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Abstract 
Greenhouse gases (GHGs) are the main cause of global warming. Reducing emissions would contribute to en-
vironmental sustainability and could also have economic advantages. GHGs can be reduced by using the hybrid 
energy system (HES). In developing countries, analysing energy transitions and unmet energy needs should 
focus on identifying strategies for transitioning to more sustainable energy systems while ensuring access for 
all. This study looks at the mitigation of GHG emissions by using clean HES energy with battery optimisation. 
The paper presents an improved Lyapunov optimisation (LO) algorithm to optimally estimate the number of 
photovoltaic panels and battery banks for enhanced energy management. To increase system efficiency, the 
losses of power and over-production and under-utilised energy have been considered. The stability analysis is 
evaluated using the LO algorithm, specifically focusing on the changes predicted by the energy index of the self-
reliance report, optimising the system’s performance under varying environmental conditions.  
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1. Introduction 

High levels of greenhouse gas (GHG) emissions, 
now concentrated at five times those seen before 
industrialisation (Verma et al., 2021), have had nu-
merous impacts worldwide, such as heightened 
susceptibility of crops to diseases and pests, ex-
treme weather and desertification. GHGs can ab-
sorb and release heat and ozone’s hazardous gases. 
It is expected that global average surface tempera-
tures will increase by 3.7°C by the 2070s, along with 
the 0.6°C global warming. This warming is likely to 
lead to drastic environmental changes in weather 
patterns and natural disasters (Thanh-Tuan 
Nguyan et al., 2021). An international agreement 
has been reached to prevent severe impacts from 
climate change by using the 2°C setting instead of 
the pre-industrialisation levels.  

These difficulties require a reassessment of cur-
rent mathematical methodologies (Ates et al., 2023; 
Jyoti et al., 2018; Balasubramaniam et al., 2025; He 
et al., 2023; Xu et al., 2020). A new and affordable 
power supply system is suggested to guarantee the 
use of clean electricity, with a particular emphasis 
on creating a pleasant atmosphere in a space. In ad-
dition, Tripp et al., 2022, proposed an energy man-
agement plan to enhance the energy efficiency of 
hybrid renewable energy systems (HESs) using 
stored unmet energy (Patel et al., 2019, Rajee et al., 
2023). The reduction of CO2 emissions requires in-
creasing the efficiency of PV cells and battery stor-
age optimisation (Rui Yang et al., 2021). So, clean 
energy transitions and energy-efficient HES are es-
sential in reducing GHG emissions. To meet the 2°C 
upper limit, global annual CO2 emissions of 5.2 tons 
per capita must be decreased to avoid the formation 
of acid rain. While CO2 forms a mild acid when in-
teracting with water, unlike sulphur and nitrogen 
oxides, which create strong acids, the rise in CO2 
emissions will worsen the issue. Marine scientists 
have shown great concern about the effect on sea 
animals. Changes in a species or a group of species 
caused by acidification will undoubtedly harm the 
ecosystem, particularly in terms of food. Abd, 2020, 
presented net-zero energy buildings as a promising 
strategy for decarbonisation, as they reduce energy 
consumption using grid-connected systems. The 
annual operating cost is too expensive, however 
(Kumar et al., 2022). Al-Rawashdeh et al. (2023 pre-
sented a study and assessed the impact of economic 
growth and fossil fuel usage. However, the current 
levelised cost of electricity from HES components is 
high for various reasons. The potential contribution 
and integration of HES systems depend strongly on 
local conditions. Battery storage systems can bridge 
the gap between variable and unsynchronised 
power supply and load demand (Ahmed et al., 
2021).  

1.1 Key contributors 
Nitrous oxides, a significant source of GHGs, are pri-
marily generated by microbial activity, and can also 
be attributed to the widespread use of nitrogen-rich 
chemical fertilisers. Carbon dioxide, the second big-
gest factor in the greenhouse effect, is generated 
naturally through volcanic eruptions and respira-
tion, as well as through human activities and the 
burning of gasoline and other fossil fuels (Energy 
data info, 2023). Figure 1 shows the sectors mainly 
responsible for CO2 emissions, and Table 1 shows 
the 10 countries contributing most to those emis-
sions.  
 

  
Figure 1: Global greenhouse gas emissions by 

sector (IPCC 2024) 

Table 1: Top 10 carbon-emitting countries  
(IPCC 2023; IEA 2023) 

Countries Million 
tons CO2 

Percentage of 
world  

CO2 emissions 

China 13 300 32.38 

USA 4 680 11.6 

India 2 960 7.29 

Russia 2 070 4.99 

Japan 1 083 2.81 

Indonesia 779 1.9 

Iran 675 1.78 

Germany 623 1.75 

Saudi Arabia 620 1.71 

South Korea 600 1.53 

 
Currently, there is a lack of precise measure-

ments on the atmospheric concentration of carbon 
monoxide, as its high spatial mobility hinders accu-
rate assessment. The scenario shifts significantly 
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with chlorofluorocarbons (CFCs) in the picture. Be-
cause it lacks natural sources, its atmospheric levels 
have been rising since they were first measured in 
1928. There have been worldwide attempts to halt 
its use, including scientific reports generated by the 
Intergovernmental Panel on Climate Change (IPCC 
2023). 

1.2 Mitigating CO2 emissions 
A report from the International Energy Agency 
(IEA) stated that solar power has the potential to 
produce 22% of the world's electricity by 2050. So-
lar energy offers a way to reduce carbon emissions 
by replacing more carbon-intensive heat and power 
sources. The reduction depends on the energy 
sources displaced, their carbon intensity and the 
energy used in solar system manufacturing and op-
eration. Life-cycle analysis shows that concentrated 
solar power (CSP) systems deliver power with a 
carbon intensity of 20-50 g CO2/kWh. When inte-
grated into energy systems, CSP's consistent power 
output and thermal storage reduce the need for 
storage and flexible capacity, making it easier to in-
corporate other variable sources like photovoltaics 
into grids (Solar Farm India, 2021).  

The primary objective is to decrease CO2 emis-
sions to keep them within safe levels, while the sec-
ondary aim is to explore its utilisation in critical 
industrial applications. Lowering carbon dis-
charges and enhancing sustainable energy sources 
is the main solution.  

The research contributions of this paper stem 
from looking at the gap between CO2 emissions and 
energy management optimisation. The implement- 

ation of Lyapunov optimisation can dynamically ad-
just decisions (such as when to store or release en-
ergy from batteries) based on real-time 
observation, leading to minimum carbon emissions. 
The optimum HES-LO helps ensure system stability 
by controlling the energy stored in batteries, over-
discharge or under-utilisation of available renewa-
ble energy. 

2. Related work 

The integration of artificial intelligence (AI) with re-
newable energy sources offers real-time monitor-
ing, data analytics and demand response to provide 
predictive maintenance and cybersecurity (Mikalai 
et al., 2024). The nature-inspired optimisation is 
utilised in solving large-scale nonlinear optimisa-
tion problems; particle swarm optimisation utilises 
swarm intelligence to solve renewable optimisation 
problems. The simplicity and the scalability of na-
ture-inspired algorithms solve heuristic algorithms. 
AI has emerged as a transformative approach in op-
timising the energy management and consumption 
of clean energy. Machine learning contributes to de-
mand forecasting and prediction using ensemble al-
gorithms with support vector machines, random 
forest, and gradient boosting (Vendoti et al., 2020). 

The GHG mitigation model in Figure 2 prevents 
emissions using cost-effective electricity produc-
tion. The development of intelligence-based smart 
grids is emerging in scheduling, power consump-
tion and transmission. Reinforcement learning is 
utilised for real-time control and decision-making 
algorithms for energy dispatching and storage op-
erations (Samuel et al.,2020). Component sizing  

 

Figure 2: GHG mitigation strategy model
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and planning of the RES is ascertained by using the 
genetic algorithm to accelerate the searching speed 
and to make decisions accordingly (Moreroa et al., 
2024). Big data analytics enable timely real-time 
monitoring in remote places to meet the demand 
response programmes (Alghamidi et al, 2023). 
Elsayed Said et al. (2020) proposed RES with stor-
age facilities to address grid integration capabilities 
by using advanced technologies, AI and deep learn-
ing for harvesting, weed detection and smart irriga-
tion. However, maintaining traditional energy 
sources and controlling GHG emissions are crucial 
unless the system’s stability is maintained. As a re-
sult, decentralised energy resources are more com-
mon in maintaining stability due to their sporadic 
nature (He et al., 2023). Energy storage systems are 
optimised using metaheuristic algorithms such as 
Cuckoo search, Grey wolf optimisation, ant colony 
optimisation and harmony search. An ameliorative 
whale optimisation algorithm can be used to opti-
mise a ship’s power using fuzzy rules (Jyoti et al., 
2018). The optimisation is done through 
charge/discharge cycles in batteries and enhances 
converter and inverter performance. However, it 
lacks a control-theoretic framework that ensures 
system stability while optimising performance met-
rics over time. Zhou et al. (2021) have exam-
ined the resurgence of generative sources to help 
mitigate GHG emissions and improve environmen-
tal health.  
Presently, South Africa's main power source is fos-
sil fuels, which have detrimental effects on the envi-
ronment. An estimated 30 m3 of biogas is 
required to generate enough energy to run an aver-
age household. This study investigates the battery 
optimisation of a HES located in a remote place. The 
system model comprises various components, in-
cluding the power-generating photovoltaic (PV) 
panel, wind turbine (WT) power and grid power. 
Solar and wind energy can be a challenge, but their 
sporadic nature is overcome by optimised battery 
storage. This study applies Lyapunov optimisation 
to control the system parameters and ensure the 
stability of a system. The suitability for real-time 
applications drives the research focus on Lyapunov 
optimisation, which enables adaptive energy dis-
patch, storage control and load scheduling. 

3. Methods and materials 

3.1  Battery storage model 
A battery model is the first step in applying the pro-
posed HES-LO approach. Battery storage is neces-
sary to ensure a continuous power supply even 
during periods of low production. The energy stor-
age solution is based on the charging and discharg-
ing of a battery. 

3.2   State of charge 
The state of charge (SoC) of a battery is its capabil-
ity to store energy when it is available. SoC depends 
on the current state (t) and the previous state (t-1) 

of the battery, with an additional ratio 
𝑃𝐵𝑇(𝑡)

𝑉𝐵𝑇(𝑡)
 of 

power and voltage of the battery with respect to 
change in time.  

     𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(𝑡 − 1) ±
𝑃𝐵𝑇(𝑡)

𝑉𝐵𝑇(𝑡)
 ∆𝑡 (1) 

3.3  Battery energy storage system 
The stored energy is defined as 

     𝐸𝐵𝑆(𝑡) = 𝐸𝐵𝑆(𝑡 − 1) + 𝜂 × (𝑃𝐿 − 𝑃𝑃𝑉 − 𝑃𝑊𝑇) (2) 

where 𝑃𝐿  is the load demand on the HES in Kw; 𝑃𝑃𝑉  
is the generated electricity of PV panels; 𝑃𝑊𝑇  is the 
generated electricity of wind turbine. 

Objective 1 
The design process’s first objective is to maintain 
the reliability of the HES. The energy index of self-
reliance (EISR) is an index that helps to indicate 
whether a region is highly self-reliant on its energy 
resources or not. A high index score helps promote 
renewable energy development in low-income 
countries and is given as: 

     𝐸𝐼𝑆𝑅 = 1 − 𝑈𝑀𝐸 (3) 

where UME is the total unmet energy. 

   𝑈𝑀𝐸 =
∑ (𝑃𝐵𝑇 𝑚𝑖𝑛+𝑃𝑑(𝑡)−𝑃𝑊𝑇(𝑡)−𝑃𝑃𝑉(𝑡)−𝑃𝑆𝑂𝐶(𝑡))
𝑇
𝑡=1

𝐸
 (4) 

The solar PV power output 𝑃𝑃𝑉  is determined using  

𝑃𝑃𝑉 = 𝜂𝑃𝑉  × 𝐴𝑃𝑉 × 𝐺𝑡  (5) 

The WT power output 𝑃𝑊𝑇(𝜈) is determined using  

𝑃𝑊𝑇(𝜈) =

{
 
 

 
 

0 𝑖𝑓 𝜈 < 𝜈𝑐𝑢𝑡−𝑖𝑛

𝑃𝑟𝑎𝑡𝑒𝑑 (
𝜈2−𝜈𝑐𝑢𝑡−𝑖𝑛

3

𝜈𝑟𝑎𝑡𝑒𝑑
2 −𝜈𝑐𝑢𝑡−𝑖𝑛

3 )  𝑖𝑓 𝜈𝑐𝑢𝑡−𝑖𝑛 ≤ 𝜈 < 𝜈𝑟𝑎𝑡𝑒𝑑  

 𝑃𝑟𝑎𝑡𝑒𝑑  𝑖𝑓 𝜈𝑟𝑎𝑡𝑒𝑑 ≤ 𝜈 < 𝜈𝑐𝑢𝑡−𝑜𝑢𝑡
0 𝑖𝑓 𝜈 ≥ 𝜈𝑐𝑢𝑡−𝑖𝑛

 (6) 

where 𝑃𝑆𝑂𝐶(𝑡) is the power at state of charge of a 
battery; T is the operational duration at time t; 𝜂𝑃𝑉  
is the solar PV efficiency; area range is 𝐴𝑃𝑉; solar ir-
radiance is 𝐺𝑡; rated power of WT is 𝑃𝑟𝑎𝑡𝑒𝑑 ; swept 
area is 𝐴𝑊𝑇; rated wind speed is 𝜈𝑟𝑎𝑡𝑒𝑑 , which de-
pends on the WT cut-in 𝜈𝑐𝑢𝑡−𝑖𝑛 and 𝜈𝑐𝑢𝑡−𝑜𝑢𝑡  cut-out 
speed. 
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Objective 2  
The second objective is to reduce CO2 emissions by 
battery storage optimisation. CO2 emission is calcu-
lated using  

    𝐸𝐶𝑂2 = 𝐸𝑊𝑇 + 𝐸𝑃𝑉  (7) 

    𝐸𝑊𝑇 = (∑ ∑ 𝜂𝑊𝑇𝑃𝑊𝑇
𝑡24

𝑡=1
365
𝑑=1 )𝛿𝑊𝑇  (8) 

    𝐸𝑃𝑉 = (∑ ∑ 𝜂𝑃𝑉𝑃𝑃𝑉
𝑡24

𝑡=1
365
𝑑=1 )𝛿𝑃𝑉 (9) 

The implementation and design is based on 
HRES-LO to attain optimised energy efficiency and 
decrease emissions of GHGs. The system's design al-
lows for flexibility in integrating energy storage, 
loss of power, over-production and cycling of charg-
ing and discharging. 

3.4 Lyapunov optimisation framework 
Lyapunov optimisation helps manage energy re-
sources and allows for real-time decision-making to 
adapt to changing environmental conditions. The 
goal is to effectively handle and distribute the en-
ergy produced and stored, while maintaining sys-
tem stability and dependability. A methodical way 
to accomplish this is given below. 

3.4.1. Queue dynamics 
The queue dynamics is employed in the evolution of 
virtual queue status when the power generation 
and load demand evolves. 

  𝑄(𝑡 + 1) = max {𝑄(𝑡) + 𝑃𝑔𝑒𝑛(𝑡) − 𝑃𝑙𝑜𝑎𝑑(𝑡). 0} (10)  

3.4.2. Lyapunov function 
The Lyapunov function is the existence of a queue 
and is defined as 

     𝐿(𝑄(𝑡)) =
1

2
𝑄(𝑡)2  (11) 

 3.4.3. Drift-plus-penalty 
Lyapunov drift-plus-penalty is the difference be-
tween the current queue and the next queue with 
the penalty function  𝑓 (𝑃𝑔𝑒𝑛(𝑡), 𝑃𝑙𝑜𝑎𝑑(𝑡))  as load 
demand increases.  

    △ 𝐿(𝑄(𝑡)) + 𝑉. 𝑓(𝑃𝑔𝑒𝑛(𝑡), 𝑃𝑙𝑜𝑎𝑑(𝑡)) (12)  

where Δ𝐿(𝑄(𝑡)) is the drift and 𝑉 is a trade-off pa-
rameter that balances the trade-off between queue 
stability and cost.  

3.5.  Optimisation problem 
The Lyapunov optimisation problem is reformu-
lated to minimise the drift-plus-penalty function.  

 △ 𝐿(𝑄(𝑡)) + 𝑉. 𝑓(𝑃𝑔𝑒𝑛(𝑡), 𝑃𝑙𝑜𝑎𝑑(𝑡)) 𝑃𝑔𝑒𝑛(𝑡),𝑃𝑙𝑜𝑎𝑑(𝑡)
𝑚𝑖𝑛   (13) 

subject to  

     𝐶1: 𝑃𝑔𝑒𝑛(𝑡) > 𝑃𝑙𝑜𝑎𝑑(𝑡) (13a) 

and  

     𝐶2: 𝑆𝑂𝐶𝐸𝐸𝑆 ≥ 𝑆𝑂𝐶𝐸𝐸𝑆(𝑡 − 1) (13b) 

The problem is converted into a single objective 
problem with the subjective constraints. 

4. Experimental results and discussion 

In this section, an experimental result shows the 
feasibility of the proposed HES-LO system for a re-
mote area. The study evaluated an optimal energy 
management strategy to assess its efficiency. The 
proposed system is simulated and implemented us-
ing MATLAB. Table 2 describes the data used to run 
the simulation program. 

Table 2: Simulation data 

Module Parameter Value 

PV  
mod-
ule 

Nominal power 𝑃𝑁𝑜𝑚𝑖𝑛𝑎𝑙  75 W 

Optimal PV tilt angle (β)  50⸰ 

Efficiency (ηPV) 20% 

PV min area (APVmin) 5 m2 

PV max. area (APVmax) 50 m2 

WT  
mod-
ule 

Nominal power 𝑃𝑟𝑎𝑡𝑒𝑑  478.8 kW 

Swept area (𝐴𝑊𝑇) 452 m2 

Rated wind speed 
(𝜈𝑟𝑎𝑡𝑒𝑑) 

12 m/s 

 
The battery eases certain essential tasks and 

conditions so the grid can operate. The battery is 
used as a power buffer, which can store or release 
energy at time slot upon demand request.  

Figure 3 shows how the solar PV power output 
and WT power output vary in terms of solar irradi-
ance and wind speed in a range (0.8 kW to 8 kW) 
that is feasible for real-time implementation, de-
pending on the application and scale. WT power 
output increases non-linearly, with wind speed 
reaching full power at rated speed, and staying con-
stant until the cut-out speed (20 m/s). The parame-
ters to get the maximum reachable output have 
been chosen. For reasons of feasibility and scalabil-
ity, the rated power has been selected as 478.8 kW, 
swept area as 452  𝑚2, rated wind speed as 15 𝑚/𝑠, 
cut-in speed as 𝜈𝑐𝑢𝑡−𝑖𝑛 = 3 𝑚/𝑠 ,and cut-out speed 
as 𝜈𝑐𝑢𝑡−𝑜𝑢𝑡 = 20 𝑚/𝑠 to maintain the optimality.

 



6    Journal of Energy in Southern Africa • Vol 36 No 1 • 2025 

 
Figure 3: Solar PV and WT power output 

Figure 4: Energy flow and demand in terms of load profile

In this scenario, the batteries are arranged ac-
cording to their size to perform the task of peak 
shaving and supporting service management. The 
battery sizes are based on a seasonal timeframe 
that results in excessive size. However, the require-
ments need to be fulfilled. The state of charge (SoC) 
of the battery is impacted by the battery character-
istics, such as charging and discharging. The load 
profile performance of HES is illustrated in Figure 
4. The blue line indicates the level of discharge 
power, that is, load power. The orange sections 
demonstrate the generated power of the sections 
from PV. The brown lines with dashes indicate the 
acts of releasing. In general, battery categorisations 
are determined by how deplorers charge them and 
by analysing their SoC. Power profiles offer im-
portant information on the optimisation potential. 

The management approach governs how energy 
is distributed from different energy sources. Loads 
are loaded and unloaded, and is designed to en-
hance system performance based on specific goals  

(e.g. cost of operation, battery longevity, etc.). Dis-
patch analysis usually relies on the steady-state en-
ergy solution to maintain equilibrium. Figure 5 
shows the Lyapunov queue of the HES-LO system 
under conditions such as overproduction and un-
der-utilisation. This virtual queue is combined with 
a Lyapunov function and drift-plus-penalty analysis 
to manage energy in the system.  

Table 3 references cost optimisation analysis, 
Table 4 is the comparative analysis based on vari-
ous algorithms, Table 5 details the real-time appli-
cations and Table 6 references the comparative 
performance parameters of various algorithms pro-
posed in the recent study.  

The tables would likely present the results of the 
analysis, focusing on how the Lyapunov optimisa-
tion method’s performance metrics are superior. 
The analysis examined the impact of the HES-LO al-
gorithm on various cost factors within the HES, such 
as energy consumption, operational expenses and 
resource management.
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Figure 5: Power referred to the state of charge of the battery 

 
Table 3: Cost optimisation analysis 

Case study NPC (₹) Charge battery 

(kWh/year) 

Excess optimised energy 

(kWh/year) 

Solar PV 150 240 10 760 1 610 

Wind WT 201 440 6 230 950 

HRES 

=0.50×NPCSolar
+0.50×NPCWind 

175 840 8 495 2 560 

 
 Table 4: Comparative analysis of the proposed method 

Optimisation 
method 

Suitability for HES Advantages Challenges 

Lyapunov opti-
misation 

Best for real-time energy 
management 

Adapts to power fluc-
tuations 

Ensures system stabil-
ity 

Sensitive to parameter tun-
ing 

Mayfly algorithm Efficient for grid stability 
and battery scheduling 

Fast convergence Requires tuning of ge-
netic/PSO parameters 

Genetic algo-
rithm 

Good for component sizing Multi-objective prob-
lems 

Slow convergence and com-
putationally expensive 

CUKO search Suitable for microgrid 
planning 

Strong global search 
ability 

Slower than PSO 

Gray wolf opti-
miser  

Good for power dispatch 
optimisation 

Fewer parameters Can stagnate at local op-
tima 

Harmony search  Less effective for real-time 
operation 

Good for initial system 
design 

Slow for dynamic energy 
management 

Flower pollina-
tion algorithm 

Good for hybrid system 
sizing 

Good exploration abil-
ity 

Slower convergence for 
large-scale system 
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Table 5: Real-time application usage 

Real-time application Area used Output range Realistic 
or not 

Remarks 

House appliances  
(urban) 

5-20 m2 0.8-3.2 kW Yes Home appliances for lighting, air-
conditioning and refrigeration 

Rural home/farming 20-50 m2 3.2-8 kW Yes Can support water pumps, TV, re-
frigerator, etc. 

Telecom base station 10-30 m2 1.6-4.8 kW Yes Typical mobile base station load-
ing 

Microgrid hybrid 50+ m2 8+ kW Yes Community usage, hybrid with 
PV/WT/tidal 

 

Table 6: Comparative analysis of the proposed method  

Performance 
Metric 

Lyapunov 
optimis-

ation 

Mayfly Genetic al-
gorithm 

CUKO 
search 

Gray wolf 
optimiser 

Harmony 
search  

Flower  
pollination  
algorithm 

Energy effi-
ciency (%) 

93.5 92.1 89.2 91.2 92.1 88.2 90.1 

Renewable uti-
lisation (%) 

95 93.4 90.2 93.2 94,2 89.0 91.4 

Battery utilisa-
tion (%) 

88.7 87.2 85.4 86.8 87.3 83.2 84.5 

Cost reduction 
(%) 

26 22 20 22 23 20 20 

Convergence 
time (s) 

0.21 0.35 1.86 0.95 0.42 2.12 1.25 

 
The behaviour of a battery’s SoC over time is 

presented in Figure 6, showing loss of power and 
over-production. SoC takes necessary actions dur-
ing insufficient energy production or storage, re-
sulting in power shortages. This is due to the 
variable nature of the charging and discharging cy-
cles. 

In Figure 7, the performance of Lyapunov opti-
misation analysis is shown and utilises the 
knowledge of queue length over time. The objective 
is to reduce the queue length; otherwise, the load 
demand will increase. The generated power and the 
load demand are shown in the upper part of Figure 
7.  The lower part shows the queue backlog, which 
represents unmet demand. It is minimised using a 
Lyapunov drift minimisation approach. The drift 

term represents the cost function to be minimised, 
and it influences the power dispatch from solar and 
wind systems. The sensitivity analysis is shown in 
Figure 8. It comprises the varying solar irradiance, 
varying wind speed, battery SoC, cost of energy and 
reduced CO2 emission.  

Figure 9 shows the EISR. This index is useful for 
taking control of household energy demand; This 
metric is used to stabilise energy supply-demand 
balance while optimising performance metrics like 
cost, battery usage and self-reliance. The three lines 
in the upper plot show how unmet energy com-
pares with power demand and generated power 
over time. The lower plot shows a single bar indi-
cating the EISR value of a proposed system. The re-
liability of the proposed system is 84.5%.
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Figure 6: Battery’s state of charge over time 

 

 

Figure 7: Lyapunov optimisation for the generated power and load demand 
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Figure 8: Sensitivity analysis under varying conditions 

 

Figure 9: Energy index of self-reliance 
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Figure 10: Annual carbon emissions 

Figure 10 illustrates the activities of the HES un-
der different subsidy policies. The solar power pro-
duction by the HES rose substantially with the 
growth of traditional situations. The optimised 
HES-LO functions went from USD 0.07 /kWh to USD 
0.09 /kWh with conventional systems, indicating 
that the design and operation of the HES will remain 
unaffected even if LO surpasses the limit. The pre-
sent research showed that wind and solar PV sys-
tems have respective embodied carbon emissions 
of 17–26 gCO2e/kWh and 43–72 gCO2e/kWh (Xu, X 
et al., 2020). However, with the implementation of 
LO optimisation for sizing and controlling HES com-
ponents, a country can lower its carbon footprint to 
meet its reduction target by 34-37% by 2050. Table 
3 shows the cost optimisation analysis of HES and 
the 25% reduction in cost in India while using alter-
native energy sources instead of conventional en-
ergy sources and comparative analysis is reported 
in remaining tables from 4 to 6. 

5. Conclusion 

The analysis of sustainable energy and unmet en-
ergy is implemented using Lyapunov optimisation. 
The study analyses the state of charge of a battery 
and the load demand. Over-production and under-
utilisation are managed using an optimised HES-LO 
system. This work analysed the mitigation of green-
house gas emissions using clean HES energy. As per 
the simulation study, a battery bank is designed to 

optimise energy management. To increase system 
efficiency, the losses of power, over-production and 
under-utilisation of energy have been considered. 
Energy consumption is reduced by optimising en-
ergy flows and increasing efficiency. In this way, a 
low-income country can strengthen its economic 
resilience by reducing its dependency and protect-
ing itself from external economic influences, such as 
geopolitical conflicts. The energy index of self-reli-
ance confronts strategic planning and regulations. 
The takeaways from this analysis are as follows: 

• Performance metrics such as energy efficiency, 
renewable energy source utilisation, battery 
utilisation, cost reduction and convergence 
analysis are shown to prove the effectiveness of 
the HES-LO system. 

• Stability analysis is implemented using Lya-
punov optimisation, and EISR is reported at 
84.5%.  

• The carbon footprint is reduced by 20% while 
using the hybrid systems.  

• The mitigation of greenhouse gas emissions is 
optimised by using clean energy from varying 
sources.  

Extensive work is needed in planning its imple-
mentation. The switch to renewable energies re-
quires intelligent decisions, energy storage 
solutions and a successful transition to an inde-
pendent energy supply. 
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