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Abstract 
The worldwide trend towards Net Zero Energy has intensified the requirement for 
smart, resilient and sustainable power systems that can effectively leverage 
renewable energy sources at a large scale. However, the variable and uncertain 
characteristic of solar (S) and wind (W) resources still makes it difficult for these 
power sources to operate under the framework, resulting in frequency mismatches, 
peak load disparity and instability. Traditional grid and old Smart Grid 1.0 
technologies (defined by little more than digital monitoring and simple 
automation) are not capable of enabling the predictive intelligence and flexible 
control for power system transition today. To address this lack, the current work 
suggests a conceptual foundation for the Smart Grid 2.0, transformed through 
combined utilization of AI (Artificial Intelligence), 90 MVA high-capacity 
transformers and renewable energy sources. 
The proposed architecture places AI at the center for demand forecasting via 
machine learning, adaptive grid optimization based on reinforcement learning, 
and fault finding and maintenance through predictive analytics. At the same 
time, AI-based optimization methods are used for the integration of solar and 
wind to make the reliability and scalability as well as the dependence to fossil-fuel 
backups as minimal as possible. Its scalable design is based on high-capacity 
90MVA transformers as the foundation, which provide it with voltage stability, 
load scalability, as well as a set of predictive maintenance functionalities when 
up leveled with AI-driven predictive maintenance. Combined, these elements form 
a closed-loop optimization loop which provides a renewed forecast, allocation and 
energy flow balance at all times while providing increased robustness and 
adaptability to perturbations. 
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1. Introduction 
The urgent global imperative to address climate 
change has accelerated the shift toward Net Zero 
Energy, with the transition to systems where 
energy production from renewables meets or 
exceeds requirements (International Energy 
Agency [IEA], 2021). Nevertheless, coupled 
integration of solar and wind power plants on a 
mass level with conventional grids raises several 
challenges such as intermittent supply, peak-hour 
dip or peak load mismatch and also inefficient 
transmission infrastructure (Khan et al., 2020). 
The emergence of the Smart Grid has played a key 
role in tackling these challenges, integrating digital 
technologies, automation and communication 
systems to conventional power networks (Fang et 
al. Enhanced control systems For all the good that 
Smart Grid 1.0 [founder of Google and CEO of 
NEST, currently a panelist on ABC’s Shark Tank] 
brought with it with its introduction of smart 
metering, distributed generation and some 
automation; the environment now needs a model 
capable of integrating an AI (Ghasempour, 2019) 
in order to optimize in real-time and adapt itself 
(Brear, 2014) accordingly –enter Smart Grid 2.0. 
In power systems, AI has shown immense promise 
in predicting renewable energy generation, 
anticipating demand, and optimizing load 
management. Several researches demonstrated the 
potential of machine learning and deep learning-
based models to outperform conventional 
methods to minimize the forecasting errors by 20–
30% and enhance renewable integration (Wang et 
al., 2021). Reinforcement learning methods also 
contribute to adaptive energy management, self-
improving operational strategies without human 
intervention in varying conditions (Liu et al., 
2020). 
High-capacity high voltage transmission lines are 
as important as integration of renewables, perhaps 
more so, and which will also accommodate the 
transfer of large quantities of renewable power to 
load when equipped with 90 MVA transformers 
such as the 90 MVA 15 kV transmission line 
coupled transformers of the present invention. 
State-of-the-art transformers have been identified 
as a key enabler for grid modernization, enabling 

both resilience and scalability (Singh & Sharma, 
2018). 
Furthermore, beyond discount the smart 
conceptions to add stability, smart Grid 2.0 with 
AI-based optimal operation, deal with non-
discounted issues such as energy loss, carbon 
dioxide and system interruption. Predictive 
maintenance algorithms based on machine 
learning can detect and locate transformer faults 
and line overloads before outages occur to 
minimize outages and improve system reliability 
(Zhang et al., 2019). In addition, AI-augmented 
control strategies ease the penetration of 
distributed renewable energy resources at the 
utility as well as the micro grid scales, ensuring 
seamless transitions during peak demands and 
renewable generation fluctuations (Gupta et al., 
2021). 
Last but not least, the strategic integration of AI, 
renewable energy and HCTs is revolutionary in 
realizing sustainable energy transition. Smart Grid 
2.0, which opens the door to increased flexibility, 
resilience, and operational intelligence, not only 
aids decarbonization, it drives financial value for 
utilities in the form of lower operational expenses 
and greater efficiency. As such, this framework 
provides a roadmap to a robust, sustainable, and 
Net Zero-centric grid system, which is the basis for 
next-generation developments in Smart Grid 3.0 
and beyond. 
 
1.1 Problem Statement 
The growing penetration of renewable energy 
sources has brought about an unprecedented 
variability and intermittency into today’s power 
systems. Existing grid networks, including those 
augmented to some extent by early Smart Grid 1.0 
technologies, are too slow to address real-time 
variations in supply and demand, frequency 
imbalances and concerns for reliability. Current 
solutions include demand side management and 
digital metering; however these are partial 
solutions without the predictive intelligence to 
manage a large contribution of solar and wind and 
other renewables in national grids. 
Meanwhile, although the development of 
advanced transformer technologies has enhanced 
their capacity and operational reliability, there is 
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not much research using high-capacity 90 MVA 
transformers along with artificial intelligence to 
enhance smart grid operation. This lack of a 
holistic mold, combining AI-based predictive 
analytics, renewable energy, and massive 
transformer infrastructure, represents a major 
void. This gap must be filled to enable robust, 
efficient and “Net Zero-compliant” Smart Grid 2.0 
systems that will be capable of accommodating 
future energy transitions. 
 
1.2 Research Questions 

1. How to use AI to improve the effectiveness, 
robustness and flexibility of Smart Grid 2.0 
systems? 

2. How do 90 MVA transformers support the 
integration of numerous and expansive 
renewable energy sources in today's grids? 

3. How could an integrated approach of AI, 
renewable energy, and next generation 
transformer infrastructure support Net Zero 
Energy goals? 

4. What are the anticipated pros and cons to 
adopting AI-based optimization over Smart Grid 
1.0? 

 
1.3 Research Objectives 
• To model the outline of a conceptual Smart 

Grid 2.0 architecture solution to include AI, 
renewable energy and 90 MVA's transformers 
that can be scaled and increased more resilient. 

• Investigate how AI-based optimization can help 
improve load balancing, renewable integration, 
and predictive maintenance in the power grid. 

• To emphasise the role of high-capacity 
transforming infrastructure in facilitating stable 
and efficient net zero focused energy systems. 

• To assess potential benefits and drawbacks of 
Smart Grid 2.0 as compared with current Smart 
Grid 1.0 configurations. 

• To serve as prerequisite for future large-scale 
introduction of AI-enabled smart grids and 
achieve the goals of sustainability. 
 

2. Literature Review 
The migration from traditional power systems to 
smart grids has been widely investigated in the last 

two decades. Early smart grid visions centered 
around MIDs, A M &DS, which are the basis for 
S G 1.0 (Fang et al., 2012). With the coming of 
renewable energy, the system has introduced 
variabilities and intermittencies that cannot be 
served by the basic control concepts. 
Various research works illustrated impact of 
machine learning in energy systems. ML and DL 
algorithms have been used for load forecasting, 
fault detection, and renewables generation 
prediction with increased accuracy in comparison 
with traditional statistical procedures (Wang et al., 
2021). Reinforcement learning methods have also 
shown robustness to dynamic grid dynamics 
through learning the real-time protocol in energy 
distribution optimization (Liu et al., 2020). Taken 
together, these studies prove AI as a key enabler to 
Smart Grid 2.0. 
Integration of Renewable Sources of Energy There 
is an extensive literature survey on the integration 
of renewable sources of energy in the existing 
distribution system. It has been reported in 
literature that solar and wind are environmentally 
clean sources of electricity, however, as their power 
generation is variable, there are some frequency 
and power quality concerns (Khan et al., 2020). 
Advanced control mechanisms and storage: 
Several control mechanisms and storage for this 
are proposed, however, few challenges are still for 
scalability, performance, and cost (Gupta et al., 
2021). 
Transformers, especially large power transformers, 
are critical in grid upgrade. Advanced 
transformers provide not only voltage stability, but 
also support renewable integration at a high level 
(Singh and Sharma, 2018). Predictive 
maintenance and monitoring systems, such as 
those based on AI algorithms, are more and more 
advanced and available to prolong the transformer 
life-time and to avoid its failure (Zhang et al. 
Nevertheless, work on combining AI-based 
optimization and large-scale transformers (90 
MVA and above) in a Net Zero scenario is scarce. 
Although a lot of work has been conducted on AI 
in smart grids, renewable energy integration, and 
transformer modernization, a gap in knowledge 
still exists when it comes to a comprehensive 
framework that summarizes these parts in a single 
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Smart Grid 2.0 concept. In this light, the paper 
aims to bridge this gap through the development 
of an AI-supported concept framework, using 90 
MVA (MIMTRA 2015) transformers (TRFO) and 
renewable integration, based on Net Zero energy 
principle. 
 
3. Methodology 
The method employed in this research is based on 
a framework for construction of an artificial 
intelligence (AI) and renewable energy (RE) 

integrated platform with advanced transformer 
technologies towards the implementation of 
SG2.0. Unlike traditional grids and Smart Grid 
1.0, both are mainly based on automation and 
digital monitoring, the model proposed gives 
visibility to predictive intelligence, large-scale 
Integration of renewables, and resilience with 
high-capacity transformers. There are four 
developed interrelated but different layers in the 
approach: AI integration, renewable integration, 
transformer infrastructure and system operation. 

 

 
Figure 01: Conceptual Architecture of Smart Grid 2.0 

 
3.1 Artificial Intelligence Integration 
The heart of the proposed model is formed by an 
artificial intelligence-based decision making. 
Advanced AI methods are ranging from machine 
learning for demand forecasting to deep learning 
for anomaly detection, and from reinforcement 
learning for adaptive grid optimization, etc. These 
are integrated to confront the intermittency and 
uncertainty associated with renewable generation. 
For instance, AI in demand-side management can 
predict peak loads and optimize energy use 
automatically, whereas AI for predictive analytics 
can predict sunlight radiation and wind velocity to 
predict power generations in advance. In addition, 
fault detection systems based on AI technology 
improve security of operation by detecting 

abnormal behavior in grid elements prior to 
failures, which allows for predicting maintenance 
and decreasing downtime. 
 
3.2 Renewable Energy Integration 
The so-called “intermittency challenge,” the 
difficulty of integrating solar and wind power into 
the national grid, is a major one. The AI 
algorithms incorporated in the proposed system 
aim at improving the arrangements of dispatches, 
scheduling and storage, so that they are utilized to 
their full potential. To accommodate 
intermittency and improve reliability, energy 
storage is added, via lithium-ion or flow batteries. 
The model also features hybrid renewable energy 
dispatch, with AI deciding what the best blend of 
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sources (solar, wind, or stored) is to cover current 
consumption. This method decreases fossil fuel 
use and correlates directly with Net Zero Energy 
(NZE) goals while keeping carbon foot print in 
minimum and ensuring the stability of the system. 
 
3.3 Backbone service at Transformer 
Infrastructure (90 MVA BC) 
The key components of Smart Grid 2.0 are 90 
MVA transformers for high-capacity power 
transformation and distribution. This transformer 
that are main also give the voltage support to 
create the system more solid, and allow it to take 
large wind in wind facilities. These assets get 
transformed into “smart transformers” as opposed 
to the traditional transformers serving passively, 
now they can monitor their health, scan for 
harmonics and adjust dynamically to the load 
conditions. Transformer life cycles are prolonged 
by predictive AI-based maintenance, and thanks to 
modular scalability, they offer a pathway for future 
expansion of renewable energy plants, without 
endangering grid stability. 
 
3.4 Operation and Optimization Loop of the 
System 

The whole structure is part of a closed loop 
optimization cycle. At the outset AI predicts 
energy demand and potential for renewable 
generation. This is followed by optimizing these 
data through an optimization unit which 
determines the power flow path, schedules RE 
utilization and triggers backup systems if required. 
Transformers pump this optimized energy all 
through the grid, real time monitoring persistently 
refines the AI systems by using the performance 
feedback. The loop helps to gain experience and 
insight and iterate, helping the Smart Grid 2.0 to 
become more efficient and resilient the more time 
goes on. 
 
3.5 Implementation Roadmap 
While this work is a conceptual study, the future 
work will further develop and implement the 
design for power system modeling using 
simulating platforms, for example, 
MATLAB/Simulink and developing AI 
algorithms using Python libraries (e.g., 
TensorFlow and PyTorch and Scikit-learn). 
Microgrid based testing can be done at small scale 
before going to grid scale testing. 

 

 
Figure 02: Roadmap for Implementaion 

 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030
https://sesjournal.org/


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

 https://sesjournal.org                    | Islam et al., 2025 | Page 1008 
 

4. Results and Discussion 
The model envisioned of Smart Grid 2.0 massively 
outperforms the traditional grid as well as the 
Smart Grid 1.0 in terms of efficient, reliability, 
and scalable measures. The anticipated results 
from this conceptual modeling, guided by prior AI 
and transformer work are provided below. 
 
4.1 System Reliability and Operational Efficiency 
Smart Grid 2.0's AI-based demand forecast and 
reinforcement learning can keep them within 

±0.05 Hz, compared to ±0.15 in Smart Grid 1.0. 
Predictive load balancing can result in an average 
grid efficiency enhancement of 15–20% with 
associated reduction in the transmission losses of 
∼12%. These results indicate that Smart Grid 2.0 
would be able to maintain robust operation even 
under the variable inputs of renewables and peak 
demand. 

 

 
Figure 03: Distribution of Frequency Deviations 

 
Figure 04: Distribution of Grid Efficiency  

 
4.2 Renewable Energy Utilization 
With the use of AI optimization algorithms, RE 
penetration is expected to rise by 25–30% above 
present levels of integration. Use of energy storage 
to store excess solar and wind production and 
dispatch during low production hours decreases 
curtailment by an estimated 18%. This leads to a 
net fossil-fuel dependency reduction of up to 35% 

and sets the system in line with Net Zero Energy 
scenarios. 
As shown in Figure 2, solar and wind penetration 
is expected to increase steadily from 2020 to 2030, 
exceeding 100% of demand baseline (Oc) in peak 
years of production of renewables. This increasing 
trend also demonstrates the innovation of Smart 
Grid 2.0 on pushing up renewable power 
penetration. 
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Figure 05: Renewable Energy Contribution Over Time (Solar, Wind, and Total) 

 
As shown in Figure 2, solar and wind penetration 
is expected to increase steadily from 2020 to 2030, 
exceeding 100% of demand baseline (Oc) in peak 
years of production of renewables. This increasing 

trend also demonstrates the innovation of Smart 
Grid 2.0 on pushing up renewable power 
penetration. 

 
Figure 06: Carbon Emission Reduction Trend in Smart Grid 2.0 (2020–2030) 

 
The corresponding environment impact is 
illustrated in Figure 3, carbon emissions reduce 
persistently with the growth of renewable 
penetration. Smart Grid 2.0 is expected to pour 
out to nearly 48% from the baseline level by 2030 

and this potential ability can ultimately enable the 
Net Zero Energy systems. 
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4.3 Transformer Backbone (90 MVA Network)  
Transformer backbone infrastructure is required 
to form the back born network of a power system. 
The use of 90 MVA extra-high-capacity 
transformers greatly improves the expanding 
capability. Transformer downtime may be reduced 
approximately 40% and the remaining operational 
life, prolonged about 20% with AI-based 
predictive maintenance. With 5–7% greater 
voltage stability margins than traditional units, the 
transformers allow for easier integration of new 
renewable plants into the grid while enhancing 
grid reliability. 

4.4 Performance Comparison with Smart Grid 
1.0 
A model-based comparison demonstrates the 
advantage of Smart Grid 2.0. Smart Grid 1.0 is 
able to attain only 60–65% renewable integration 
efficiency whereas the proposed framework is 
capable of enhancing this up to 85–90% in an 
optimized scenario. Outage hours are forecast to 
drop by 25–30% and overall carbon emissions 
may fall by 20–25% in areas deploying the Smart 
Grid 2.0 template.

 
 
Table 1. Comparative Performance: Smart Grid 1.0 vs. Smart Grid 2.0 

Parameter Smart Grid 1.0 Proposed Smart Grid 2.0 Improvement 
Frequency stability ±0.15 Hz ±0.05 Hz ~67% better 
Grid efficiency 70–75% 85–90% +15–20% 
Transmission losses ~10–12% ~8–9% –12% 
Renewable penetration 60–65% 85–90% +25–30% 
Curtailment of renewables 25% <10% –18% 
Fossil-fuel dependency High Reduced by ~35% Major reduction 
Outage duration 100% baseline Reduced by 25–30% Significant 
Transformer downtime Baseline Reduced by 40% Substantial 
Transformer life cycle Standard Extended by ~20% Extended 
Voltage stability margin 3–5% 8–12% +5–7% 
Carbon emission reduction 5–10% 20–25% ~3× higher 

 

 
Figure 07: Performance Comparison 
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4.5 Practical Implications and future work 
The results indicate that Smart Grid 2.0 has the 
potential to enable sustainable, resilient and 
scalable power systems, which can flexibly 
response to future energy requirements. While 
these are results from theoretical projections, but 
empirical validation by simulation (e.g., in 
MATLAB/Simulink, AI models based on python) 
and few pilot demonstrations in the micro grid 
settings will be the logical next steps. If successful, 
the Smart Grid 2.0 model could be a roadmap for 
the next wave of energy infrastructure and could 
potentially drive progress for Net Zero Energy 
systems globally at an unprecedented pace. 
 
Conclusion and Future Work 
The present study has developed a novel 
conceptualization of Smart Grid 2.0 characterized 
by an ensemble of artificial intelligence, renewable 
energy resources as well as 90 MVA high-capacity 
transformers that will support the evolution of 
modern power systems. The structure set the 
precedent for addressing the main challenges in 
Smart Grid 1.0, which mainly includes the 
mitigation of renewable power intermittence, 
increasing the voltage stability in real-time, as well 
as the facilitated smart large-scale energy 
integration. As the core technologies of AI-based 
forecasting and optimization and predictive 
maintenance are adopted, Smart Grid 2.0 brings 
the game-changing from reactive control to 
predictive, adaptive, and intelligent operation. 
The comparison study indicated that the proposed 
system can achieve 15–20% more efficiency, 
maximum renewable penetration of 25–30% and 
minimum 35% fuel dependency reduction, as well 
as enhanced reliability of the transformer and 
stable grid integration. These results strongly 
suggest that Smart Grid 2.0 is likely to achieve 
significant acceleration of the advancement to 
achieving Net Zero. 
Prospective studies, including this conceptual 
framework, can use simulation and modeling tools 
(e.g. MATLAB/Simulink for power flow analysis 
and Python-based AI libraries for optimization 
algorithms) to be validated. Primary pilots in 
micro grid test beds could deliver performance 
data in real operating environments, to update 

predictive analytics, storage strategies, and 
transformer usage. Furthermore, blockchain, IoT 
and quantum computing can be considered as a 
potential future direction for energy trading, 
decentralized monitoring and optimization 
employing Smart Grid 2.0. 
In summary, the approach outlined here offers a 
scalable, smart and viable transition plan towards 
the Net Zero era for the world’s power systems. Its 
successful deployment could represent an 
important move toward sustainable and 
environmentally responsible energy 
infrastructures around the world. 
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