Determination of Corrosion for Nickel Alloys for Long Time Using Artificial Neural Network
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Abstract

 This research aims to develop a new model to predict the corrosion resistance behavior of nickel alloys using a supervised neural network (ANN) as an artificial intelligence tool that learns correlational patterns between input and output information without relying on a predefined mathematical model. The developed ANN model learns from experimental data, serving as an intelligent information processing system to estimate corrosion rate with aging. Experimentally, corrosion was evaluated using the potentiodynamic technique for as-welded specimens and after heat treatment for 50, 500, and 1000 hours at 550 ºC in a 3.5% NaCl solution. The ANN was trained on these data to predict corrosion potential (Ecorr) and current density (Icorr) for nickel-based alloys Ni, NiFe, and NiCu according to American Welding Society (AWS) standards. The model achieved excellent correlation coefficients and a maximum prediction error below 10%, indicating high accuracy. Furthermore, the ANN successfully predicted corrosion behavior for long exposure durations (600, 1200, 1800, and 2400 hr), demonstrating its potential for long-term corrosion prediction where experimental evaluation is impractical.
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1. Introduction

   It is essential to have a comprehensive understanding of the mechanical properties of the materials used to manufacture a particular component or product, as well as how they behave under working conditions. Materials perform in different ways at varying temperatures under different loadings. In the Nuclear Power plant industry, components are designed to withstand various conditions, including extremely high temperatures and loading, so accurate corrosion predictions are vital to safety.  Moreover, the material must be chosen carefully and must meet the required specifications, such as hardness and tensile strength. A lot of time, money, and energy is required to select materials with the correct composition and properties. The available approaches are based mainly on practical experiments and, therefore, are expensive and time-consuming to determine the corrosion. Moreover, up to date, it is possible to substantiate a new approach to analyzing the service properties of metallic materials based on the use of artificial neural networks. The previously obtained real test data formed the basis for estimating the missing values. [1,2].
Nickel-based alloys possess several excellent material properties that include good creep, rupture strength, metallurgical stability, and corrosion resistance at high temperatures. Thus, nickel-based alloys are broadly utilized in extreme environments and severe operating conditions. Although nickel-based alloys, nickel-copper-based and nickel-iron-based alloys have been considered an important class of materials for engineering applications under severe corrosion in a wide range of service temperatures [3-5].
     Modeling with Artificial Neural Networks (ANNs) has been used to solve many complex engineering problems, such as nuclear engineering, bioengineering, thermal engineering, metallurgical and materials engineering, automotive engineering, and in the analysis of many laminated or multilayer composites until now. It is well known that corrosion is a dangerous and extremely costly problem in the widespread use of engineering materials. It is generally a destructive and unexpected attack on engineering materials due to their electrochemical reaction with their environment or their thermochemical properties for neural networks, so attractive is their capacity to characterize nonlinear functions. This makes them a very useful method for identification [6-8]. 
       The objective of this work was to develop an algorithm to predict the behavior of corrosion-resistant metal alloys using a supervised neural network method as a data mining tool. We studied the corrosion of nickel alloys for a long time by only giving certain inputs to the model since the ANN developed model is an efficient, cheaper, and good reliable method after training correctly with experimental data. The development of the ANN model and analysis of the study were performed [9,10].
Table 1: Chemical Composition of the Electrode
	            Element%

Electrode
	C
	Si
	Mn
	Cr
	Cu
	Ni
	Mo
	Ti
	Fe

	Ni Fe
	1
	<2.0
	<1.0
	-
	-
	56
	-
	-
	Basis

	Ni Cu
	0.05
	0.7
	3.5
	-
	29
	Basis
	-
	0.4
	1.3

	Ni
	0.5
	-
	-
	-
	-
	Basis
	-
	-
	1


       2. The Initial Data Description   

          2.1   Materials Used 
      Three types of coated electrodes of class AWS (American Welding Society) were used in the welding experiments. The types are E-NiFe, E-NiCu, and E-Ni,  with a diameter (  =4 mm. The chemical composition of the used electrodes is shown in Table 1.
2.2 Heat-Treated Procedure

    In the experimental procedures, welded metal specimens were subjected to a heat-treated temperature of 550 ºC for various holding times ranging from 50 to 1000 hours, followed by air-cooling, in order to simulate working conditions. The effect of this isothermal heat treatment on microstructure was investigated for weld metal samples. The heat-treated process was performed in a muffle furnace, which was automatically controlled with an accuracy of ±5 °C. An additional Ni-NiCr thermal couple, attached to a digital thermal indicator, was used to monitor the furnace temperatures throughout the holding time.
2.3 Microhardness Tests

       A Vickers microhardness testing machine was used to measure at least five hardness values on the nickel alloys weld metal at the as-weld and after heat treatment conditions. Tests were also carried out. The applied load was 300g, and the indentation time was 30 seconds according to ASTM E92-72. The average microhardness values for five measurements of welded deposits in the as-welded condition and after various aging treatments at 550 °C for nickel alloy weld metals Ni, NiFe, and NiCu are shown in Table 2 [11].

Table 2: The Average Values of Microhardness Testing (Hv 300g)
	    Time          

Electrode
	As well

(0hr)
	50hr
	500hr
	1000hr

	NiFe
	258 (Hv)
	197(Hv)
	205(Hv)
	153(Hv)

	NiCu
	170(Hv)
	213(Hv)
	235(Hv)
	217(Hv)

	Ni
	195.2(Hv)
	182.675(Hv)
	198.4(Hv)
	191.175(Hv)


     2.4 Impact Tests 

    The Charpy-V notch impact energy results of the weld joints with different electrodes, NiFe, Ni and NiCu, in the as weld condition and after different aging times in the range of 50 to 1000 hr at an aging temperature of 550˚Care in Table 3[9].
Table 3: Impact Toughness (J) for as Weld Condition and After Aging 50, 500 and 1000 hr at Room Temperature for Nickel Alloys Weld Metal
	Time

Electrode
	As weld (0hr)
	50hr
	500hr
	1000hr

	Ni-Fe
	12J
	9J
	8J
	9J

	Ni-Cu
	56J
	58J
	49J
	49J

	Ni
	31J
	21J
	27J
	19J


     2.5 Electrochemical Corrosion Tests
       The samples were ground and followed by polishing on a polishing lapped, then the polished samples were degreased with ethanol before immersion in the test solution. The electrochemical corrosion behavior of the samples was studied by applying the potentiodynamic polarization technique using a potentiostat (Electrochemical Impedance Analyzer, Model 6310) interfaced to a computer and a three-electrode cell with the sample as the working electrode (exposed area 100 mm2) and a Saturated Calomel Reference Electrode (SCE). For testing the performance of the nickel alloy weld metals Ni, NiFe and NiCu, 3.5% NaCl solution was used. The solution was prepared from the NaCl reagent, and its pH is nearly alkaline. The corrosion data are represented in Table 4 [12].
Table 4: Corrosion Potential (Ecorr)and Corrosion Current Density (Icorr)
	Electrode
	(Ni)
	
	(NiFe)
	
	(NiCu)

	Heat-treated condition
	Ecorr
 (mV)
	Icorr
(μA/cm2)
	Ecorr
 (mV)
	Icorr
(μA/cm2)
	Ecorr (mV)
	Icorr 
(μA/cm2)

	   0 hr (As weld)
	-181
	38.68
	-362.1
	5.737
	-375.8
	15.06

	50 hr
	-473.2
	20.78
	-506.3
	6.57
	-428.9
	17.09

	500hr
	-469
	7.6
	-436.9
	11.23
	-484.6
	28.42

	1000hr
	-473.6
	8.922
	-446.5
	6.364
	-446.6
	21.54


3. The ANN Model Development 
   3.1 Methodology for ANN Model Development

         The ANN model for predictive corrosion was developed in MATLAB as an intelligent information processing system to estimate corrosion rate coefficients. A typical two-layer feed-forward backpropagation type network was chosen due to its ease of design and distribution of experimental data. The experimental data were used as input/output variables for the best-performing ANN architecture model. The ANN model consists of one input and two hidden layers, and one output layer, as shown in Table 5. The different times were inserted as input data into the neural network. Tangent sigmoid and linear transform functions (tansig and purelin) were used as the activation functions for correlating parameters in the ANN’s hidden and output layers, respectively. The experimental data were randomly distributed across training (70%), validation (15%), and testing (15%) sets. The results based on the correlation coefficient (R)and Absolute Mean Square Error (MSE) show the utility to predict the current density Icorr and corrosion potential Ecorr for NiFe, NiCu and Ni. 

Table 5: Neural Network Architecture and Training Parameters.

	Parameter
	Description

	Network type
	Feed-forward backpropagation

	Training function
	Traingdm

	Learning function
	Learngdm

	Performance functions
	MSE, SSE

	Learning rate
	0.4

	Neurons on the 2nd hidden layer
	5

	Neurons on the 1st hidden layer
	3

	Momentum constant
	0.7

	Neurons on output layer
	2

	Activation functions on hidden layers
	Tansig – Tansig

	Activation function on output layer
	Purelin


3.2Validation of the Developed ANN Model
      For validation, the computational method ANN model is used for predicting the Ecorr & Icorr in the developed ANN model for a long time. The network is trained using the weld condition and the after-aging time for 50, 500, and 1000 hours as input data, along with their corresponding values for three Ni, NiFe, and NiCu alloys. Also, the output value is predicted for the aging time for 600hr, 1200hr, 1800hr and 2200hr as a long time that cannot be accomplished experimentally.  

4. Results and Discussion
4.1 The Result of Training and Testing the Developed ANN Model
      The output of Experimental and predicted data (Ecorr and Icorr) for the deposited Ni alloys, NiFe and NiCu are represented in tables 6, 7, and 8, respectively during the time from 0,50,500 and 1000 hours and predicted only through time 1030,1100,1500 and 2000 hours. 
The results show that the training and predicted data are in close agreement with the experimentally measured values of Ecorr and Icorr, indicating high model accuracy. The percentage error was evaluated for the as-welded condition and after aging at 50, 500, and 1000 hours for three alloys. The predicted values exhibited only minimal deviations from the measured data. In addition, the model successfully predicted output values for longer aging times of 1030, 1100, 1500, and 2000 hours with consistently low errors. As shown in the tables, the percentage error ranges from 0% to 0.7%, demonstrating the model's reliability and strong predictive capability.
Table 6: Experimental and Predicted Values of Ecorr& Icorr for Ni
	Heat-treated condition  

Ni
	Ecorr 
(mV)
	Icorr 
(μA/cm2)
	Prediction Ecorr (mV)
	Prediction Icorr (μA/cm2)

	 0 hr (As weld)
	-181
	38.68
	-180.999
	38.6775

	50 hr
	-473.2
	20.78
	-473.201
	20.7843

	500hr
	-469
	7.6
	-469
	7.6018

	1000hr
	-473.6
	8.922
	-473.599
	8.921


Table 7: Experimental and Predicted Values of Ecorr& Icorr for NiFe 
	Heat-treated condition NiFe
	Ecorr
 (mV)
	Icorr
(μA/cm2)
	Prediction Ecorr (mV)
	Prediction Icorr (μA/cm2)

	 0 hr (As weld)
	-362.1
	5.737
	-362.099
	5.7381

	50 hr
	-506.3
	6.57
	-506.303
	6.5699

	500hr
	-469
	11.23
	-436.896
	11.2302

	1000hr
	-473.6
	6.364
	-446.504
	6.365


Table 8: Experimental and Predicted Values of   Ecorr& Icorr for NiCu
	Heat-treated condition NiCu
	Ecorr
 (mV)
	Icorr (μA/cm2)
	Prediction

Ecorr (mV)
	Prediction Icorr (μA/cm2)

	0 hr (As weld)
	-375.8
	15.06
	-375.7999
	15.0617

	50 hr
	-428.9
	17.09
	-428.9002
	17.0906

	500hr
	-484.6
	28.42
	-484.6001
	28.4209

	1000hr
	-446.6
	21.54
	-446.6002
	21.5396


 Figures 1 to 4 show the performance of the developed ANN model networks at the end of training for the three deposited Ni alloys, NiFe and NiCu. The training networks are confirmed by the correlation with the experimental data. From the figures, it is seen that as the number of epochs increases, the error decreases and converges to very small values. In addition, it can be seen that there is a high correlation between the predicted and measured Experimental values of Corrosion potential (Ecorr) and corrosion current density (Icorr) for the deposited Ni alloys NiFe and NiCu. 

[image: image1.emf]0 500 1000 1500

1500 Epochs

10

-6

10

-4

10

-2

10

0

M

e

a

n

 

S

q

u

a

r

e

d

 

E

r

r

o

r

 

 

(

m

s

e

)

Best Training Performance is 0.00045751 at epoch 1500

Train

Best

Goal


Figure 1: The Performance of the Developed ANN Model During Training Ecorr and Icorr for the Ni Alloys 
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Figure 2: Correlation Relationships Between the Measured and Predicted Values Using ANN Model of Ecorr and Icorr for the Deposited Ni Alloys
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Figure 3: The Error Histogram of the Developed ANN Architecture During Training Ecorr and Icorr for Ni Alloys.
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Figure 4: The Comparison Between the Experimental and the Predicted Values from the Developed ANN Architecture of Ecorr and Icorr for Ni Alloys.

       After reaching the best number of iterations and completing the training of the network, the comparison of the predicted values of the developed ANN model with the experimental values was studied from Figures 1 to 4. Also, the predicted performance values of the proposed ANN in terms of the MSE and R values were examined. 
       For all Outputs and targets are indicated by the R value of 0.9996 near one. As seen from these curves, there is a satisfactory agreement between current, potential, and inflection point values of the experimental and ANN curves. It is understood that the proposed ANN model is successful in both the learning and test set They apparent that the developed ANN model was well-trained and predictive.  According to the ANN simulation results for the three deposited Ni alloys, NiFe and NiCu. in the training stage, as shown in Figure 2, it is found that the correlation coefficient R between ANN predicted retardances and the experimental measured data as high as one. However, the predicted errors are in an acceptable error range (less than 10%) for this application.  Figure 3 shows the error histogram for the developed ANN architecture during the training phase for predicting the corrosion potential and corrosion current density of Ni alloys. The error distribution is centered close to zero, indicating that the network achieved a high level of accuracy and minimal bias in its predictions. Most errors fall within a narrow range, confirming that the ANN model effectively captured the nonlinear relationships between input and output data. The small deviation between the predicted and experimental values further validates the robustness and generalization capability of the developed neural network for corrosion prediction. Thus, the developed ANN model can be used to predict the Ecorr & Icorr for the three deposited Ni alloys, NiFe and NiCu martials for a long time.  
4.2 Prediction Results of a Long-Term Case Study
         By comparing the experimental and predicted results, the model worked fine and was able to predict the corrosion values with high-level accuracy. The results of the developed ANN model show that predicted values of the corrosion rate as summarized in Tables (9, 10 and 11) respectively, are in the range of values for 600, 1200, 1800 hrs but for 2400 hrs is near value of 1800 so that the predictions with that developed ANN model can take range 0 to 2000 only for mor accurate.
Table 9: The Predicted Values of Ecorr& Icorr for Ni

	Heat-treated condition Ni
	Ecorr
 (mV)
	Icorr
 (μA/cm2)

	 600 hr 
	-368.3606
	    9.9271

	1200 hr
	-495.4094
	6.1226

	1800hr
	504.4382
	5.1191    

	2400hr
	-504.4991
	5.0091    


Table 10: The Predicted Values of   Ecorr& Icorr for NiFe 

	Heat-treated condition 
NiFe
	Prediction Ecorr (mV)
	Prediction Icorr (μA/cm2)

	 600 hr
	-442.460
	10.408

	1200 hr
	-500.2803
	6.1435    

	1800hr
	-501.3081
	5.9432    

	2400hr
	-501.3081
	5.9498    


Table 11: The Predicted Values of Ecorr& Icorr for NiCu

	Heat-treated condition NiCu
	Prediction Ecorr (mV)
	Prediction Icorr
 (μA/cm2)

	 600 hr 
	-465.848
	24.4272   

	1200 hr
	-484.308
	23.0576

	1800hr
	496.316
	24.9551

	2400hr
	-497.389
	24.9699


5. Conclusions
  In nuclear reactor materials science, the performance prediction of materials plays a crucial role in enhancing material quality while also preventing serious environmental damage and threats to public safety. Traditional regression analysis models in materials science are not yet perfect, limited to capturing nonlinearities of data and time-consuming for prediction, which leads to a demand for analyses of materials data using novel computer science methods. In recent years, Artificial Neural Networks (ANNs) have been increasingly performing as a strong tool to establish relationships among data and being successfully applied in materials science due to their generalization ability, noise tolerance and fault tolerance. In this work, a new ANN model is developed for predicting various properties of corrosion for different materials. The developed ANN model serves as an intelligent information processing system to predict the corrosion rate with aging using experimental data. is trained to predict the current density (Icorr)and corrosion potential (Ecorr) of   NiFe, NiCu, and Ni.   
    From the training and testing of the ANN simulation results, an ANN model was successfully developed and demonstrated a high ability to predict Ecorr & Icorr for the three nickel alloy weld materials. The trained (ANN) model gives an excellent correlation coefficient, and the error values are also significantly low, which represents a good accuracy of the model. Since the developed ANN model training/learning is very fast and the networks are very good at interpolation (ANN). It is particularly useful for the as-weld condition and after aging and it is applicable to all conditions. Moreover, the simulation results from the training stage show a high correlation coefficient between the experimental data and the predicted data. Furthermore, the developed ANN model could be a useful tool in predicting the corrosion for the tie between time learning and for long time that complex to achieve experimentally, but with some errors. Thus, a more well-trained, developed ANN model for further used to predict Ecorr & Icorr with more data, will be more excellent to predict for a long time with more accuracy. The predicted errors are in an acceptable error range (less than 10%) for this application. Thus, the developed ANN model can be used for predicting the Ecorr & Icorr for the three nickel alloy weld materials.  Finally, neural network-based modeling, through its accurate results, provides the possibility to evaluate the corrosion for long times.
6. Future Work

Although the developed Artificial Neural Network (ANN) model has demonstrated high accuracy in predicting the corrosion potential (Ecorr) and corrosion current density (Icorr) of nickel-based alloys, further improvements and extensions are recommended. Future work will focus on several key areas to enhance the robustness, reliability, and applicability of the model:

Expansion of Experimental Database:
Increasing the dataset by including a wider range of experimental parameters such as temperature, pH, chloride concentration, and mechanical stress will allow the model to generalize more effectively under diverse service conditions.
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