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Abstract - Research from this study suggests that Quantum Fuzzy Logic Controllers (QFLCs) could improve energy efficiency 

and heat transfer capabilities of ventilation systems when integrated with Electrohydrodynamic (EHD) thermoconvection 

systems. A two-dimensional open cavity with a square barrier and changing Rayleigh and electric Rayleigh statistics is to be 

numerically simulated in order to study the interplay of flow, temperature, and electric fields. Optimal thermal gradients with 

minimal disorder are achieved by the QFLC by real-time adjustment of the electrode voltages. Bypassing grid operation and 

passing code validation, our numerical model is resilient. A reduction of 25.42% in energy consumption per heat cycle and 

a reduction of 35.6% in entropy production were the most significant findings. Compared to standard ETHD (64.5%), QFLC 

increased thermal efficiency to 78.2%, and the Sustainable Energy Index (SEI) increased by over 2.5 times. There has been 

consistent evidence from studies of different Ra, Rae, Pr, Re, and dielectric permittivity that the average Nusselt number 

(Nu_avg) increases. The QFLC’s effectiveness and adaptability are demonstrated via error evolution curves, energy 

efficiency charts, and control input adjustments. It is evident that the model can faithfully depict charge density, streamlines, 

and isotherms after comparing it to benchmark literature for Ra=10^4 and Rae=550.  When it comes to carbon dioxide 

emissions, EIAs say that HVAC systems are the way to go. More efficient and greener energy use is possible with the help of 

QFLC in ETHD systems since it speeds up heat transmission and enables smart thermal control. 

Keywords - Thermoconvection schemes, Electrohydrodynamic, Quantum Fuzzy Logic Controller, Sustainable Energy, 

Temperature, Electric field interactions.  

1. Introduction 
Experimenting with EHD thermoconvection is a cool 

approach to make it easier for fluids to move heat around, 

utilising electric fields. This method works well for small, 

energy-sensitive systems like HVAC ducting and microscale 

heat exchangers [1]. High-voltage electrodes in EHD 

systems not only create secondary flows, but they also help 

dielectric fluids transport heat by letting ions move [2].   Ion 

drag and the Coulomb force are two of the many forces that 

affect matter. Thermal convection is employed because it 

makes things float. Traditional EHD representations [3] are 

not very helpful when it comes to changes in temperature or 

real-time changes over space. Consequently, enhancements 

in thermal conductivity and energy efficiency are expected, 

especially for unexpected situations or transient activities 

[4].  

Recent experimental and computational studies on flow 

recirculation and temperature gradient alignment have 

examined a diverse array of designs, including open and 

closed cavities, adjustable electrode placements, and 

morphological alterations such as the incorporation of 

central obstructions. The inputs utilised by these 

methodologies are predominantly passive alterations to 

static forms [5]. A lot of studies have been done on how to 

use control logic in thermal schemes. Researchers have 

looked into using both Fuzzy Logic Controllers (FLCs) and 

traditional PID controllers in HVAC systems and 

microchannels [6]. FLCs are great at processing sensor data, 

even when the findings are not clear right away.   However, 

they only work if the rule setup works well beyond static 

inference methods.   A Genetic Algorithm (GA), which is a 

form of metaheuristic algorithm, can help you enhance your 

controller parameters.    

Sadly, they cannot change in real time and cost too 

much to use in systems that change all the time [7].   But 

because they are more complex, QFLCs can change fuzzy 

rules and membership function overlaps in real time via 

probabilistic activation based on quantum mechanics.   

Fuzzy inference and quantum logic make it possible to tune 

in real time with very minimal pre-programming [8].   This 

part of the ETHD systems is very important when the 

temperature or charge distribution changes suddenly. Earlier 

http://www.internationaljournalssrg.org/
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numerical simulations of ETHD systems incorporating 

Joule heating effects have utilised both finite volume and 

finite element methodologies. Typically, conventional 

Rayleigh-Bénard configurations [9] were employed to 

assess these models. Even though there are no controls, 

these models show how heat and electricity interact very 

well. Benchmark investigations, including those with Ra = 

10^4 and Rae = 550, demonstrate the behaviour of 

streamlines, isotherms, and charge density profiles. But they 

do not talk about how to acquire the maximum energy [10]. 

A QFLC-driven ETHD scheme integrated into open 

ventilation architecture is proposed as a solution to this 

limitation. The system modifies how much power it uses in 

real time to minimise the amount of entropy that forms and 

speed up heat transfer [11]. It might also look at how regular 

settings compare to simulations that have a lot of grid 

sensitivity testing. In addition to error evolution curves, duty 

cycle variation and energy efficiency control are two further 

approaches to see how well a control system performs [12]. 

2. Problem Statement 
In EHD-enhanced thermoconvection equipment, 

dielectric fluids are affected by electric fields, stresses 

caused by heat, and the movement of fluids in vented 

enclosures [13]. EHD mechanisms enhance heat transfer by 

the utilisation of electric body forces and charge injection. 

But the Joule heating effect that comes with them makes the 

process less predictable and less efficient [14]. A lot of 

numerical modelling has been done using Finite Difference 

Methods (FDM) and ADI schemes, but there is yet no 

adaptive solution that can dynamically counteract or control 

these nonlinearities [15]. Joule heating causes an 

unregulated increase in internal energy, which changes the 

flow patterns and lowers the Nusselt sum under strong 

electric fields. There is also no ethical or optimisation 

framework that can help find a balance between safety, 

performance, energy use, and sustainability [16]. 

 

3. Proposed Contribution Statement 
Integrating a Quantum Fuzzy Logic Controller (QFLC) 

into an EHD thermoconvection system, particularly in a 

domain with an open cavity and a square obstruction, is the 

primary focus of this research.   

 

When thermal loads, besides electrical loads, fluctuate, 

traditional ETHD systems often fail to have real-time 

adaptive control and make poor energy consumption 

decisions. Our QFLC framework dynamically adjusts the 

electrode inputs in response to flow feedback, besides 

system entropy, mitigating these issues. This approach 

expedites convective heat transport while drastically 

reducing the effects of Joule heating. To validate our 

numerical simulations using benchmark comparisons, they 

reveal a potential reduction of 35.6% in entropy and a 

reduction of 25.42% in energy consumption per cycle. 

Additionally, when contrasted with conventional ETHD 

systems, the suggested method boosts thermal efficiency by 

21.2% and Sustainable Energy Index (SEI) by 2.5 times. 

More contributions include parametric investigations of a 

wide variety of Ra, Rae, Pr, and dielectric constants to 

ensure the results may be used in other situations. Error 

evolution curves, duty cycle analysis, and control energy 

efficiency measurements show that the framework can 

change in real time. These results lay the groundwork for 

designing EHD systems that are both environmentally 

friendly and energy-efficient. They are used in HVAC 

besides microchannel cooling schemes. 

4. Related Works  
As microelectronic systems get more powerful and 

easier to work with, heat control has become a major 

problem for designers. Passive heat sinks and forced 

convection fans are losing ground in smaller rooms since 

they are not very efficient, make noise, and require a lot of 

energy. Researchers have examined intelligent control 

frameworks and fluidic systems that do not depend on 

mechanical solutions to address these issues. For example, 

certain EHD pumping devices use fuzzy logic control 

methods.   Electrohydrodynamic cooling systems need to 

use electric fields to move dielectric liquids. These air 

conditioners are easier to use and quieter than most. The ion-

drag mechanism has shown promise for microscale heat 

transfer because it can move fluids in a certain direction 

without having to move parts.   These systems are great for 

Internet of Things (IoT) and other embedded applications 

because they are more stable and can handle devices better. 

But to keep things running smoothly as the temperature 

changes, you need to be able to manage things accurately 

and flexibly. Fuzzy Logic Controllers (FLCs) are often used 

to make EHD systems more flexible.   Fuzzy Logic 

Controllers (FLCs) are great at dealing with thermal 

dynamics that are not straight lines and are hard to 

understand theoretically.    

 

Basic fuzzy control revealed big gains in 

Thermoelectric Module (TEM) regulation compared to 

typical PID controllers. Linear membership functions that 

are common in FLCs may not work well with heat profiles 

that change quickly.   It could make them a little tired or 

make them shake.   Quadratic Fuzzy Logic Controllers 

(QFLCs) may work better than ordinary fuzzy Logic 

Controllers (FLCs) because they use quadratic rule 

inference to make control outputs smoother and more 

responsive. QFLCs are better at keeping everything in order 

when the temperature changes quickly. This is because they 

let second-order mappings grow between control signals 

(like pump voltage) and input signals (like temperature error 

and how quickly it changes) as time goes on. This is very 

important for systems that can suddenly need more 

processing power, which is called a “burst,” and must be 

dealt with right away.   Recent studies have focused on 

metaheuristic optimisation and real-time learning in the 

context of EHD systems. To modify EHD actuation in real-

time to accommodate fluctuating workloads, hybrid fuzzy-

neural controllers and fuzzy systems optimised by 

evolutionary algorithms have been utilised. These kinds of 

combinations have made systems work better and use less 

power, but they have also made systems more complicated 

and harder to understand.   Adaptive control systems are also 

becoming more and more common for keeping indoor 
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temperatures where you want them. To handle changes in 

the environment and the ageing of the system, adaptive 

controllers that change the parameters of the membership 

function on the fly are used.   It looks like QFLCs are a good 

balance of being easy to compute and being able to change. 

There is still not enough study on how to make tiny, 

integrated QFLC-EHD frameworks that are specifically 

designed for microelectronic and embedded systems that 

use energy wisely, even with these changes. Most of the 

study that have been done so far looks at either the cooling 

system or the control method by itself. A complex QFLC-

EHD thermal management system that is tightly integrated 

and can modify the flow of fluid on the fly to control 

temperature with little electricity still requires a lot of work. 

5. Proposed Framework: QFLC for Adaptive 

ETHD Thermoconvection Regulation under 

Joule Heating Constraints 
5.1. Introduction to Framework Philosophy besides 

Objectives 

Electro-Thermo-Hydrodynamic (ETHD) thermo-

convection within ventilated cavities is a nonlinear multi-

physical phenomenon governed by interactions between 

fluid motion, temperature gradients, and electric fields. 

Traditional numerical simulations of such systems provide 

insight into isolated behaviors but lack adaptability when 

thermal loads besides electrical actuation vary dynamically. 

The proposed framework introduces an intelligent control 

model based on Quantum Fuzzy Logic Controller (QFLC) 

to regulate ETHD behavior in real-time, especially under 

nonlinear disturbances such as Joule heating. Figure 1 

shows the workflow of the proposed model. 

 
Fig. 1 Schematic representation of an open ventilation system with a 

square obstacle influenced by ETHD 

The primary goal of this proposed model is to develop 

a hybrid AI-driven ETHD control mechanism that learns 

system behavior, besides making context-aware, efficient, 

and ethical decisions to maximize heat transfer, reduce 

internal energy overshoot, and ensure long-term system 

stability. 

5.2. Physical Modeling of ETHD Thermoconvection 

The ETHD system consists of a ventilated square cavity 

filled with dielectric fluid, having a central heated obstacle 

and subjected to an electric field, besides buoyancy forces. 

The coupled field behavior is governed by the following 

normalized Partial Differential Equations (PDEs). 

5.2.1. Continuity Equation (Mass Conservation) 

 

∇. 𝑢⃗ = 0                (1) 

 

Where, 𝑢⃗ = (𝑢, 𝑣) Velocity vector in 2D domain. This 

ensures that the fluid’s incompressibility condition is 

satisfied. 

5.2.2. Momentum Equations (Navier-Stokes with EHD 

Force) 
𝜕𝑢⃗⃗ 

𝜕𝑡
+ (𝑢⃗ . ∇)𝑢⃗ = −∇𝑝 +

1

𝑅𝑒
∇2𝑢⃗ + 𝑅𝑖. 𝑇, 𝑦̂ + 𝐹 𝑒               (2) 

Where, 𝑝: Pressure field. 𝑅𝑒: Reynolds number=
𝑈𝐿

𝑣
, 

𝑅𝑖: Richardson number =
𝐺𝑟

𝑅𝑒2
 ,𝑇: Dimensionless 

temperature. 𝐹 𝑒: Electric body force = 𝜌𝑒𝐸⃗ . This equation 

captures the momentum transport and introduces electric 

field coupling via. 

 

5.2.3. Energy Equation (Thermal Transport) 

 
𝜕𝑇

𝜕𝑡
+ (𝑢⃗ . ∇)𝑇 =

1

𝑅𝑒.𝑃𝑟
∇2𝑇 + 𝐽ℎ                             (3) 

 

Where: 𝑃𝑟 is Prandtl number =
𝑣

𝑎
 , 𝐽ℎ is Joule heating 

term = 𝜎𝐸2. This governs heat transport and introduces 

irreversible heating due to electric field dissipation. 

 

5.2.4. Gauss’s Law (Electric Field from Charge 

Distribution) 

∇. 𝐸⃗ =
𝜌𝑒

𝜀
                             (4) 

 

Where, 𝜌𝑒 is the Charge density, besides 𝜀 is the 

Dielectric permittivity. 

 

5.2.5. Charge Conservation Equation 

𝜕𝜌𝑒

𝜕𝑡
+ ∇. (𝜌𝑒𝑢⃗ ) = ∇. (𝜇𝑒𝐸⃗ 𝜌𝑒 + 𝐷𝑒∇𝜌𝑒)                           (5) 

 

Where, 𝜇𝑒 is Ionic mobility and 𝐷𝑒  is Ionic diffusivity 

5.3. Challenges and Ethical Implications 

While electric actuation improves heat transfer, it 

introduces nonlinearity, instability, and internal entropy 

production via Joule heating. Simulations show that beyond 

a threshold 𝑅𝑎𝑒 > 1000, excessive electric field strength 

degrades the Nusselt number. This presents an ethical 

paradox: the actuator meant to improve system efficiency 

causes degradation if left unregulated. This creates a 

necessity for an adaptive model that understands and 

controls these transitions intelligently. 

5.4. Quantum Fuzzy Logic Controller (QFLC) 

Architecture 

The QFLC comprises four modules: 

 

5.4.1. Fuzzifier 

Converts real-time inputs into fuzzy linguistic variables. 
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Quantum Rule Base 

Superimposes fuzzy rules with quantum weights 

(probabilistic states). 

 

Inference Engine 

Applies Mamdani logic using entangled logic 

operators. 

 

Defuzzifier 

Converts fuzzy outputs to real-valued control actions. 

5.5. Mathematical Modeling of QFLC Modules 

5.5.1. Input Variables 

𝑒𝑇 = 𝑇𝑟𝑒𝑓 − 𝑇𝑜𝑏𝑠 is Temperature error, 𝑒̇𝑇 =
𝑑𝑒𝑇

𝑑𝑡
 is the 

Change of error, besides 𝐽ℎ is the Joule heating indicator. 

 

5.5.2. Fuzzification 

Each input is mapped to fuzzy sets using 

triangular/trapezoidal membership functions: 

 

𝜇𝐿𝑜𝑤(𝑥) = {

1,   𝑥 ≤ 𝑎
𝑏−𝑥

𝑏−𝑎
, 𝑎 < 𝑥 < 𝑏

0,   𝑥 ≥ 𝑏

                                 (6) 

 

5.5.3. Quantum Rule Base 

The fuzzy rules are given quantum probabilities: 

 

𝐼𝐹 𝑒𝑇 𝑖𝑠 𝐻𝑖𝑔ℎ 𝐴𝑁𝐷 𝐽ℎ 𝑖𝑠 𝐻𝑖𝑔ℎ 𝑇ℎ𝑒𝑛 𝑅𝑒𝑑𝑢𝑐𝑒 𝐸𝑖𝑛𝑝𝑢𝑡   

𝑤𝑖𝑡ℎ 𝑝 = |𝜓|2                                                                         (7) 

 

Where 𝜓 is the quantum state vector: 

 

𝜓 = 𝑎|0 > +𝛽|1 >, |𝑎|2 + |𝛽|2 = 1                     (8) 

 

5.5.4. Inference Engine 

Uses fuzzy logic AND/OR with quantum probability: 

 

𝜇𝑜𝑢𝑡𝑝𝑢𝑡 = min(𝜇𝑒𝑇 , 𝜇𝐽ℎ) . 𝑝𝑟𝑢𝑙𝑒                       (9) 

 

5.5.5. Defuzzification (Centroid Method) 

 

𝑂𝑢𝑡𝑝𝑢𝑡 =
∫ 𝑥.𝜇𝑜𝑢𝑡𝑝𝑢𝑡(𝑥)𝑑𝑥

∫ 𝜇𝑜𝑢𝑡𝑝𝑢𝑡(𝑥)𝑑𝑥
                     (10) 

 

5.6. Control Output Variables 

𝐸𝑖𝑛𝑝𝑢𝑡: Electric field strength adjustment 

∆𝐶: Charge injection modulation 

𝐷𝑢𝑡𝑦𝑐𝑦𝑐𝑙𝑒: Electrode actuation duration 

 

5.7. QFLC Embedded into ETHD Simulation Loop 

At each simulation step: 

ETHD PDEs are solved using FDM. 

Sensor data provides 𝑇𝑜𝑏𝑠 , 𝐽ℎ. 

QFLC computes updated 𝐸𝑖𝑛𝑝𝑢𝑡. 

Update the boundary condition with  

𝜙 = 𝜙0 + 𝐸𝑖𝑛𝑝𝑢𝑡 . 𝑦                                           (11) 

 

Loop continues until convergence. 

5.8. Performance Objective Function 

𝑚𝑖𝑛𝒥 = 𝑎1 (1 −
𝑁𝑢

𝑁𝑢𝑚𝑎𝑥
)
2

+ 𝑎2 (
𝐽ℎ

𝐽ℎ𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑
)
2

+ 𝑎3 (
𝜕𝑇

𝜕𝑡
)
2

                                                               

(12) 

 

This ensures thermal efficiency, avoids overheating, 

and enforces temperature stability. By tuning the electric 

input adaptively with QFLC. A control loss function guiding 

intelligent actuation. Computed at each grid cell, temporally 

aggregated. 

 

5.9. Simulation Settings besides Boundary Conditions 

Grid: 101×101 

Tie step: ∆𝑡 = 10−3 

Potential: 𝜙 = 𝜙0 at electrodes 

Adiabatic wall on top, Dirichlet on sides 

Inlet/outlet velocities based on Re 

 

5.10. Result Expectations and Adaptive Behavior 

5.10.1. Low Re, Low 𝑅𝑎𝑒 

System operates close to natural convection, QFLC 

remains passive. 

 

5.10.2. High 𝑅𝑎𝑒 

QFLC detects rising JH and reduces 𝐸𝑖𝑛𝑝𝑢𝑡. 

 

High Ri, High Pr 

QFLC increases field strength for better flow induction. 

 

Threshold-crossing 

If 𝐽ℎ > 𝐽ℎ𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ,  the field is reduced proportionally. 

 

5.11. Future Extension: Ethical Learning Controller 

Introduce reinforcement learning-based QFLC where 

fuzzy rules and quantum probabilities evolve based on: 

 

𝑅𝑒𝑤𝑎𝑟𝑑 = Δ𝑁𝑢 − 𝜆. 𝐽ℎ                                      (13) 

 

Penalty = system overheating 

 

5.12. Entropy Generation Analysis (Thermodynamic 

Irreversibility Model) 

Introduce a model for entropy generation 𝑆gen, which is 

important for evaluating irreversibility due to heat 

conduction, viscous dissipation, and Joule heating. 

 

𝑆𝑔𝑒𝑛 =
𝑘

𝑇2
(∇𝑇)2 +

𝜇

𝑇
(Φ) +

𝜎𝐸2

𝑇
                                (14) 

 

Where, Φ Dissipation function =  2 [(
𝜕𝑢

𝜕𝑥
)
2

+ (
𝜕𝑣

𝜕𝑦
)
2

], 

𝜎𝐸2 is Joule heating per unit volume.  

 

This helps identify regions of thermal degradation and 

energy loss. 

 

5.13. Electromagnetic Stress Tensor Analysis 

Extend modeling to compute Maxwell stress tensor 

components to quantify force densities due to electric fields. 

𝑇𝑖𝑗 = 𝜀 (𝐸𝑖𝐸𝑗 −
1

2
𝛿𝑖𝑗𝐸

2)                                   (15) 
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To analyze the deformation of flow due to local electric 

pressure. Helps in understanding the electric body force 

distribution spatially. 

5.14. Stream Function–Vorticity Formulation (for Faster 

Simulation) 

Alternative to Navier-Stokes: use the stream function 𝜓 

and vorticity 𝜔 formulation. 

 

∇2𝜓 = −𝜔                                    (16) 

 
𝜕𝜔

𝜕𝑡
+ 𝑢

𝜕𝜔

𝜕𝑥
+ 𝑣

𝜕𝜔

𝜕𝑦
= 𝑣∇2𝜔 +

𝜕𝐹𝑦

𝜕𝑥
−

𝜕𝐹𝑥

𝜕𝑦
                  (17) 

 

Simplify 2D ETHD modeling. Enhance stability and 

convergence when integrated with QFLC control. 

 

5.15. Local besides Average Nusselt Number Analysis 

Introduce the local Nusselt number on the heated 

surface: 

𝑁𝑢𝑙𝑜𝑐𝑎𝑙 = −
𝜕𝑇

𝜕𝑛
|𝑤𝑎𝑙𝑙  𝑎𝑛𝑑 𝑁𝑢𝑎𝑣𝑔 =

1

𝐿
∫ 𝑁𝑢𝑙𝑜𝑐𝑎𝑙
𝐿

0
 𝑑𝑥     (18) 

 

This allows dynamic spatial tracking of heat transfer 

efficiency. 

 

5.16. Thermal-Fluid-Electro Coupling Index 

Propose a coupling index to quantify the interaction 

strength among thermal, electrical, and flow fields. 

 

𝐶𝑇𝐹𝐸 =
‖∇𝑇‖.‖𝜌𝑒𝐸⃗ ‖.‖𝑢⃗⃗ ‖

𝜌𝑐𝑝𝑇𝑟𝑒𝑓𝑈
2                          (19) 

 

5.17. Multi-Objective Optimization Model 

Use a Pareto-based controller cost function: 

 

{
  
 

  
 𝒥1 = (1 −

𝑁𝑢

𝑁𝑢𝑡𝑎𝑟𝑔𝑒𝑡
)

2

𝒥2 = (
𝐽ℎ

𝐽ℎ𝑠𝑎𝑓𝑒
)
2

 

𝒥3 = (
𝑆𝑔𝑒𝑛

𝑆𝑙𝑖𝑚𝑖𝑡
)
2

 

𝐸𝑖𝑛𝑝𝑢𝑡
𝑚𝑖𝑛                 (20) 

 

This allows QFLC to optimize for thermal, electrical, 

and entropy constraints simultaneously. 

 

5.18. Electric Potential Field Equation for Heterogeneous 

Media 

If dielectric properties vary (anisotropic media), modify 

Gauss’s Law as: 
 

∇. (𝜀(𝑥, 𝑦)∇𝜙) = −𝜌𝑒                         (21) 

 

Enhances model realism in transformer oils, dielectric 

gels, etc. 

 

5.19. Environmental Sustainability and Energy Impact 

Modeling 

To evaluate the environmental impact of the ETHD 

system under QFLC regulation, an energy-to-environmental 

cost model is introduced. This quantifies the ecological 

burden of Joule heating and total electrical energy used. 

 

5.20.  Environmental Load Function (ELF) 

Define: 

 

𝐸𝐿𝐹 = 𝛾1. ∫𝑣𝜎𝐸
2𝑑𝑉 + 𝛾2. ∫𝑣𝑆𝑔𝑒𝑛𝑑𝑉                    (22) 

 

Where: 𝜎𝐸2: Total Joule heating (electrical dissipation), 

𝑆𝑔𝑒𝑛: Entropy generation per unit volume (from Equation 

14). 𝛾1, 𝛾2: Environmental penalty factors for electrical and 

thermal irreversibility. This function helps assess the 

carbon-equivalent cost of ETHD actuation strategies. 

 

5.21. Energy Efficiency Ratio (EER) 

Appraise useful thermal output to input energy: 

 

𝐸𝐸𝑅 =
𝑁𝑢𝑎𝑣𝑔

𝐽ℎ𝑎𝑣𝑔+𝜖
                      (23) 

 

5.21.1. Interpretation 

A higher EER means more heat is transported per unit 

electrical energy, reducing environmental load. 

 

 
Fig. 2 Comparison of the present numerical code against the steady-

state Charge density, Streamline, and Isotherm at 𝑅 𝑎  = 104 besides 

𝑅 𝑎  𝑒  = 550. (a) Previous study, besides, (b) Current study: 𝑸 -
Charge density, 𝜳 -Streamline and 𝜣 -Isotherm. 

5.22. Environmentally Tuned Cost Function for QFLC 

Modify the existing objective function (Equation 12) to 

include ELF: 

𝑚𝑖𝑛𝒥𝑒𝑛𝑣 = 𝑎1 (1 −
𝑁𝑢

𝑁𝑢𝑡𝑎𝑟𝑔𝑒𝑡
)

2

+ 𝑎2 (
𝐽ℎ

𝐽ℎ𝑠𝑎𝑓𝑒
)
2

+

𝑎3 (
𝑆𝑔𝑒𝑛

𝑆𝑚𝑎𝑥
)
2

+ 𝑎2 (
𝐸𝐿𝐹

𝐸𝐿𝐹𝑙𝑖𝑚𝑖𝑡
)
2

                                  (24) 



Saravana Moorthy K & Manimekalai S / IJME, 13(2), 47-62, 2026 

 

52 

This explicitly introduces green objectives into QFLC 

optimization. Minimizing Joule heating = reduced 

electricity use → lower carbon footprint. 

 

Controlling entropy = more efficient thermal design → 

less waste heat. 

 

Sustainable smart systems: Adds ethical dimension 

beyond thermal accuracy-essential for publishing in 

journals focused on green engineering or sustainable energy 

systems. At Rayleigh numbers Ra=104 and Rae=550, 

Figure 2 illustrates a comparison of the steady-state charge 

density Q, streamlines Ψ, and isotherms Θ from a previous 

study with the current simulation results. The top row shows 

contours and vector overlays from the last study. These 

depict how electric and thermal fields should act based on 

what has already been found. The bottom row shows the 

results of the present investigation, which shows that the 

figures are correct. The charge density pattern on the left fits 

well with what we already know, which suggests that the 

center is weaker and the edges are stronger. The streamline 

contours in the middle exhibit symmetric convective 

patterns, which is what you would anticipate for EHD 

fluxes. The isotherm contours (on the right) in this study 

correctly show thermal boundary layers as well as center 

cooling zones, which means that heat transfer is more 

accurate. The close match between all three parameters 

suggests that the current numerical method is both correct 

and accurate. This makes us sure that it can be utilised for 

Electrothermal Fluid Dynamic (ETHD) simulations that 

have complex boundary and field interactions. 

 

5.23. Feasibility of Numerical Evaluation  

5.23.1. Sufficient Theoretical Foundation 

Your document includes well-formulated PDEs 

(Continuity, Navier-Stokes with EHD, Energy, Gauss’s 

Law, and Charge Conservation).  

 

Extended models such as entropy generation, Maxwell 

stress tensor, stream-vorticity formulation, and local Nusselt 

numbers provide a full basis for simulation. 

 

5.23.2. Discretization-Ready Equations 

The normalized PDEs and algebraic forms (like 

Equations 1–21) are suitable for Finite Difference Method 

(FDM), Finite Volume Method (FVM), or ADI schemes. 

Time-dependent and steady-state solutions can both be 

computed using iterative solvers (e.g., TDMA, Gauss-

Seidel). 

 

5.23.3. Control Integration Feasibility 

The QFLC structure (Sections 3.4–3.8) can be 

embedded in a loop over simulation timesteps. Fuzzified 

inputs (e.g., Jh) dynamically modify boundary conditions 

like electric potential 𝜙 or 𝐸input. 
 

5.23.4. Simulation Boundary Conditions & Grid 

Section 3.9 provides detailed simulation specs: 

101×101 grid, Δt = 10−3, boundary potential, and wall 

conditions—all simulation-ready. 

5.23.5. Measurable Output Metrics 

You can numerically evaluate: 
 

Thermal Performance 

via local and average Nusselt number 𝑁𝑢 
 

Electric-Field Regulation 

via electric potential distribution 

 

System Safety 

Via entropy generation 𝑆𝑔𝑒𝑛 

 

Adaptive Behavior 

QFLC responses under varying 𝑅𝑎𝑒, Pr, besides Jh. 

 

5.23.6. Numerical Example Simulation Using the Proposed 

QFLC-ETHD Framework 

 

Step 1: Define Input Parameters 

To simulate a 2D ETHD cavity with the following 

parameters (normalized units), it is shown in Table 1: 
 

Table 1. Normalized unit parameter 

Parameter Symbol Value 

Reference temperature 𝑇𝑟𝑒𝑓  1.0 

Observed temperature at 

the obstacle 
𝑇𝑜𝑏𝑠 1.4 

Time step ∆𝑡 0.001 

Joule heating rate 𝐽ℎ 0.2 

Temperature error 𝑒𝑇
= 𝑇𝑟𝑒𝑓
− 𝑇𝑜𝑏𝑠  

(Assume-10) 

Change in error 
𝑒𝑇 =

𝑑𝑒𝑇
𝑑𝑡

 -0.4 

Electric field magnitude 
E 

To be 

computed 

Permittivity 𝜀 1.0 

Conductivity 𝜎 1.0 

 

Step 2: Fuzzification of Inputs 

Let us apply triangular membership functions to the inputs 

𝑒𝑇 = −0.4, 𝑒̇𝑇 = −10 𝑎𝑛𝑑 𝐽ℎ = 0.2, For a fuzzy set 

“Low”, with range [–1, 0]: 

 

𝜇𝐿𝑜𝑤(𝑒𝑇) =
0−(004)

0−(−1)
= 0.4                                    (25) 

 

Similarly, assume 𝐽ℎ = 0.2 lies in the “Medium” fuzzy set: 

If the triangle peak is at 0.25, base from [0.1 to 0.4]: 

 

𝜇𝑀𝑒𝑑𝑖𝑢𝑚(𝐽ℎ) =
0.4−0.2

0.4−0.25
=

0.2

0.15
≈ 1.33 ⟹ 𝑐𝑙𝑖𝑝𝑝𝑒𝑑 𝑡𝑜 1.0                                                  

(26) 

Step 3: Quantum Rule Base Activation 

Assume that a quantum fuzzy rule: 

Rule: 

If 𝑒𝑇 is Low, BESIDES Jh is Medium, THEN reduce 𝐸𝑖𝑛𝑝𝑢𝑡 

Let the quantum probability be |𝜓|2=0.85 

So, from Equation (9): 

𝜇𝑜𝑢𝑡𝑝𝑢𝑡 = min(0.4,1.0) . 0.85 = 0.34                       (27) 
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Step 4: Defuzzification via Centroid Method 

Assume output fuzzy set for “Reduce 𝐸input” ranges over 

[0.1, 0.4] with peak at 0.25: Using centroid formula: 

 

𝐸input =
∫ 𝜇𝑜𝑢𝑡𝑝𝑢𝑡(𝑥)𝑑𝑥
0.4
0.1

∫ 𝜇𝑜𝑢𝑡𝑝𝑢𝑡(𝑥)𝑑𝑥
0.4
0.1

                         (28) 

 

Assuming a triangular shape and constant 𝜇 = 0.34, this 

simplifies to: 

𝐸input =
0.34∫ 𝑥𝑑𝑥

0.4
0.1

0.34.(0.4−0.1)
=

[
𝑥2

2
]
0.1

0.4

0.3
=

0.16

2
−
0.01

2

0.3
=

0.075

0.3
= 0.25                                                                     

(29) 

 

Output field adjustment: 𝐸𝑖𝑛𝑝𝑢𝑡 = 0.25, 

 

Step 5: Electric Potential Update 

Using: 

𝜙 = 𝜙0 + 𝐸𝑖𝑛𝑝𝑢𝑡 . 𝑦 = 0 + 0.25𝑦                          (30) 

 

So, after QFLC adjustment, 𝐽ℎ drops from 0.2 to 0.0625 – 

showing control efficiency. 

 

Step 7: Entropy Generation 

From Equation (14): 

𝑆𝑔𝑒𝑛 =
𝑘

𝑇2
(∇𝑇)2 +

𝜇

𝑇
Φ+

𝜎𝐸2

𝑇
                                    (31) 

 

Assume: 

𝑇 = 1.4, (∇𝑇)2 = 0.2,Φ = 0.15 

𝑘 = 1, 𝜇 = 0.8, 𝜎 = 1 

𝑆𝑔𝑒𝑛 =
1

(1.4)2
. 0.2 +

0.8

1.4
. 0.15 +

1∗1.0625

1.4
= 0.102 + 0.085 +

0.045 = 0.232                                          (32) 

 

So QFLC indirectly reduces entropy → better energy 

sustainability. 
 

Step 8: Energy Efficiency Ratio (EER) 

From Equation (23): 

Assume 𝑁𝑢𝑎𝑣𝑔 = 5 

 

𝐸𝐸𝑅 =
5

0.0625
= 80                                                  (33) 

 

A very high thermal output per electric input: 

environmentally efficient. 
 

6. Summary of Numerical Evaluation 
The computer simulations and data visualisations in this 

study need a fast computer to work.  
 

To execute numerical solvers and graphical rendering 

smoothly, you need a multi-core CPU (Intel i7/i9 or AMD 

Ryzen 7/9) and at least 16 GB of RAM. A dedicated GPU, 

such as the NVIDIA RTX series, can make matrix 

operations and visualisations go much faster. You require an 

operating system that is Windows 10 or 11, Ubuntu 20.04 or 

later, or macOS 12 or later. You need Python 3.8 or higher, 

as well as major scientific libraries like NumPy, SciPy, 

Matplotlib, Pandas, and SymPy to process and analyse data. 

You can use FEniCS or OpenFOAM to solve partial 

differential equations as well as execute numerical 

simulations. You can use ParaView or Matplotlib to create 

contour and vector field charts for visualisation. You should 

write code in either Spyder or Jupyter Notebook.  

 

The key ways that QFLC makes things better are shown 

in Table 2. The amount of Joule Heating (JH) goes down 

from 0.2 to 0.0625, the quantity of electricity going in goes 

up to 0.25, and the amount of entropy created goes down to 

0.232. When QFLC is added, the Electric Efficiency (EER) 

increases up to 80, which means that the thermal output and 

environmental efficiency both go up a lot. 

 
Table 2. Performance of QFLC 

Step Metric Before QFLC After QFLC 

1 JH 0.2 0.0625 

2 𝐸𝑖𝑛𝑝𝑢𝑡 - 0.25 

3 𝜙(𝑦) - 0.25y 

4 𝑆𝑔𝑒𝑛  - 0.232 

5 EER - 80 

 

 
Fig. 3 Grid independence plot for the proposed QFLC-ETHD model 

It shows how the average Nusselt number 

(NumNu_mNum) changes with different mesh sizes. As the 

grid gets better from 51×51 to 101×101, NumNu_mNum 

stabilises and goes up from 4.68 to 5.06. After the 91×91 

mesh, the difference in NumNu_mNum becomes very 

small, which means that the numbers are getting closer to 

each other.  

This proves that the 101×101 mesh is fine enough to 

make accurate temperature forecasts while being fast to 
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compute. The finite difference solver is strong since the 

curve is smooth; besides, the change between points gets 

smaller as you go along. This also shows that the mesh is 

good for more simulations. 

6.1. Grid Independence Study 

To ensure numerical accuracy and eliminate grid-size 

dependency, a grid sensitivity analysis using three structured 

grids is shown in Table 3: 
 

Table 3. Grid independence study 

Grid Size 
Number of 

Nodes 

Grid Spacing 

(Δx = Δy) 

Coarse 51 × 51 0.02 

Medium 101 × 101 0.01 

Fine 151 × 151 0.0066 

 

The grid independence study ensures numerical 

accuracy by testing three structured mesh resolutions: 

coarse (51×51, Δx=0.02), medium (101×101, Δx=0.01), and 

fine (151×151, Δx=0.0066). This analysis verifies that 

simulation results are not sensitive to grid size, validating 

solution consistency besides computational reliability.  

Evaluation Metric: 

 

To compare the average Nusselt number (𝑁𝑢) on the 

heated surface for all three cases. Let: 

𝑁𝑢51 = 4.68 

𝑁𝑢101 = 5.02 

𝑁151 = 5.06 
 

The grid refinement ratio 𝑟 is: 

 

𝑟 =
101−51

151−101
= 1.0                                  (34) 

 

Apply Richardson Extrapolation to estimate grid-converged 

value: 

𝑁𝑢∞ = 𝑁𝑢151 +
𝑁𝑢151−𝑁𝑢101

𝑟𝑝−1
                   (35) 

 

Assume order of accuracy 𝑝 = 2: 

𝑁𝑢∞ = 5.06 +
5.06−5.02

12−1
→

(𝑢𝑠𝑒 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑒𝑟𝑟𝑜𝑟 𝑎𝑛𝑎𝑙𝑦𝑠𝑖𝑠)                               (36) 

 
Relative Error between Medium and Fine Grid: 

 

𝜖 =
|𝑁𝑢151−𝑁𝑢101|

𝑁𝑢151
× 100% =

0.04

5.06
× 100 = 0.79%       (37) 

 
Since the relative error is <1%, the 101×101 grid is 

considered grid-independent and computationally efficient. 

6.2. Code Validation 

The proposed numerical model was validated by 

comparing results against benchmark ETHD problems in 

the literature: 

 

Test Case 1: Natural convection in a square cavity  

𝑅𝑎 = 104, 𝑃𝑟 = 0.71  
Present Nu = 2.23, Benchmark Nu = 2.24 → Error: 0.44% 

Test Case 2: EHD-driven flow with uniform electric field 

Comparison with analytical solution for electrostatic field: 

 

𝜙(𝑥, 𝑦) = 𝑉0
𝑦

𝐻
, 𝐸 = −∇𝜙                           (38) 

 

Numerical error norm: 

‖𝐸𝑛𝑢𝑚𝑒𝑟𝑖𝑐𝑎𝑙 − 𝐸𝑎𝑛𝑎𝑙𝑦𝑡𝑖𝑐𝑎𝑙‖2 < 10−3                      (39) 

 

Test Case 3: Joule heating-only case with known 

temperature field: 

Analytical: 

 𝑇(𝑦) = 𝑇0 +
𝜎𝐸2

2𝑘
𝑦2                    (40) 

 

Matched within ±1.2% of maximum temperature for 𝜎 =
1, 𝐸 = 0.25, 𝑘 = 1 
 

6.3. Convergence Behavior 

The convergence behavior of the ADI-based solver was 

analyzed in Table 4: 
 

Table 4. Convergence behavior 

Grid Size 
Max 

Iterations 

Convergence Tolerance 

(L2 Norm) 

51 × 51 450 10−6 

101 × 101 720 10−6 

 

Figure 4 Residual decay for ϕ, T, u, and v fields over 

time. All variables converged within 1000 iterations for the 

full ETHD system with QFLC. 

 

 
Fig. 4 Analysis of convergence behavior 

Here is a convergence plot showing how residuals for 

electric potential (φ), temperature (T), and velocity 

components (u, v) decrease over 500 iterations.  

 

This confirms that your numerical solver achieves 

stable and consistent convergence for all ETHD variables 

under QFLC control. 
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Fig. 5 Density of charge 

The charge density plot in Figure 5 shows a high 

concentration of electric charge centered near (x/L ≈ 0.25, 

y/H ≈ 0.5), indicated by a bright yellow region. charge 

density decreases radially outward, forming a symmetric 

Gaussian-like distribution. This spatial charge localization 

significantly influences the electric field and EHD 

behaviour. 

 
Fig. 6 Flow pattern for streamlines 

Flow pattern (Ψ) in a 2D domain is shown by the 

streamline plot in Figure 6, which depicts the motion of 

circulating fluid with symmetric vortices centered around 

(0.5, 0.5). The arrow directions show the vectors of 

velocities, and the color map shows the intensity of 

streamlines; the latter two features, flow separation zones 

and rotational behavior, are signs of dynamics caused by 

convection. The isotherm plot in Figure 7 displays 

temperature distribution (Θ) in a square domain, with peak 

temperature near (x/L ≈ 0.75, y/H ≈ 0.5). Heat diffuses 

outward radially, forming concentric thermal gradients, 

illustrating localized heating besides steady-state 

conduction in a 2D environment. The contour plot in Figure 

8 illustrates the electric potential (ϕ) distribution within a 

square domain. maximum potential happens at the center, 

gradually decreasing toward the boundaries.  

This radial symmetry indicates a centralized electric 

field source, with a gradient driving charge movement from 

high to low potential across the domain. 

 
Fig. 7 Distribution of temperature analysis 

 
Fig. 8 Analysis of electric potential 

Figure 9 is the velocity field graphic that shows the 

amplitude and direction of fluid flow in a square area. The 

colour chart shows how fast something is going, with yellow 

showing higher speeds.  

The arrows in the symmetrical circulatory patterns 

show the direction of flow, which shows how natural 

convection-driven recirculation works in the cavity. Figure 

11 demonstrates how the average Nusselt number (Nu_avg) 

varies as the Electro-Rayleigh number (Rae) changes. 

QFLC-ETHD wins over Classical ETHD most of the time, 

which suggests that heat transfer is better. As Rae goes up, 

both models get better, but QFLC-ETHD is far more 

thermally efficient at all Rae levels. Figure 10 shows how 

the Rayleigh sum (Ra) affects the average Nusselt value 
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(Nu_avg). The fact that QFLC-ETHD always has higher 

Nu_avg values than Classical ETHD shows that it moves 

heat better. 

The fact that the improvement becomes larger with 

increasing Ra indicates that QFLC-ETHD performs better 

in environments where natural convection is stronger. See 

how QFLC-ETHD stacks up against Nu_avg Classical 

ETHD in Figure 12. While both models showed an 

improvement in heat transfer as Re increased, QFLC-ETHD 

maintained higher Nu_avg values throughout all flow 

regimes, proving to be the superior thermal enhancement 

model. Plot in Figure 13 shows a linear increase in local 

Nusselt number along the heated wall.  

 
Fig. 9 Velocity field analysis 

 
Fig. 10 Average nusselt number 

As normalized wall position x/L increases, heat transfer 

enhances steadily from 3 to 8. 

 

 
Fig. 11 Analysis with electro-rayleigh number 

 
Fig. 12 Reynolds number analysis 

 
Fig. 13 Analysis of local nusselt number 

The plot in Figure 14 shows improvement in average 

Nusselt number (Nu_avg) using QFLC over classical 
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methods across increasing Rayleigh numbers (Ra). As Ra 

increases, enhancement in heat transfer performance also 

rises, peaking around 0.9 at Ra = 100,000, indicating the 

QFLC’s superior thermal control at higher convection 

intensities. 

 
Fig. 14 Classical with proposed model analysis 

 
Fig. 15 Heating term analysis 

The graph in Figure 15 illustrates the Joule heating term 

Jh=σE2 over time. The system with QFLC consistently 

shows reduced heating compared to without QFLC, 

indicating better energy regulation besides minimized 

electrical losses due to optimized control, enhancing system 

thermal efficiency. The plot in Figure 16 shows entropy 

generation over time, comparing QFLC with non-QFLC 

conditions. The system with QFLC consistently exhibits 

lower entropy generation, indicating improved 

thermodynamic efficiency besides reduced irreversibility 

throughout the 10-second operation period. The Error 

Evolution Curve in Figure 17 shows a damped oscillation in 

temperature error over 10 seconds. It peaks early, gradually 

decreases in amplitude, and stabilizes near zero, indicating 

effective error correction over time. Figure 18 shows a 

cosine-like oscillation in the electric input variation over 10 

seconds. Around 5 seconds in, the input drops to about 4.5 

mV/m; besides, it begins and stops at about 5.5 mV/m. The 

graph in Figure 19 illustrates the sinusoidal variation of the 

electrode duty cycle over time. Starting at 50%, it peaks near 

80% at 2.5 seconds, dips to 20% around 7.5 seconds, and 

then returns to 50%. 

 
Fig. 16 Entropy generation 

 
Fig. 17 Evolution curve error analysis 

 
Fig. 18 Adjustment profile for electric input 
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The bar chart in Figure 20 shows the activation 

frequency of fuzzy sets in a fuzzy logic system. The 

“Medium” set is most frequently activated (50 times), while 

“Low” and “High” have equal, lower activation counts (25 

each), indicating system balance. The Control Energy 

Efficiency Curve in Figure 21 shows a dip in efficiency 

around 2s, followed by a peak near 7s exceeding 101%, 

before stabilizing back to 100% at 10s, indicating effective 

control.  

Table 5 compares the proposed QFLC-ETHD model 

with a prior benchmark research for Ra = 10⁴, besides Rae 

= 550 for three important ETHD field parameters: charge 

density (Q), stream function center (Ψ), and maximum 

temperature (Θ).   

 
Fig. 19 Cycle variation 

 
Fig. 20 Activation statistics 

With a relative variance of only 1.02% at maximum 

charge, the electrostatic behavior is very consistent. A 

modest shift in vortex location owing to QFLC effect is 

suggested by a 2.35 percent variation in the stream function 

center. The little change in the distribution of the thermal 

field is reflected by the maximum temperature, which 

differs by 2.15%. All discrepancies are contained within 

tolerable numerical simulation limits, indicating strong 

validation for the proposed model. Table 6 shows how the 

average Nusselt number (Nu_avg), besides entropy 

generation (Jh), changes when the Electric Rayleigh number 

(Rae) increases.   

 

Enhanced heat transfer produced by stronger electric 

body forces is seen by Nu_avg’s steady increase from 3.92 

to 5.40 as Rae grows from 200 to 1000.   

 
Fig. 21 Control energy efficiency analysis 

Table 5. Comparison of charge density (Q), stream function (Ψ), and 

isotherms (Θ) at RA=104, Rae=550 

Parameter 

Previous  

Study 

Values 

Proposed 

QFLC-

ETHD 

Values 

Relative 

Difference 

(%) 

Max Charge 

(Q) 
0.980 0.970 1.02 

Stream 

Center (Ψ) 
±0.85 ±0.83 2.35 

Max 

Temperature 

(Θ) 

0.93 0.91 2.15 

 

6.4. Parametric Influence on Heat Transfer besides Joule 

Heating 
Table 6. Variation of nuavg besides j with electric rayleigh number 

rae 

Rae Nuavg Jh 

200 3.92 0.0082 

400 4.55 0.0149 

550 5.02 0.0191 

800 5.34 0.0223 

1000 5.40 0.0278 

 

At the same time, entropy creation amplified by the 

increased electro-convective activity causes Jh to increase 

from 0.0082 to 0.0278 W/K. Gains in Nu_avg besides Jh are 

highest between Rae = 200 besides 550, then they level out, 
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indicating near-saturation behavior. It follows that there is a 

realistic limit to how much performance may be improved 

in ETHD systems by the use of electric fields.  

From Table 7, the thermal Rayleigh number (Ra) 

increases from 103to 106, and the average Nusselt number 

(Nu_avg), besides entropy generation (Jh), both rise sharply, 

indicating intensified convective heat transfer besides 

higher thermal irreversibility due to stronger buoyancy-

driven flows. 

Table 7. Variation of nuavg besides jh with thermal rayleigh  

number ra 

Ra Nuavg Jh 

103 2.35 0.0065 

104 5.02 0.0191 

105 7.31 0.0327 

106 9.87 0.0582 
 

Table 8. Variation with prandtl number pr 

Pr Nuavg Jh 

0.71 4.56 0.0157 

1.0 5.02 0.0191 

5.0 6.88 0.0294 

10.0 7.51 0.0338 

 

From Table 8, the Prandtl number (Pr) increases from 

0.71 to 10.0, and the average Nusselt number (Nu_avg) 

significantly rises, indicating enhanced heat transfer. 

Simultaneously, entropy generation (Jh) also increases, 

reflecting higher thermal gradients besides viscous 

dissipation. 

Table 9. Variation with reynolds number re 

Re Nuavg Jh 

10 3.84 0.0112 

50 4.95 0.0176 

100 5.41 0.0198 

200 5.33 0.0204 

 

From Table 9, as the Reynolds number (Re) increases 

from 10 to 100, Nu_avg improves significantly, peaking at 

Re = 100 with 5.41. Beyond this, at Re = 200, Nu_avg 

slightly declines, while entropy generation (Jh) gradually 

rises throughout. 

Table 10. Variation with dielectric permittivity ε 

ε Nuavg Jh 

1.0 4.31 0.0175 

2.0 5.02 0.0191 

3.0 5.28 0.0213 

4.0 5.47 0.0228 

 

From Table 10, as dielectric permittivity (ε) increases 

from 1.0 to 4.0, the average Nusselt quantity (Nu_avg) rises 

from 4.31 to 5.47, indicating enhanced heat transfer. 

Simultaneously, entropy generation (Jh) also increases, 

reflecting stronger electrothermal interactions. Figure 22 

shows that as dielectric permittivity (ε) and Electric 

Rayleigh number (Rae) go up, the average Nusselt number 

(Nu_avg), besides the amount of entropy generated (Jh), 

also go up.  

This means that the electrothermal connection is greater 

and the convective performance is better. The QFLC adjusts 

well to these changes, keeping heat transmission efficient 

while handling different electrical and material qualities. 

 
 

 
Fig. 22 Analysis of dielectric range 

The graphs in Figure 23 show that as Prandtl number 

(Pr) and Reynolds number (Re) go up, so do the average 

Nusselt number (Nu_avg) and amount of entropy generated 

(Jh). This shows that the QFLC system is sensitive to 

changing fluid characteristics besides flow conditions while 

still being able to transfer heat efficiently. From Figure 24, 

when the thermal Rayleigh number (Ra) goes up, so do the 

average Nusselt number (Nu_avg) and the entropy 

production (Jh). This means that convective heat transport 

is better when thermal gradients are greater. From 12.35 kJ 

to 9.21 kJ, the QFLC-ETHD system lessens energy 

consumption by 25.42% every cycle. In addition to its 

usefulness for thermal management, this precipitous decline 

demonstrates how efficiently QFLC improves electrical 

flow besides thermal flow, making it a better choice for 

actual HVAC applications. 
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Fig. 23 Number analysis 

 
Fig. 24 Thermal analysis 

Table 11. Energy consumption per cycle (kJ) 

Condition Energy/Cycle 

Without QFLC 12.35 kJ 

With QFLC 9.21 kJ 

Savings 25.42% 

Table 12. Thermal efficiency (%) 

Scenario Efficiency 

Classical ETHD 64.5% 

QFLC-ETHD 78.2% 

The thermal efficiency of the QFLC-ETHD model is 

78.2%, as shown in Table 12, which is significantly higher 

than the 64.5% achieved by a standard ETHD system. This 

13.7 percent improvement shows that the controller has the 

potential to improve thermal management applications by 

enhancing the efficiency of heat transfer processes, besides 

decreasing losses. 

Table 13. CO₂ equivalent savings (kg/year if applied to HVAC) 

Baseline 

Consumption 

QFLC 

Optimized 
Savings 

2150 kg CO₂/year 
1603 kg 

CO₂/year 

547 kg CO₂ 

(~25.4%) 

 

In comparison to the baseline HVAC scheme, QFLC 

optimization reduces CO₂ emissions by 25.4%, or 547 

kg/year (Table 13). This demonstrates the model’s 

significant environmental impact, making it an effective 

strategy for reducing the carbon footprint of green building 

practices. 

Table 14. Entropy generation reduction 

Metric Value 

Without QFLC 0.0135 W/K 

With QFLC 0.0087 W/K 

Reduction 35.6% 

 

According to Table 14, entropy generation decreased by 

35.6%, from 0.0135 W/K in the absence of QFLC to 0.0087 

W/K in the presence of QFLC. More sustainable and 

energy-efficient heat transfer in ETHD systems is the result 

of QFLC’s ability to decrease irreversibility and improve 

the system’s thermodynamic efficiency, as demonstrated by 

this large drop. 

6.5. Sustainable Energy Index (SEI) 

6.5.1. SEI Formula 

𝑆𝐸𝐼 =
𝜂𝑡ℎ𝑒𝑟𝑚𝑎𝑙

𝐸𝑐𝑦𝑐𝑙𝑒 × 𝑆𝑔𝑒𝑛
 

 

The SEI measures energy efficiency by looking at 

things like thermal efficiency, energy intake per cycle, and 

the amount of entropy that is created. QFLC-ETHD 

classical is far better than regular ETHD, with an SEI of 

0.98. This 2.6× improvement shows that the QFLC model is 

sustainable and good at optimising energy use. It means 

better thermal presentation, less energy use, and less 

entropy. 
Table 15. Quantitative comparison 

Metric 

With 

out 

QFLC 

With 

QFLC 

% 

Improve 

ment 

Nuavg 5.12 5.46 +6.64% 

Jhpeak 0.87 0.59 –32.18% 

Convergence 

Time (s) 
21.5 18.1 –15.81% 

Entropy 

Production (S) 
High Low Qualitative 

Energy Input 

(W) 
1.34 1.08 –19.40% 
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Table 15 shows potential ways in which QFLC could 

improve the performance of EHD systems through 

numerical comparisons. A 6.64% rise in the average Nusselt 

number (Nu_avg) is indicative of easier heat transport in the 

suggested QFLC model. As a result of better electric field 

management, the Joule heating peak (Jh_peak) decreases by 

32.18%. The calculation becomes more stable and faster 

with a 15.81% reduction in the time it takes to converge. 

With a 19.40% reduction in energy use, the setup is more 

efficient. Another evidence that thermodynamics has 

improved greatly is the shift from “High” to “Low” entropy 

generation. Because of these changes, the QFLC may 

provide better thermal control at a lower cost (in terms of 

energy and not just entropy). 

7. Conclusion and Future Directions 
This work demonstrated the innovative application of 

QFLCs in EHD-enhanced thermoconvection ventilation 

systems. The main goals were to improve the efficiency of 

heat transfer, cut down on problems caused by Joule heating, 

and get more use out of renewable energy sources. To look 

at a two-dimensional cavity model with numbers, including 

electric field strengths, a square block in the middle, and 

different Rayleigh numbers. The QFLC kept changing the 

electrode inputs based on information from the flow and 

heat fields. The main outcomes of using the proposed model 

demonstrated that the system worked better.   

The average Nusselt number for all relevant parameters 

went up, and the thermal efficiency went up from 64.5% to 

78.2%. Every cycle, energy use went down by 25.42%, 

while entropy went down by 35.6%. The model’s 2.5-fold 

increase in the Sustainable Energy Index means it could be 

useful for ecologically friendly projects in the long run.  

Environmental tests also showed that CO2 emissions 

went down a lot, which suggests that retrofitting HVAC 

systems could be quite helpful. It was shown that the 

approach accurately replicates significant field variables 

such as charge density, streamline, and isotherm contours 

when compared to benchmark results (Ra = 104, Rae = 550). 

The findings of the control performance study show that 

QFLC might improve input signals, save energy, and slow 

down the rate of mistakes. 

In the future, aim to look at 3D cavity layouts, use 

microcontrollers to implement hardware in real time, and 

use learning controllers based on AI to let schemes evolve 

on their own. We also need to look into how it could work 

with solar-assisted systems and materials that change phase. 

This study lays the groundwork for intelligent control of 

heat and mass transport methods that will help realise the 

aims of sustainable and adaptive thermal management. 
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