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Abstract---One of the primary objectives of the problem is to reduce 
the cost of fuel consumed by generator units, and in recent years, we 

have developed new models to accomplish this goal. The first model 

problem represents a load following scenario, which is a common 

occurrence in power grids. The optimizer's objective is to balance 

demand and supply in response to fluctuating demand dynamics. At 

two different stages of the production process, a single producer tries 
to satisfy two constrained objectives in this model problem 2. By 

replacing a cogeneration system with n = 2 generators that generate 

(1) electricity and (2) heat in response to variations in demand, Model 

II improves on Model I. Using a n = 3 system with two products, three 

products, and three distinct order profiles, the third model issue 
builds on the prior two. The primary product remains unchanged from 

the preceding standard, and the slope rate is limited to the production 

of the two primary products (for example, electricity and heat). To 

create a third product (for example, a solid oxide electrolysis cell), the 

first two products are combined (for example, hydrogen). 

 
Keywords---energy systems, design optimization, dynamic control 

objectives, python algorithms. 

 

 

Introduction  
 

Grid design and operation optimization are required, as modern society is reliant 

on massive amounts of electrical energy. Due to the complexity of the electric 

grid, tough control issues necessitate the use of powerful solvers and efficient 

formulations in order to achieve tractable solutions. We develop and evaluate an 

approximate dynamic programming approach for designing near-optimal control 
rules for time-dependent, nonlinear systems. Energy efficiency improvements are 
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frequently quite rewarding investments.[6,7,11] They are, however, implemented 

gradually. One of the primary impediments is the considerable work required to 

identify possible cost savings in businesses. It is particularly challenging for small 

and medium-sized businesses (SMEs) to identify energy inefficiencies in systems 

and buildings. Benchmark values are required to determine the energy efficiency 
of facilities or entire organizations. Businesses must do peer comparisons to see 

whether their economic activities are energy efficient in contrast to others. 

 

Individual case studies contain design characteristics a few examples are limiting 

the ramp rate, generating electricity, and using energy storage. [9,10,12,16] The 

variables utilized in the benchmark tasks are detailed in the following sections. 
An objective function, (d) stands for demand, (g) stands for generation, (r) stands 

for ramp rate and storage inventory, (e) stands for product i's storage capacity. 

 

What is known as a mathematical model 

 
Model I 

 

 A common occurrence in grid systems is a condition known as "load following." 

The optimizer tries to balance supply and demand in response to changing 

demand dynamics. When ramping constraints are imposed on a single generator, 

a perfect foresight attempt is made to respond to a single load. To avoid 
overproduction, a generator must ramp up production to keep supply and 

demand in sync at first. 

 

                  𝑴𝒊𝒏𝒓  K = ∫ [𝟏𝟎𝟎𝟎 𝒎𝒂𝒙(𝟎, 𝒅 − 𝒈) + 𝒎𝒂𝒙(𝟎, 𝒈 − 𝒅)] 𝒅𝒕
𝟐

𝒊=𝟎
 

S. t. 
𝒅𝒈

𝒅𝒕
 = r 

d = 𝒄𝒐𝒔(𝟐𝝅𝒕) +  𝟑  
-1 ≤ r ≤ 1 

g(0) = d(0) = 4 

 

Model II 

 

Attempting to attain two restricted goals at the same time is the second model 
issue. With the addition of a cogeneration system (n=2) that generates (1) 

electricity and (2) heat based on changes in demand and a new heat demand 

profile, Model II outperforms Benchmark I in terms of efficiency. 

 

𝑴𝒊𝒏𝒓  K =  ∑  ∫ [𝟏𝟎𝟎𝟎 𝒎𝒂𝒙(𝟎, 𝒅𝒊 − 𝒈𝒊) + 𝒎𝒂𝒙(𝟎, 𝒈𝒊 − 𝒅𝒊)] 𝒅𝒕
𝟐

𝒊=𝟎
𝒏
𝒊=𝟏  

S. t. 
𝒅𝒈𝟏

𝒅𝒕
 = r,  𝒈𝟐 =2𝒈𝟏 

𝒅𝟏 = 𝐜𝐨𝐬(𝟐𝝅𝒕) +  𝟑  
𝒅𝟐 = 𝟏. 𝟓 𝐬𝐢𝐧(𝟐𝝅𝒕) + 7 

-1 ≤ r ≤ 1 

𝒈𝟏(0) = 𝒅𝟏(0) = 4 

𝒈𝟐(0)= 8, 𝒅𝟐(0) = 7 
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Model III 

 

Incorporating a trigenerational system, the third model problem improves on the 

previous two by introducing two producers, three items and three demand 
profiles. An identical primary producer is used to make the two fundamental 

products, with a limited ramp rate (e.g., electricity and heat). One more 

manufacturer can use the first two goods to make hydrogen and increase 

production capacity while avoiding supply shortages for the first two products 

using a solid oxide electrolysis cell. Foresight is a given for the optimizer, as was 

previously stated. 
 

           𝑴𝒊𝒏𝒓  K =  ∑  ∫ [𝟏𝟎𝟎𝟎 𝒎𝒂𝒙(𝟎, 𝒅𝒊 − 𝒈𝒊) + 𝒎𝒂𝒙(𝟎, 𝒈𝒊 − 𝒅𝒊)] 𝒅𝒕
𝟐

𝒊=𝟎
𝒏
𝒊=𝟏  

                                                                         −0.1∫ 𝒈𝟑𝒅𝒕
𝟐

𝒊=𝟏
 

S. t. 
𝒅𝒈𝟏

𝒅𝒕
 = 𝒓𝟏,   

𝒅𝒈𝟑

𝒅𝒕
 = 𝒓𝟑,  𝒈𝟐 =2𝒈𝟏 

𝒅𝟏 = 𝒄𝒐𝒔(𝟐𝝅𝒕) +  𝟑 + 2𝒈𝟑 

𝒅𝟐 = 𝟏. 𝟓 𝒔𝒊𝒏(𝟐𝝅𝒕) + 7 + 3𝒈𝟑  

𝒅𝟑 = 𝒎𝒂𝒙[𝟎, −𝟎. 𝟐 𝐬𝐢𝐧(𝟐𝝅𝒕)]  
-1 ≤  𝒓𝟏  ≤ 1,  -1 ≤  𝒓𝟑  ≤ 1 

𝒈𝟏(0) = 𝒅𝟏(0) = 4 

𝒈𝟐(0)= 8, 𝒅𝟐(0) = 7 

𝒈𝟑(0) = 𝒅𝟑(0) = 0 
 

 
Figure (1) Graphical abstract 

 

Energy Systems 
 

Energy supply systems can be designed, operated, and controlled more efficiently 

using quasi-stationary, dynamic and linear and nonlinear models are all 

consistent. [8,13] To achieve quasi-stationary models, all temporal derivatives in 

the dynamic models must be zeroed out. linear models also become nonlinear 

when the distance between two support points is zero. It is thus possible to 
investigate the impact of linearization and the assumption of quasi-stationary 

behavior on energy supply system optimization without incurring distortions due 

to divergent modeling assumptions, as the assembled component models do. Note 

that the models shown here are solely reliant on the pace at which energy is 
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pumped through them. For models with minute-scale thermal inertia, we suggest 

dynamic extensions. Electricity models on the other hand, because of the speed of 

electrical operations, are presumed to be (quasi)stationary models. 

 

Design optimization 
 

Due to the combination of combinatorial decisions and operational optimization, 

design optimization must deal with large-scale optimization difficulties. have even 

demonstrated that designing (distributed) energy supply systems is an NP-hard 

task. We include both minimum costs and minimum global warming impact in 

this case study,[5,6] which adds to the complexity of the design optimization 
challenge. 

 

 
Figure(2) An overview of the structure of sustainable power systems 

 

Dynamic control objective 

 

The dynamic control objective function is a mathematical expression that is 
minimized or maximized in order to determine the optimal answer for a controller 

among all conceivable possibilities. The shape of this goal function is crucial in 

order to provide appropriate solutions for guiding a system to a desired state or 

trajectory.[2,3,14,15] The most frequently used objective statements refer to 

economic, safety, operability, or environmental objectives. 
 

Python Algorithms 

 

Students are forced to deal with the specifics of data structures and supporting 

procedures rather than constructing an algorithm when they utilize traditional 

programming languages. Python is an algorithmic programming language that 
has grown in popularity in education.[1,4] Python's features include its textbook-

like structure and experimentation-friendly interaction. More crucially, we 

describe our novel use of the Python programming language to express aggregate 
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data structures such as graphs and flow networks in a succinct textual format, 

which not only motivates students to experiment with algorithms but also greatly 

lowers development time. 

 
Application of New model  

 

Numerous applications of electricity and heat exist throughout the life cycle, 

including. Due to the heating action of electricity, a light bulb or the filament of a 

lamp emits light. The lamp filament is often constructed of tungsten metal, which 

melts around 3380 degrees Celsius. And electric iron is composed of alloys with a 
high melting point. Both the electric heater and the heater operate on the same 

principle. And an electric fuse, which is used to protect electrical devices from 

excessive voltage, if it exists. Electric fuses are typically constructed of metal or a 

metal alloy, such as aluminum, copper, iron, or lead. If the voltage exceeds the 

limiter, the fuse wire melts, protecting the electrical appliances. 
 

Numerical Results 

 

We obtain the optimal time to solve the problem by applying the new model from 

the previous objective function, as seen in Figure (3,4,5) and Table (1,2,3): 

 

 scaled unscaled 

Objective 7.6186676198350831e+000 7.6186676198350824e+001 

Dual infeasibility 1.4210854715202004e-014 1.4210854715202004e-013 

Constraint 

violation 

4.1958624075189022e-016 4.1958624075189022e-016 

Complementarity 1.2278478753572035e-011 1.2278478753572034e-010 

Overall NLP error 1.2278478753572035e-011 1.2278478753572034e-010 

Table (1) model I 

 
The solution was found. 

Solution time  :    0.43870000000000003 sec 

 Objective        :     76.18767624693196 
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Figure (3) model I 

 

 scaled unscaled 

Objective 2.8125484463777340e+001 2.8125484463777337e+002 

Dual infeasibility 2.3386243534068152e-007 2.3386243534068152e-006 

Constraint 

violation 

9.0594198809412774e-014 9.0594198809412774e-014 

Complementarity 3.6237809079003073e-008 3.6237809079003070e-007 

Overall NLP error 2.3386243534068152e-007 2.3386243534068152e-006 

 Table (2) model II 

 

The solution was found. 

Solution time  :      0.938 sec 

   Objective      :      281.25677873795695 
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Figure (4) model II 

 

iter objective convergence 

0 5.47405E+02 1.00000E+00 

1 2.19430E+02 2.71523E-03 

2 2.18870E+02 1.00962E+00 

3 2.18844E+02 1.20000E-09 

4 2.18844E+02 3.49977E-10 

5 2.18844E+02 2.57572E-14 

6 2.18844E+02 2.57572E-14 

Table (3) model III 

 
Successful solution 

Solution time   :      4.3582 sec 

Objective       :     218.8442245711001 
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Figure (5) model III 

 

The Description 

 

In the first and second tables we stop when we get the least error, but in the third 

table we stop when the repetition becomes a value that does not change no matter 
how much more iteration of the objective function occurs . We note in the third, 

fourth and fifth figures that the blue color represents energy production, the red 

color represents energy demand, and the black color represents the regression 

rate in relation to production and demand. 
 

Conclusion 
 

Energy systems in the world have changed dramatically as a result of the 

widespread adoption of electrical energy, the importance of linking the concept of 

rationalizing electrical energy consumption with the progress of the world, and 

simple application methods that can be used by the public. Emphasis was also 
placed on solving the problem of producing electrical and thermal energy and 

benefiting from it in dissolving and oxidizing solid materials in a new way, solving 

the problems of future energy systems and contributing to the development of 

energy systems. 
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