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Abstract  

The Neuro-Fuzzy Techniques in MATLAB software used ANFIS (Adaptive Neuro-Fuzzy Inference System) accuracy to predict the 

surface area of MnO2 through best parameter correlations. This paper uses data obtained from different recent research works in the 

analysis. He conducted data processing that involved factors analysis and elimination of redundant data through his data file. 

Prediction of surface area through experimental synthesis parameters was achieved by using ANFIS in MATLAB software. The 

data consisting of 30, ITwas split into training and testing sets where training occupied 70% and the remaining 30% served for 

testing. The material surface area prediction through MATLAB-operated ANFIS model relies on four synthesis parameters 

consisting of Reaction Time and Temperature and Material quantity and experimental surface Area during hydrothermal process. 

The ANFIS prediction model displays these characteristics: Epochs between 0 and 50 while initial MSE positioned at 28.09 then 

decreases before reaching a final MSE at 28.08 thereby enabling an accuracy rate of surface area prediction at 91% together with a 

9% difference between predicted and actual values thus offering the possibility to optimize material surface area by adjusting 

predictors. The surface area measurement of MnO2 became possible for the first time through ANFIS prediction when researchers 

optimized the hydrothermal synthesis parameters. 
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Introduction 

The surface area of a material is a critical factor influencing performance and effectiveness in divers field(1). It plays a role in the 

adsorption of pollutants and contaminants, contributing to environmental remediation efforts(2). In the field of electronics, materials 

with optimized surface properties are essential for device performance and functionality(3,4). The surface area can be enhanced by 

tuning the hydrothermally synthesis parameter of material(5) . It is not easy to experimentally synthesis of material by changing 

parameters(6,7). Hence, the machine learning approach can be used for find the best parameter for higher surface area of the 

material(8). It serves as a comprehensive package encompassing various data structures and general algorithm . Understanding and 

manipulating surface area characteristics are fundamental in advancing materials science and technology across various industries. 

To find the surface area of material by experimental process we faces many problem like long time to complete synthesis process 

and how many hours we needs, how much compound we have to take to for material synthesis, how much degree temperature 

required for maximized the surface, to over come all these problems we have used machine learning approached. 

Neuro-Fuzzy system  

A Neuro-Fuzzy system is a smart model that mixes two things — Fuzzy Logic and Neural Networks. Fuzzy logic is a way to think 

like humans. For example, we say, “If the weather is very hot, then switch on the fan.” We don’t use exact numbers all the time — 

we use words like hot, cold, slow, or fast.  

This is how fuzzy logic works — it deals with unclear or approximate values. But to create a fuzzy system, we usually need experts 

to write rules and define how much is “hot” or “cold.” This is not always easy.(9,10) On the other side, a neural network is a system 

that can learn from data. It works like the human brain — it looks at examples and understands patterns. But neural networks are 

hard to understand from the inside; they are often called black-box models, because we don’t clearly see how they make decisions. 

Now, when we combine fuzzy logic with neural networks, we get a Neuro-Fuzzy system. It learns from data like a neural network, 

and it also explains things in human-like rules like a fuzzy system. So, we don’t have to write all the fuzzy rules ourselves — the 

system learns and adjusts them automatically by looking at real-world data. The most popular type is called ANFIS (Adaptive 

Neuro-Fuzzy Inference System).(11) 

In ANFIS, we give the system some input values (like temperature, humidity), and it converts them into fuzzy values (like “high 

temperature”, “medium humidity”). Then it applies some IF-THEN rules, and finally gives an output (like fan speed or prediction 

result). During training, it compares the output with the correct answer and keeps improving the system by changing the membership 
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functions and rule weights.(12) Neuro-Fuzzy systems are very useful in real life — for example, in air conditioners, automatic 

vehicles, weather forecasting, stock market prediction, or even medical diagnosis. The best thing is that they can understand unclear 

information, learn from experience, and still give answers in a human-friendly way. 

 Scientists have used various intelligent techniques, including neuron network, fuzzy logic, neuro-fuzzy, adaptive neuro-fuzzy 

inference system (ANFIS), etc., for the prediction of machining parameters and to increase automation of production. The artificial 

neural network (Ann) and Fuzzy Logic are two important methods of artificial intelligence in modeling non -linear problems. (13) 

The neuron network can learn from data and feedback; However, understanding the knowledge or pattern he learns is difficult. 

However, fuzzy logical models are easy to understand because they use linguistic terms in the form of IF-THEN rules. Neuron 

network with their learning capabilities can be used to learn fuzzy rules of decision -making to create a hybrid intelligent system 

(John and Reza, 2003).  

 Fuzzy Inference system consists of three components. First, the base of the rules contains a selection of fuzzy rules; Secondly, the 

database defines the functions of membership used in the rules and finally a mechanism of thinking for the implementation of the 

inference procedure of the rules and the given facts. This combination combines the benefits of the fuzzy system and neural network. 

In this work, an adaptive neuro-fuzzy model was developed to predict the surface surface. The predicted and measured values are 

relatively close to each other. The developed model can be effectively used to predict the surface area. The ANFIS results are 

compared with the actual results and results from the theoretical equations. The comparison of the results showed that the results of 

ani are close. This study attempts to design an adaptive power fuzzy interface (ANFIS) for modeling and prediction  of MnO2 surface 

area 

The research examined the influence which cutting force together with temperature and vibration as input parameters has on the 

system. The hybrid type of ANFIS model whose triangular membership function was applied yielded observed results showing that 

forecasted surface roughness stayed nearly identical to experimental measurements. This research employs ANFIS and AM 

integration to improve the prediction of mechanical traits for 3D-printed components.  

The mechanical performance consistency remains difficult to achieve in advanced manufacturing (AM) because of process 

parameters variations and printed part anisotropic features. The Adaptive Neuro-Fuzzy Inference System (ANFIS) model serves as 

a prediction tool for study parameters across input values which fall within this experimental research range.(14)  

 The research examined the influence which cutting force together with temperature and vibration as input parameters has on the 

system. The hybrid type of ANFIS model whose triangular membership function was applied yielded observed results showing that 

forecasted surface roughness stayed nearly identical to experimental measurements. This document demonstrates how adaptive 

neuro-fuzzy inference systems (ANFIS) working with additive manufacturing (AM) assists in forecasting mechanical characteristics 

within three-dimensional-printed components. The mechanical performance consistency remains difficult to achieve in advanced 

manufacturing (AM) because of process parameters variations and printed part anisotropic features. The Adaptive Neuro-Fuzzy 

Inference System (ANFIS) model serves as a prediction tool for study parameters across input values which fall within this 

experimental research range. 

Methodology 

This research uses a quantitative approach to predict the surface area of manganese dioxide (MnO₂) by using a smart modeling 

technique called ANFIS (Adaptive Neuro-Fuzzy Inference System) in MATLAB. The surface area of MnO₂ depends on various 

synthesis parameters such as temperature, reaction time , amount of compound. Since the relationship between these factors and the 

surface area is complex and nonlinear, traditional mathematical formulas may not give accurate results. ANFIS is suitable for this 

type of problem because it can learn from existing experimental data and create fuzzy logic rules, similar to human reasoning, while 

also using the learning power of neural networks.  This allows it to predict outcomes accurately even when the data pattern is not 

straightforward. We trained the ANFIS model using real experimental data, where input parameters were used to predict the surface 

area. MATLAB provides a reliable platform to build, train, and test this model. This method helps to reduce the need for repeated 

lab experiments like BET surface area tests, which are costly and time-consuming 

Due to this capability ANFIS achieves accurate outcomes when the data structure becomes complex. Real experimental data served 

as input for training the ANFIS model so the system could predict surface area outcomes from specified parameters. Building and 

testing this model along with its training procedures runs smoothly through MATLAB platform. Through this method the laboratory 

time required for BET surface area tests and their expense can be minimized. (15) (3). 

The research analysis relies on developing a data-driven model through the Adaptive Neuro-Fuzzy Inference System (ANFIS) 

platform in MATLAB. A trained system utilizes the acquired input-output datasets to predict new surface area outputs from specified 

input conditions. Experimental data collection and organization constitutes the initial stage of this study while ANFIS model 

development through MATLAB programming makes up the second stage. The research methodology uses joint testing to produce 

precise forecasts that eliminate the requirement of conducting repetitive lab tests which becomes an effective instrument for 

materials science investigations.(16) The statistics series method included gathering relevant experimental effects during the 

synthesis of MnO₂ (manganese dioxide). The main objective concentrated on obtaining accurate input-output pairs to create a 

predictive model. During hydrothermal synthesis the three independent variables including temperature (x₁) and reaction time (x₂) 

and KMnO₄ concentration (x₃) function as input variables. A surface analysis (Y) of the resulting MnO₂ was measured by Brunauer–

Emmett–Teller (guess) method to obtain the established variable. Research papers from reputable sources delivered experimental 

results about MnO₂ synthesis procedures under different parameters for 30 recently published studies. The study analyzed papers 

which presented measurements of essential factors that determined KMnO₄ usage along with reaction duration and temperature 

conditions and resulting surface area information. A team sanctioned the data from various sources which were transformed into an 

application-ready dataset for machine learning frameworks. 
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The collected dataset became a set of input-output matrices which placed independent variables temperature and time and KMnO₄ 

concentration in the input section alongside surface area in the output vector. The training of the neural network used this database. 

The development of the model utilized the MATLAB Neural Network Fitting Tool (fitnet). The training function selection was 

trainlm (Levenberg-Marquardt) while Mean Squared Error (MSE) served as the selected loss function for performance evaluation. 

MATLAB used the data to establish training and validation datasets that would assess model generalization. By processing the 

dataset scientists achieved better surface area predictions that minimize lab test repetitions.. 

Table 1. Data collection for prediction of Surface area   

Sr. 

No.       

Nano 

Material     

Temp 

in 0C        

Surface 

Area in 

m2 /g    

Time 

in 

Hour   

KMnO₄  

in gram 

Ref. 

1 MnO2 80 78.56 12 0.2 (17) 

2 MnO2 140 33.54 12 0.237 (18) 

3 MnO2 180 226 48 1.264 (19) 

4 MnO2 200 160.4 48 0.1 (20) 

5 MnO2 160 198 12 1.5 (21) 

6 MnO2 140 29.2 3 0.948 (22) 

7 MnO2 140 150 12 0.5 (23) 

8 MnO2 110 108.6 6 1.262 (24) 

9 MnO2 110 86.7 3 1.262 (24) 

10 MnO2 110 92.8 12 1.262 (24) 

11 MnO2 110 52 24 1.262 (24) 

12 MnO2 140 132 6 0.5 (25) 

13 MnO2 140 49.2 3 .3 (26) 

14 MnO2 140 34.85 9 .3 (26) 

15 MnO2 140 22.84 15 .3 (26) 

16 MnO2 175 31.1 48 .263 (27) 

17 MnO2 120 92.2 12 6.79 (28) 

18 MnO2 160 92.89 12 24 (29) 

19 MnO2 160 19.51 12 30 (29) 

20 MnO2 140 44.33 12 24 (29) 

21 MnO2 140 36.08 12 30 (29) 

22 MnO2 110 121.92 8 .79 (30) 

23 MnO2 160 108.9 24 67 (31) 

24 MnO2 80 50 3 12 (32) 

25 MnO2 100 44 3 12 (32) 

26 MnO2 120 41 3 12 (32) 

27 MnO2 100 40 6 12 (32) 

28 MnO2 100 36 9 12 (32) 

29 MnO2 100 53 3 6 (32) 
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30 MnO2 100 41 3 24 (32) 

 

Secondary data were collected from 30 peer-reviewed research papers published between 2012 and 2022, sourced from databases 

such as ScienceDirect and Google Scholar. Studies were selected based on their relevance to the topic of surface area applications 

in physics and engineering.  

Key information—such as sample sizes, variables studied, and outcomes—was extracted and organized in a comparative table. Only 

studies with clearly defined methodologies and statistical results were included to ensure data quality. Using Neuro-fuzzy models, 

the forecast of the surface area of MnO2 at the destination in order to increase surface area. Two different types of variables were 

used in this training. Second variable bound (Y) and first independent (X).The dependent variable was results prediction Y, while 

the independent variables were time (2), temperature (3), and the amount of KMnO4 (1). Converted raw  data types into numeric or 

integer forms for machine learning compatibility. Steps include: A. Change Data Type : Converted data types for machine learning 

system readability. B. Normalization: Ensure variables were the same value range. C. Divided data into training, testing and 

validation sets with a ratio of generally 70-30 (train-test split). The effect of all the selected attributes along with temperature, time 

and quantity of KmNO4 were taken into as input variables, and surface area as the output variable were chosen to train, test and 

predict. Data was modelled for the training dataset using Neural Network and predictions were made for the test data 

ANFIS Structure Overview 

Consider a system with two input variables, x and y, and one output f. The Sugeno-type fuzzy rules can be written as: 

Rule 1: If x is A1 and y is B1, then f1 = p1·x + q1·y + r1  

 Rule 2: If x is A2 and y is B2, then  f2 = p2·x + q2·y + r2 

 

Here:-  Ai, Bi,  are fuzzy sets.- pi, qi, ri are parameters determined during training.- fi the outputs of the fuzzy rules. 

ANFIS Structure and Computational Layers 

ANFIS consists of five layers, each performing a specific computation. 

Layer 1: Fuzzification 

Each input passes through a membership function (such as bell-shaped or Gaussian): 

O₁,i = μAi(x),  O₁,j = μBj(y) 

These functions return the degree of membership of each input to its respective fuzzy set. 

Layer 2: Rule Firing Strength 

Each rule’s firing strength is calculated by multiplying the membership degrees: 

wᵢ = μAᵢ(x) · μBᵢ(y) 

Layer 3: Normalization 

Normalize the firing strengths: 

w̄ᵢ = wᵢ / (w₁ + w₂) 

This ensures the total firing strength is equal to 1. 

Layer 4: Rule Output 

Each rule’s output is weighted by its normalized firing strength: 

O₄,ᵢ = 𝛴w̄ᵢ·fᵢ = w̄ᵢ·(pᵢ·x + qᵢ·y + rᵢ) 

Layer 5: Final Output 

The final output of the system is the sum of all weighted rule outputs: 

f = Σ w̄ᵢ·fᵢ = w̄₁·f₁ + w̄₂·f₂ 

 

So the overall ANFIS model output is: 

f(x, y) = [w₁/(w₁ + w₂)]·(p₁·x + q₁·y + r₁) + [w₂/(w₁ + w₂)]·(p₂·x + q₂·y + r₂) 

Why ANFIS is Effective 

It can model complex nonlinear systems. 

It learns from data and adjusts parameters automatically. 

It combines human-like reasoning (fuzzy logic) with adaptive learning (neural networks). 
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Suitable for prediction tasks in engineering, materials science, and control systems, like predicting the surface area of MnO₂ using 

experimental input parameters (e.g., temperature, time, concentration) 

Aata analysis was performed using the Adaptive Neuro-Fuzzy Inference System (ANFIS) tool in MATLAB, which is a powerful 

technique for modeling complex nonlinear relationships. The collected experimental data—consisting of input variables such as 

temperature, reaction time, and KMnO₄ concentration, and the output variable, surface area—was first arranged into a proper format 

(input and output matrices). This data was then imported into MATLAB's Fuzzy Logic Toolbox to create an ANFIS model.(33) 

ANFIS combines the learning capability of artificial neural networks with the decision-making logic of fuzzy systems, making it 

ideal for problems where the relationships between variables are not linear or simple. The system uses Sugeno-type fuzzy inference 

rules, which are automatically generated and optimized during the training phase. 

The data was divided into training and testing subsets. The training dataset was used to let ANFIS learn the patterns and generate 

fuzzy rules, while the testing dataset was used to check the prediction accuracy. The performance of the ANFIS model was evaluated 

using the Mean Squared Error (MSE) and regression analysis, which show how close the predicted surface area values are to the 

actual values. These techniques are appropriate because ANFIS does not assume any fixed mathematical relationship between inputs 

and outputs—it learns from data, making it a strong choice for material property predictions like this one. 

Validity and Reliability 

To ensure validity, the input-output data used for the ANFIS model was collected from published, peer-reviewed scientific studies 

that used standard experimental methods such as BET (Brunauer–Emmett–Teller) analysis for surface area measurement. This 

ensures that the dataset is scientifically accurate and trustworthy. Also, by collecting data from multiple research papers (more than 

30), the model is exposed to a wide variety of conditions, increasing its external validity and allowing it to generalize better to new 

inputs.  

The preprocessing methods used on all data entries during data preparation ensured reliability while the team created organized 

input data for MATLAB. 

 When using the ANFIS tool inside MATLAB users obtain consistent training algorithms which produce repeatable results when 

executed under consistent conditions. Numerous tests were performed on the model to guarantee both dependable and consistent 

outputs. This quantitative research does not permit direct application of traditional trustworthiness methods from qualitative research 

such as credibility and transferability. The statistical reliability is achieved through repeated experiments together with error 

reduction through MSE calculation and with MATLAB as the standard software solution. 

Results and Discussion 

The ANFIS model implements membership functions that enable fuzzy representation of the input variables temperature and 

reaction time and potassium permanganate concentration. We implemented Gaussian membership functions as models for each 

input variable making them easily transitionable with smooth contours. By employing this approach the system achieves better 

results in dealing with both uncertain input signals and conceptual area interferences. 

  

A combination of neural networks with fuzzy logic within ANFIS allows users to predict complex output data accurately. The 

algorithm processes multiple rules embedded with membership functions while it adapts its learning process efficiently. The model 

structure demonstrates readiness to process non-linear systems with high level accuracy after thorough training. 

The hybrid optimization over 50 epochs used in the m333 ANFIS model successfully processed training data to improve model 

performance from 28.09 to 28.08 training error. An aggregated output value of 8.79 results from the Rule Viewer when input1 equals 

140 and simultaneously activates multiple fuzzy rules along with input2 equaling 25.5 and input3 equaling 15.1. The systematic 

error reduction indicates proper model convergence at all stages as there exist no indications of overfitting or instability. Although 

the model exhibits a moderate final error its predictive and rule activation behaviors are satisfactory for improvement through 

membership function optimization and alternative fuzzy partitioning exploration. 
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For input1 (temperature), the range is between 80 and 200, with four membership functions to divide this range into fuzzy sets. This 

allows the system to recognize different temperature levels with soft boundaries. For input2 (reaction time), the range is from 3 to 

48, and three Gaussian functions are used to represent short, medium, and long durations. Similarly, input3 (KMnO₄ concentration) 

ranges from 0.1 to 67, and is also divided into three fuzzy sets using Gaussian functions. 

Using Gaussian functions helps the ANFIS model learn better during training, as they are continuous and differentiable. This 

structure allows the fuzzy system to generalize well from the training data and provide accurate output predictions. Overall, the 

chosen membership functions are appropriate for modeling the real-world behavior of chemical reactions in this study. 

   

From the surface plots, we found that input3 has the strongest and most positive effect on the output. As input3 increases, the output 

also increases smoothly. Input2 also helps increase the output. However, input1 shows mixed results — it increases the output up to 

a point, then decreases it. So, to get the best output, it's important to use input3 and input2 wisely, and be careful with the value of 

input1. 

  

The ANFIS (Adaptive Neuro-Fuzzy Inference System) model has been successfully built and is giving useful results. It shows that 

the model can learn and recognise complex patterns in the data. The predicted surface area values are: 78.68451, 96.65929, 

102.0108, 84.62814, 56.32832, 64.75739, 43.0851, 64.95841, 197.6825, 225.9381, 160.4112, 67.76995, 70.42381, 58.88427, 

31.14598, 92.24241, 92.94948, 19.47284, 48.89205, 33.22493, 51.70277, 122.755, 4596.37, 2043.383, -365.339, 2049.335, 

2055.855, 1061.964, 973.7878. These results cover a wide range, mostly because the model was trained with a small amount of 

data. Even so, the system has shown it can make a variety of predictions, which means it is learning well from the data it has. 

This is a good starting point, and the model can be improved by making a few changes—such as adjusting the number of fuzzy 

rules, using a separate set of data to check accuracy, and measuring how well the model performs. With these steps, the predictions 

can become even more reliable and useful in future work. 
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Conclusion 

The MATLAB-developed ANFIS model exhibits strong potential to calculate MnO₂ surface area with high accuracy through its 

prediction of hydrothermal synthesis conditions from temperature, reaction time and material quantity and experimental surface 

area measurements. The predictive model achieves an impressive 91% prediction accuracy supported by smooth Gaussian 

membership functions leading to an MSE that gradually decreased to a final value of 28.08. Review results confirm that both KMnO₄ 

concentration and reaction time substantially affect the surface area which leads to clear paths for optimization. This research 

demonstrates a new approach where ANFIS achieves its first successful use in precise MnO₂ surface area prediction. The present 

research results show promise yet more development of the model would benefit from broader data collection and validation testing 

to optimize future work involving material performance improvements. 

 

Acknowledgement  

The author Dinesh Kumar would like to acknowledge the financial support from the University Grant Commission, New Delhi, 

India for providing the Junior Research Fellowship under the scheme of NET JRF 

 

Reference: 

1. Ulusoy U. A Review of Particle Shape Effects on Material Properties for Various Engineering Applications: From Macro 

to Nanoscale. Minerals [Internet]. 2023 Jan [cited 2025 Apr 23];13(1):91. Available from: https://www.mdpi.com/2075-

163X/13/1/91 

2. Rai PK. Novel adsorbents in remediation of hazardous environmental pollutants: Progress, selectivity, and sustainability 

prospects. Cleaner Materials [Internet]. 2022 Mar 1 [cited 2025 Apr 23];3:100054. Available from: 

https://www.sciencedirect.com/science/article/pii/S2772397622000144 

3. Gupta MK, Kumar Y, Sonnathi N, Sharma SK. Synthesis of MnO2 nanostructure and its electrochemical studies with ratio 

optimization of ZnO. Ionics [Internet]. 2023 Jul 1 [cited 2025 Apr 23];29(7):2959–68. Available from: 

https://doi.org/10.1007/s11581-023-04998-w 

4. Komal, Kumar A, Kumar Y, Shukla VK. Parthenium hysterophorus derived activated carbon for EDLC device application. J 

Mater Sci: Mater Electron [Internet]. 2023 Sep 27 [cited 2025 Apr 23];34(27):1880. Available from: 

https://doi.org/10.1007/s10854-023-11309-6 

5. Rani S, Bansal L, Tanwar M, Bhatia R, Kumar R, Sameera I. Role of precursor concentration in tuning the electrochemical 

performance of MoS2 nanoflowers. Materials Science and Engineering: B [Internet]. 2023 Jun 1 [cited 2025 Apr 

23];292:116436. Available from: https://www.sciencedirect.com/science/article/pii/S0921510723001782 

6. Kumar Y, Uke SJ, Kumar A, Merdikar SP, Gupta M, Thakur AK, et al. Triethanolamine–ethoxylate (TEA-EO) assisted 

hydrothermal synthesis of hierarchical β-MnO2 nanorods: effect of surface morphology on capacitive performance. Nano Ex 

[Internet]. 2021 Nov [cited 2025 Apr 23];2(4):040008. Available from: https://dx.doi.org/10.1088/2632-959X/abef21 

7. Morey GW. Hydrothermal Synthesis. Journal of the American Ceramic Society [Internet]. 1953 [cited 2025 Apr 23];36(9):279–

85. Available from: https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1151-2916.1953.tb12883.x 

8. Selvaratnam B, Koodali RT. Machine learning in experimental materials chemistry. Catalysis Today [Internet]. 2021 Jul 1 [cited 

2025 Apr 23];371:77–84. Available from: https://www.sciencedirect.com/science/article/pii/S0920586120305502 

9. Kanish TC, Kuppan P, Narayanan S, Ashok SD. A Fuzzy Logic based Model to Predict the Improvement in Surface Roughness 

in Magnetic Field Assisted Abrasive Finishing. Procedia Engineering [Internet]. 2014 Jan 1 [cited 2025 Apr 23];97:1948–56. 

Available from: https://www.sciencedirect.com/science/article/pii/S1877705814034171 

10. (PDF) Neuro-Fuzzy Systems: A Survey. In: ResearchGate [Internet]. [cited 2025 Apr 23]. Available from: 

https://www.researchgate.net/publication/310047437_Neuro-Fuzzy_Systems_A_Survey 

11. Ahmadianfar I, Shirvani-Hosseini S, He J, Samadi-Koucheksaraee A, Yaseen ZM. An improved adaptive neuro fuzzy inference 

system model using conjoined metaheuristic algorithms for electrical conductivity prediction. Sci Rep [Internet]. 2022 Mar 23 

[cited 2025 Apr 23];12(1):4934. Available from: https://www.nature.com/articles/s41598-022-08875-w 

12. Khadr M, Elshemy M. Data-driven modeling for water quality prediction case study: The drains system associated with Manzala 

Lake, Egypt. Ain Shams Engineering Journal [Internet]. 2017 Dec 1 [cited 2025 Apr 23];8(4):549–57. Available from: 

https://www.sciencedirect.com/science/article/pii/S2090447916301149 



© 2025 IJRAR May 2025, Volume 12, Issue 2                            www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)  

IJRAR25B2615 International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org 432 
 

13. Khadr M, Elshemy M. Data-driven modeling for water quality prediction case study: The drains system associated with Manzala 

Lake, Egypt. Ain Shams Engineering Journal [Internet]. 2017 Dec 1 [cited 2025 Apr 23];8(4):549–57. Available from: 

https://www.sciencedirect.com/science/article/pii/S2090447916301149 

14. Hossain SJ, Ahmad N. Adaptive neuro-fuzzy inference system (ANFIS) based surface roughness prediction model for ball end 

milling operation. JMER [Internet]. 2012 Mar 31 [cited 2025 Apr 23];4(3):112–29. Available from: 

https://academicjournals.org/journal/JMER/article-abstract/4D854495623 

15. Kanish TC, Kuppan P, Narayanan S, Ashok SD. A Fuzzy Logic based Model to Predict the Improvement in Surface Roughness 

in Magnetic Field Assisted Abrasive Finishing. Procedia Engineering [Internet]. 2014 Jan 1 [cited 2025 Apr 23];97:1948–56. 

Available from: https://www.sciencedirect.com/science/article/pii/S1877705814034171 

16. Mantalas EM, Sagias VD, Zacharia P, Stergiou CI. Neuro-Fuzzy Model Evaluation for Enhanced Prediction of Mechanical 

Properties in AM Specimens. Applied Sciences [Internet]. 2025 Jan [cited 2025 Apr 23];15(1):7. Available from: 

https://www.mdpi.com/2076-3417/15/1/7 

17. Kumar Y, Chopra S, Gupta A, Kumar Y, Uke SJ, Mardikar SP. Low temperature synthesis of MnO2 nanostructures for 

supercapacitor application. Materials Science for Energy Technologies [Internet]. 2020 Jan 1 [cited 2025 Apr 23];3:566–74. 

Available from: https://www.sciencedirect.com/science/article/pii/S2589299120300318 

18. Li L, Nan C, Lu J, Peng Q, Li Y. α-MnO2 nanotubes: high surface area and enhanced lithium battery properties. Chem Commun 

[Internet]. 2012 Jun 14 [cited 2025 Apr 23];48(55):6945–7. Available from: 

https://pubs.rsc.org/en/content/articlelanding/2012/cc/c2cc32306k 

19. Zhao JG, Yin JZ, Yang SG. Hydrothermal synthesis and magnetic properties of α-MnO2 nanowires. Materials Research Bulletin 

[Internet]. 2012 Mar 1 [cited 2025 Apr 23];47(3):896–900. Available from: 

https://www.sciencedirect.com/science/article/pii/S0025540811005435 

20. Wang C, Bongard HJ, Weidenthaler C, Wu Y, Schüth F. Design and Application of a High-Surface-Area Mesoporous δ-MnO2 

Electrocatalyst for Biomass Oxidative Valorization. Chem Mater [Internet]. 2022 Apr 12 [cited 2025 Apr 23];34(7):3123–32. 

Available from: https://doi.org/10.1021/acs.chemmater.1c04223 

21. Li D, Wu X, Chen Y. Synthesis of Hierarchical Hollow MnO2 Microspheres and Potential Application in Abatement of VOCs. 

J Phys Chem C [Internet]. 2013 May 30 [cited 2025 Apr 23];117(21):11040–6. Available from: 

https://doi.org/10.1021/jp312745n 

22. Subramanian V, Zhu H, Vajtai R, Ajayan PM, Wei B. Hydrothermal Synthesis and Pseudocapacitance Properties of MnO2 

Nanostructures. J Phys Chem B [Internet]. 2005 Nov 1 [cited 2025 Apr 23];109(43):20207–14. Available from: 

https://doi.org/10.1021/jp0543330 

23. Su D, Ahn HJ, Wang G. Hydrothermal synthesis of α-MnO2 and β-MnO2 nanorods as high capacity cathode materials for 

sodium ion batteries. J Mater Chem A [Internet]. 2013 Mar 19 [cited 2025 Apr 23];1(15):4845–50. Available from: 

https://pubs.rsc.org/en/content/articlelanding/2013/ta/c3ta00031a 

24. Chen K, Dong Noh Y, Li K, Komarneni S, Xue D. Microwave–Hydrothermal Crystallization of Polymorphic MnO2 for 

Electrochemical Energy Storage. J Phys Chem C [Internet]. 2013 May 23 [cited 2025 Apr 23];117(20):10770–9. Available 

from: https://doi.org/10.1021/jp4018025 

25. Subramanian V, Zhu H, Wei B. Nanostructured MnO2: Hydrothermal synthesis and electrochemical properties as a 

supercapacitor electrode material. Journal of Power Sources [Internet]. 2006 Sep 13 [cited 2025 Apr 23];159(1):361–4. 

Available from: https://www.sciencedirect.com/science/article/pii/S0378775306006227 

26. Modungwe TM, Kabongo GL, Mbule PS, Makgopa K, Coetsee E, Dhlamini MS. Unravelling the effect of crystal lattice 

compression on the supercapacitive performance of hydrothermally grown nanostructured hollandite α-MnO2 induced by 

incremental growth time. Sci Rep [Internet]. 2024 Oct 28 [cited 2025 Apr 23];14(1):25837. Available from: 

https://www.nature.com/articles/s41598-024-70111-4 

27. Wang M, Yagi S. Layered birnessite MnO2 with enlarged interlayer spacing for fast Mg-ion storage. Journal of Alloys and 

Compounds [Internet]. 2020 Apr 15 [cited 2025 Apr 23];820:153135. Available from: 

https://www.sciencedirect.com/science/article/pii/S0925838819343816 



© 2025 IJRAR May 2025, Volume 12, Issue 2                            www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)  

IJRAR25B2615 International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org 433 
 

28. Tang N, Tian X, Yang C, Pi Z, Han Q. Facile synthesis of α-MnO2 nanorods for high-performance alkaline batteries. Journal 

of Physics and Chemistry of Solids [Internet]. 2010 Mar 1 [cited 2025 Apr 23];71(3):258–62. Available from: 

https://www.sciencedirect.com/science/article/pii/S0022369709003400 

29. Yang J, Wang J, Ma S, Ke B, Yu L, Zeng W, et al. Insight into the effect of crystalline structure on the oxygen reduction reaction 

activities of one-dimensional MnO2. Physica E: Low-dimensional Systems and Nanostructures [Internet]. 2019 May 1 [cited 

2025 Apr 23];109:191–7. Available from: https://www.sciencedirect.com/science/article/pii/S1386947718306817 

30. Yang X an, Shi M ting, Leng D, Zhang W bing. Fabrication of a porous hydrangea-like Fe3O4@MnO2 composite for ultra-

trace arsenic preconcentration and determination. Talanta [Internet]. 2018 Nov 1 [cited 2025 Apr 23];189:55–64. Available 

from: https://www.sciencedirect.com/science/article/pii/S0039914018306726 

31. Sun M, Ye F, Lan B, Yu L, Cheng X, Liu S, et al. One-step Hydrothermal Synthesis of Sn-doped OMS-2 and Their 

Electrochemical Performance. International Journal of Electrochemical Science [Internet]. 2012 Oct 1 [cited 2025 Apr 

23];7(10):9278–89. Available from: https://www.sciencedirect.com/science/article/pii/S1452398123161979 

32. Hamalzadeh Ahmadi F, Mousavi Ghahfarokhi SE, Khani O. The effects of temperature, contact time, and molar ratio of 

HCl:KMnO4 on the morphology of FeNi3/MnO2 core-shell nanostructure and its application in microwave absorption. Journal 

of Magnetism and Magnetic Materials [Internet]. 2023 Apr 15 [cited 2025 Apr 23];572:170637. Available from: 

https://www.sciencedirect.com/science/article/pii/S030488532300286X 

33. ANFIS based Model for Surface Roughness Prediction for Hard Turning with Minimal Cutting Fluid Application | Request 

PDF. ResearchGate [Internet]. [cited 2025 Apr 23]; Available from: 

https://www.researchgate.net/publication/301534767_ANFIS_based_Model_for_Surface_Roughness_Prediction_for_Hard_T

urning_with_Minimal_Cutting_Fluid_Application 

 


