSTM-only 95.1 94.5 94.8 94.6 6.5 9

CNN-only 94.8 94.0 93.7 93.8 6.8 8

Proposed CNN–LSTM 97.8 97.4 97.1 97.2 4.6 14

Fig. 7: Comparative Performance Bar Chart
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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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Also, the gain of the 5-hour in the predictive lead time 
seen allows to schedule maintenance work earlier, which 
will help to allocate resources more effectively and 
reduce the number of unexpected outages. Such a long 
range has high value especially in large-scale distributed 
energy networks where proactive actions can avoid 
cascading failures and grid stability.

The discussed findings are consistent with the latest 
publications that highlighted data fusion and deep 
learning hybridization techniques as essential in 
enhancing predictive maintenance to achieve better 
results,[1, 2] and provide an additional focus on locational 
scalability and time-sensitive adaptability-the aspects 
crucial to the next-generation energy systems.

Conclusion and Future Work
A hybrid Convolutional Neural Network-Long Short-Term 
Memory (CNN-LSTM) model was designed in this study 
to predictively maintain smart grids heavily penetrated 
by renewable energy. Using spatial feature extraction 
based on CNN and temporal dependency modeling by 
LSTMs, the framework is capable of modeling complex 
spatio-temporal patterns within multi-modal data on 
operations and environmental data.

The experimental testing on a simulated IEEE 39-
bus system integrated with solar and wind generation 
established that the suggested model has a fault 
detection accuracy of 97.8 percent and shows a 21 
percent improvement in false alarm rate alongside a 
predictive maintenance lead-time increase of around 
5hours as compared to the benchmark models. Such 
findings validate the framework to enhance the accuracy 
and practical effectiveness of predictive maintenance in 
distributed energy systems of the present age.

The most important contributions of this work are:

1.	Training of a fusion method of multi-source data 
that combines environmental and operational 
parameters.

2.	Optimization of a feature selection pipeline, in 
terms of computational cost vs good detection 
performance.

3.	Examples that they are more trustworthy and 
can be used in the industry through fewer error 
alarms and longer intervention windows.

Future studies will endeavour:

•	 Edge-Deployment of suggested framework of 
real-time inference in field.

•	 The application of transfer learning to tune the 
model to different grid topologies and different 
penetration levels of renewable sources.

•	 Inclusion of cybersecurity tendency discovery 
in the predictive maintenance pipelines to 
combat the arising risks in cyber-physical energy  
systems.

By means of these improvements, this framework will 
eventually become scalable, highly secure, and entirely 
autonomous predictive maintenance system of next-
generation energy structures.
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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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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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