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Abstract 
 

Identifying the severity of corrosion is crucial in physical and biological sciences. Developing a highly accurate deep learning 
model capable of classifying corrosion severity across a wide metal surface, even with limited training data, represents a 
significant advancement over traditional investigation methods. Unlike traditional approaches such as electrochemical 
measurements that assess only provided inspection areas, deep learning models can classify the entire metal surface. In the 
realm of biomaterials, this corrosion identification approach aids researchers in selecting appropriate materials for body 
implants, reducing the impact of corroded metal reactions within the implanted body. This research advocates for an 
objective and automated examination of metal surfaces, employing convolutional neural networks to classify corrosion 
intensity based on scanning electron microscope (SEM) images. Despite the limited number of samples from electrochemical 
laboratories, the deep learning model provides valuable insights across the entire metal plate surface, effectively 
distinguishing between different corrosion states. Electrochemical measurements were implemented to see the corrosion 
such as electrochemical impedance spectroscopy (EIS), potentiodynamic polarisation (PDP) techniques. Generative 
Adversarial Network (GAN) is implemented to generate synthetic images. SEM images were obtained to evaluate the changes 
at microlevel and CNN was used to classify the images with an efficiency of 92.7%.  
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1. Introduction 

Metals and alloys are integral components in various global 

industries, including construction, oil and gas, and 

manufacturing. Essential materials like steel, magnesium, 

cobalt, platinum, and steel alloys find extensive use as 

biomaterials for body implants.[1] Despite their widespread 

application, metal surfaces are susceptible to corrosion when 

exposed to atmospheric conditions. In industrial settings, 

corrosion poses a significant threat, and early detection is 

crucial for risk mitigation and the implementation of safety 

measures.[2] 

The use of biomaterials in human body implants introduces 

an additional challenge as these materials are consistently 

exposed to physiological mediums, influencing their corrosion 

behavior. Corrosion on biomaterials implanted in the human 

body can have severe consequences, including life-threatening 

complications and potential fatalities. Therefore, extensive 

research is essential for selecting appropriate biomaterials and 

understanding their interactions with the surrounding 

physiological environment before they are employed for 

implantation.[1] 

In the realm of biomaterials, it is imperative to subject 
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metallic alloys to thorough testing for their behavior in 

physiological mediums. The identification of corrosion 

through scanning electron microscopy (SEM) images of metal 

surfaces is a viable approach to assess the extent of corrosion.[2] 

Several classical methods exist for surface analysis, but they 

heavily rely on the expertise of the research analyst evaluating 

corrosion intensity. These classical methods can only predict 

and evaluate corrosion on the specific surface imaged under 

the microscope, lacking the generalizability to larger metal 

surfaces. This limitation underscores the need for skilled 

research analysts to meticulously select areas for corrosion 

assessment on metal surfaces. 

In one study,[3] employed deep learning models to analyze 

microscopic images of corroded copper and steel laminas, 

investigating the effectiveness of inhibitor solutions in 

reducing corrosion. The study utilized metal coupons made of 

steel and copper to assess the impact of inhibitor solutions on 

corrosion levels. Microscopic images of these metal surfaces 

were captured at various time points, both with and without 

exposure to inhibitor solutions, and were subsequently 

analyzed. The dataset's limited size prompted the use of 

augmentation techniques[4] to increase the volume of available 

data. The current study focuses on identification and 

classification based on SEM images of metal coupons exposed 

to physiological medium. 

 

2. Methodology 

2.1 Materials 

The investigation on corrosion involved the utilization of the 

Magnesium AZ31B alloy and 316L stainless steel alloys, and 

the detailed composition of these alloys are provided in Tables 

1 and 2. 

 

2.1.1 Test specimen preparation for Electrochemical 

measurements 

A cylindrical rod, 50 mm in height and 5 mm in diameter, was 

cut from rods of magnesium AZ31B alloy and 316L Stainless 

steel alloy respectively. To create test coupons, these rods were 

moulded to a height of 30 mm using epoxy resin. The bottom 

surface, which remained un-moulded, were polished using 

sandpaper with varying grit sizes, ranging from 110 to 1600. 

A highly reflective mirror surface was achieved through the 

use of a disc polishing wheel and 1.0-micron alumina powder,  

 

2.1.2 Electrochemical method 

Electrochemical investigations were carried out using a CH 

potentiostat, the CHI604D series with β software, obtained 

from the United States. The potentiostat was linked to three 

electrodes: Magnesium AZ31B alloy or 316L Stainless steel 

alloy as the anode, a mercury mercurous chloride saturated 

electrode as the cathode, and inert platinum as the counter 

electrode. These electrodes were immersed in 100 ml of 

simulated physiological medium. 

 

2.1.3 Potentiodynamic polarisation method (P.P.M.) 

To produce the polarization curves for the oxidation of 

Magnesium AZ31B alloy or 316L stainless steel alloy and the 

reduction of H3O+, the anode was polarized at -250 mV in the 

cathodic direction and +250 mV in the anodic direction 

relative to the equilibrium state potential. This was 

accomplished at a sweep rate of 1 mV sec-1.  

 

2.1.4 Electrochemical impedance spectroscopy method 

(E.I.S.) 

Electrochemical Impedance Spectroscopy (E.I.S.) 

experiments involved applying a 10 mV alternating current 

signal at the equilibrium potential and scanning frequencies 

from 100 kHz to 0.01 Hz. P.P.M. readings are taken after E.I.S. 

without further polishing the metal surface. 

 

2.1.5 Test specimen preparation  

Magnesium AZ31B alloy coupons and Stainless steel 316L 

alloy coupons were used for the experiments. Magnesium 

AZ31B alloy coupons were polished on grit paper of varying 

sizes 800 to 1200 and Stainless steel 316L coupons were 

polished on grit paper of varying sizes 200 to 1200 for smooth 

and mirror finishing. Mirror finishing was done so that at the 

micro-level the surface of the coupons was smooth hence 

corrosion due to uneven surface structure would be avoided 

hence providing precise results. The coupons were then 

cleansed with acetone to remove all the contaminants, prior to 

immersion. The coupons were immersed in 40 mL of 

simulated physiological medium.  

 

2.1.6 Surface morphology studies (S.E.M.) 

The surface characteristics of the Magnesium AZ31B alloy or 

316L stainless steel alloy were investigated employing the 
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Table 1. Constituents of Magnesium AZ31B alloy. 

Alloy name Composition (%) 

AZ31B Magnesium 

alloy 

Al Zn Mn Si Fe Cu Ni Mg 

3.15 0.99 0.31 0.016 0.003 0.0026 0.0008 Bal 

Table 2. Constiuents of the 316L stainless steel alloy. 

Alloy name                           Composition (%) 

316L 

Stainless 

steel 

C Si Mn P S Cr Ni 

0.032 0.442 1.81 0.028 0.013 16.96 10.39 

Mo Al Cu Co As Nb V 

1.80 0.141 0.60 0.156 0.014 0.016 0.058 

W Fe Sn     

0.025 67.5 0.012     

JEOL JSM-6380L Analytical scanning electron microscope. 

This examination involved immersing the test coupons in 

simulated physiological mediums, SEM, imaging was 

performed at 20 kV under high vacuum with objective 

aperture 10 μm and 20 μm. Hence obtained SEM images were 

used for further processing. Methodology adopted for the 

Texture based classification of corroded metallic surface is 

shown in Fig. 1. Original dataset is made up of microscopic 

images taken SEM electron microscope at 500x magnification 

and focal length of 10 micro meter, as these images are 

digitally generated so brightness and light exposure effects 

texture and contrast of image. Since number of samples were 

less, Generative Adversarial Network (GAN) is implemented 

to generate synthetic images. The images are validated and 

stored in the database. These Images are mainly classified 

based on type of metallic surface and extend of corrosion on 

them, for classification based type of metallic surface specific 

feature like strides on 316L Stainless Steel alloy and cloudy 

appearance on Magnesium AZ3B alloy are used as reference 

feature in the custom Convolution Neural Network (CNN) 

model.  

  

2. Generative Adversarial Network (GAN) and custom 

image data generator  

GANs[5] and Image generator algorithms were used to generate 

the synthetics images as a limited dataset was available. Fig. 2 

shows the GAN architecture to generate synthetic SEM 

images. In GAN, a generator network is used to generate 

synthetic images along with an image augmenter and a 

discriminator network is used to provide backward feedback 

to tune the model and increase its accuracy. The generator 

network consists of a five-layer network with leaky ReLU as 

an activation function and batch normalization as an 

optimizing technique. 

A generative adversarial network (GAN) has two parts. Fig. 

3 shows the individual architecture of generator and 

discriminator of GAN. The generator learns to generate 

plausible data. The generated instances become negative 

training examples for the discriminator. The generator part of 

a GAN learns to create fake data by incorporating feedback 

from the discriminator. It learns to make the discriminator 

classify its output as real. Generator training requires tighter 

integration between the generator and the discriminator than 

discriminator training requires. 

The discriminator learns to distinguish the generator's fake 

data from real data. The discriminator penalizes the generator 

for producing implausible results. The discriminator in a GAN 

is simply a classifier. It tries to distinguish real data from the 

data created by the generator. It could use any network 

architecture appropriate to the type of data it's classifying. 

Both the generator and the discriminator are neural 

networks. The generator output is connected directly to the 

discriminator input. Through backpropagation, the 

discriminator's classification provides a signal that the 

 
Fig. 1 Illustration of method used for classification. 
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Fig. 2 Block diagram of Synthetics image generator using GAN. 

 

generator uses to update its weight. 

Vanishing Gradient Problem is observed when higher the 

complexity of input data, more the number of layers needed to 

fit its complexity hence more activation functions over the 

neural net causing gradients of loss function approach zero to 

alleviate this problem use of ReLU is advised. 

 

Constraints-  

1) Appearance (Intensity and Gradient)-  

Intensity penalty guarantees the similarity of all pixels in 

Greyscale space. Gradient penalty can sharpen the generated 

images. For intensity L2 distance between predicted frame 𝐼’ 

and ground truth I is minimized as: 

𝐿𝑖𝑛𝑡(𝐼, 𝐼) = ||𝐼 − 𝐼||
2

                       (1) 

 

2) Gradient loss 

For gradient loss, Temporal loss is defined as the difference 

between the optical flow of prediction frames and ground truth 

as shown in equation 2. 

Lgd(Î − I) = ∑ |||𝐼𝑖,𝑗 − 𝐼𝑖−1,𝑗| − |Ii,j − Ii−1,j|||
1

+ |||𝐼𝑖,𝑗 −

𝐼𝑖,𝑗−1| − |Ii,j − Ii−1,j|||
1
                                                         (2) 

𝐿𝑜𝑝 = ||𝑓(𝐼𝑡+1, 𝐼𝑡) − 𝑓(𝐼𝑡+1, 𝐼𝑡) ||1                      (3) 

 

3) Predictor (Least Square GAN) -  

A GAN contains a discriminative network D, and a generator 

network G. G learns to generate frames that are hard to be 

classified by D, while D aims to discriminate the frames 

generated by G. U-Net is treated as the Generator in this paper. 

For Discriminator, a patch discriminator which means each 

output scalar of D corresponds to a patch of an input image. 

Algorithm-  

D has to classify It+1 (observed/ground truth) into class 1 - 

genuine label and I’t+1 (Generated/predicted) into class 0 - fake 

label.  

To train D we fix weights of G, MSE is used: 

𝐿𝑎𝑑𝑣
𝐷 (𝐼, 𝐼) =  ∑

1

2
𝐿𝑀𝑆𝐸(𝐷(𝐼)𝑖,𝑗 , 1) + ∑

1

2
𝐿𝑀𝑆𝐸 (𝐷(𝐼)

𝑖,𝑗
, 0)  (4) 

(i, j) are spatial patch indices.  

Here LMSE is: 

𝐿𝑀𝑆𝐸(𝑌̂, 𝑌) = (𝑌̂ − 𝑌)2                  (5) 

 

To train G we fix weights of D, and such that D classifies those 

generated frames into class 1, similarly an MSE function is 

used: 

𝐿𝑎𝑑𝑣
𝐺 (𝐼) =  ∑

1

2
𝐿𝑀𝑆𝐸 (𝐷(𝐼)

𝑖,𝑗
, 1)𝑖,𝑗                (6) 

These Constraints are then combined to obtain an Objective 

function which is: 

𝐿𝐺 = 𝜆𝑖𝑛𝑡𝐿𝑖𝑛𝑡(𝐼𝑡+1, 𝐼𝑡+1) + 𝜆𝑔𝑑𝐿𝑔𝑑(𝐼𝑡+1, 𝐼𝑡+1) + 𝜆𝑜𝑝𝐿𝑜𝑝 +

𝜆𝑎𝑑𝑣𝐿𝑎𝑑𝑣
𝐺 (𝐼𝑡+1)                                                                       (7) 

The discriminator is trained using the following loss function- 

𝐿𝐷 = 𝐿𝑎𝑑𝑣
𝐷 (𝐼𝑡+1, 𝐼𝑡+1)                         (8) 

Implementation details: 

• Intensity of pixels in all frames are normalized to [-1, 1]. 

• Size of each frame is resized to 450 × 450. 

• t = 4 and uses a random clip of 5 sequential frames. 

• Mini-batch size is 4. 

• For grayscale, the learning rate of the Generator and 

Discriminator is set to 0.0001 and 0.00001. 

Coefficients are set accordingly for each segment of the 

algorithm. 

In the Custom image generator algorithm, various image 

augmentation techniques were used to expand the size of the 

dataset. In Image augmentation, different transformations are 

applied to original images which results in multiple 

transformed copies of the same image. Each generated copy is 

different from the other in certain aspects depending on the 
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Fig. 3 Details of GAN model architecture. 

 

augmentation techniques applied like shifting, rotating, 

flipping, etc. these small amounts of variations that are applied 

on the original image does not change its target class but only 

provides a new perspective of capturing essential features. 

These image augmentation techniques not only expand the 

size of dataset but also incorporate a level of variation in the 

dataset which allows your model to generalize better on 

unseen data. This algorithm helps the model to becomes more 

robust when it is trained on new and slightly altered images. 

Image Data Generator class ensures that the model receives 

new variations of the images at each epoch. But it only returns 

the transformed images and does not add it to the original 

corpus of images. In fact, it prevents the case of overfitting in 

our model as the number of images in our dataset are limited. 

Another advantage of Image Data Generator is that it requires 

lower memory usage. This is so because without using this 

class, we load all the images at once. But on using it, we are 

loading the images in batches which saves a lot of memory. 

Various techniques used in Image Data generator are as 

follows: 

Random Flips – In Image Data Generator class were 

randomly rotated through any degree between 0 and 360. 

Random Rotation - It may happen that the object may not 

always be in the centre of the image. To overcome this 

problem, we can shift the pixels of the image either 

horizontally or vertically; this was done by adding a certain 

constant value to all the pixels. 

Random Shift - Flipping images is also a great augmentation 

technique and it makes sense to use it with a lot of different 

objects. Image Data Generator class has parameters horizontal 

flip and vertical flip for flipping along the vertical or the 

horizontal axis. 

Random Brightness - It randomly changes the brightness of 

the image. It is also a very useful augmentation technique 

because most of the time our images were not be under perfect 

lighting condition. So, it becomes imperative to train our 

model on images under different lighting conditions. 

Random Zoom - The zoom augmentation either randomly 

zooms in on the image or zooms out of the image. 

The Generator's final output is a synthetic image, 

ostensibly indistinguishable from real SEM images, ready for 

validation and training in the CNN. The synthetic images 

generated by the GAN are undergo a validation process where 

both their individual quality and collective diversity are 

assessed. 

Internal GAN Validation: Within the GAN framework, the 

Discriminator's ability to distinguish real from synthetic 

images serves as the first level of validation. As the training 

progresses and the Generator improves, the Discriminator's 

classification accuracy becomes a metric of the synthetic 



Research article                                                                                                                                                                                Engineered Science 

 

6 | Eng. Sci., 2023, 26, 1064                                                                                                                                                   © Engineered Science Publisher LLC 2023 

images' quality. 

External Validation: Beyond the GAN's internal metrics, 

additional external validation techniques are applied. These 

might include structural similarity indices, L2 norms for 

intensity consistency, and gradient checks to ensure the 

synthetic images are not just plausible but also maintain the 

textural and morphological characteristics essential to SEM 

imagery. 

Temporal Consistency Checks: Temporal loss functions 

are utilized to compare the optical flow of consecutive frames, 

ensuring that the synthetic images possess temporal coherence 

when representing dynamic processes, a critical aspect when 

real SEM imagery might include time-lapse or sequential 

imaging. Few images are distorted, hence are removed from 

the dataset as it may affect the training of the deep neural 

network. Table 3 shows the dataset details.[6] 

 

3. Results and discussion 

3.1 Electrochemical measurements 

The electrochemical measurement are studied to understand 

the effect of physiological medium on 316L stainless steel 

alloy and AZ31B Magnesium alloy. 

 

3.1.1 Potentiodynamic polarization (PDP) technique 

Figures 4 (a) and (b) shows the potentiodynamic polarization 

plot for the corrosion of 316L stainless steel and Magnesium 

AZ31B alloy in simulated physiological medium at a different 

temperature. 

Different potentiodynamic polarization parameters like, 

corrosion potential (Ecorr.), corrosion current density (icorr.), 

cathodic Tafel slope (−βc) and anodic Tafel slope (βa) were 

obtained from the potentiodynamic polarization plots[7]. 

Results of the potentiodynamic polarization measurements[8] 

for the corrosion of 316L stainless steel alloy and Magnesium 

AZ 31B alloy in simulated physiological medium are given in 

Table 4. 

Table 3. Details of dataset used for the classification. 

S. No SEM images 

containing 

Corrosion on 

Metallic surface  

No. of 

original 

Images 

No. of valid synthetic 

Images Generated 

1 316L Stainless 

Steel alloy 

12 77 

2 Magnesium 

AZ31B alloy 

13 108 

 

Table 4. Potentiodynamic polarization measurements for the corrosion of 316L stainless steel alloy and AZ31B Magnesium alloy in 

simulated physiological medium. 

Name of alloy Temp. 

(K) 

icorr. 

(×10-5A cm-2) 

C.R. 

(mm y-1) 

βa 

(V dec-1) 

-βc 

(V dec-1) 

Ecorr. 

(mV vs SCE) 

316L Stainless 

steel alloy 

303 7.203 28.14 1356.5 1098.8 -413.0 

313 7.834 30.61 1601.3 916.6 -371.0 

323 9.647 37.69 1190.7 837.5 -375.0 

AZ31B Mg alloy 303 5.420 6.581 427.7 542.6 -1542 

313 7.466 9.065 451.4 541.6 -1549 

323 9.611 11.67 419.4 531.4 -1533 

 
Fig. 4 Potentiodynamic polarization plot for the corrosion of (a) 316L stainless steel alloy (b) Maganesium AZ31B alloy at a different 

temperaturses. 

(a) (b)
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From the results obtained from the Potentiodynmic 

polarization method, it is observed that equilibrium corrosion 

potential values obtained for both metals are nearer to their 

equilibrium corrosion potential when exposed to aqueous 

solution (500 mV for Stainless steel and 1500 mV for 

Magnesium). This shows that both metals undergo corrosion 

when exposed to a simulated physiological medium. 

The effect of simulated physiological medium to both 

metals are also studied by change of temperature as in body 

there will be change of temperature takes place due to different 

physiological actions. It is observed that there will be increase 

in corrosion current density (A cm-2) and corrosion rate with 

increase in temperature. This indicates that 316L stainless steel 

or Magnesium AZ31B alloy dissolution increases with the 

temperature.  

The parallel anodic and cathodic polarization curves 

suggest that the both metal dissolution and hydrogen evolution 

are activation controlled, and the mechanism of both anodic 

and cathodic reactions are not affected by the change of 

temperature.[7] There is no much change in the values of anodic 

tafel and cathodic tafel slope. This indicates that the change of 

temperature is not affecting the mechanism and may change 

the kinetics of both anodic and cathodic reactions.  

According to a study,[8] if the displacement in corrosion 

potential is less than ± 85 mV then both the reactions are 

equally affected by the change of temperature. In the present 

study, there is no observable shift in corrosion potential (Ecorr.) 

on change of temperature suggesting that the both the 

reactions are equally affected by the increase of temperature. 

There is slightly positive shift in corrosion potential may be 

due to the anodic reaction is more affected than the cathodic 

reaction by the increase of temperature. 

 

3.1.2 Electrochemical impedance spectroscopy (EIS) 

studies 

In order to gain more information about the corrosion, 

electrochemical impedance spectroscopy measurements[12] 

were carried out for the 316L Stainless steel or AZ31B 

Magnesium alloy in simulated physiological medium at 

different temperatures. Figs. 5(a) and (b) represent Nyquist 

plot of 316L stainless steel or AZ31B Magnesium alloy in 

simulated physiological medium at different temperatures. 

As can be seen from Figs. 5(a) and (b) the impedance 

diagrams show semicircles, indicating that the corrosion 

process is mainly charge transfer controlled. The diameter of 

the semicircle gives the charge transfer resistance.[9] The 

charge transfer resistance, double layer capacitance obtained 

for 316L stainless steel and AZ31B magnesium alloys are 

nearer to the values when these metals are exposed to aqueous 

solutions. These confirms the corrosion of these metals in 

simulated physiological medium. 

As the temperature increases there will be decrease in the 

diameter. This indicates that charge transfer at the metal 

solution interface increases with increase of temperature.  

In AZ31B Magnesium alloy at a frequency nearer to 

100000 Hz, a capacitive loop develops due to the movement 

of ions involved during magnesium oxidation, H+ reduction, 

and inert magnesium oxide film development.[10] The MgO 

film allows the movement of ions and possesses dielectric 

properties. Hence film can be assumed to be a circuit having a 

resistor and capacitor. The capacitive curve recorded at a 

frequency nearer to 100 kHz is significant in intermediate 

steps. The net result of intermediate steps is the conversion of 

Magnesium to Mg2+ at the two margins. First oxidation at 

magnesium AZ31B alloy is in contact with MgO. The second 

oxidation to Mg2+ at MgO is in contact with physiological 

medium and the formation of OH.- or O2- from H2O.  Among 

these intermediate steps, all the steps may overlap, or one step  

 
Fig. 5 Nyquist plot for (a) 316L stainless steel (b) AZ31B Magnesium alloy in simulated physiological medium in different 

temperatures. 

(a) (b)
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Fig. 6 (a) Stimulated circuit fitted to the obtained EIS data b) Circuit used to fit the experimental EIS data for 316L stainless 

steel in simulated physiological medium at 313 K. 

 

may take place majorly to give the half-circle shaped 

capacitive curve.[11-13] The diameter of this loop is considered 

as charge transfer resistance (Rct).                                

The frequency closer to 0.01 Hz the inductive curve was 

found as a result of the relaxation of charged ions gained by 

adsorption and movement on and into the MgO film. 

Analysis of Nyquist plot can be done by fitting the 

impedance data to suitable equivalent circuit by software 

ZSimpWin (3.21). The impedance fit and the equivalent 

circuit are given in Figs. 6 and 7. The impedance parameters 

obtained by fitting the data into equivalent circuit are given in 

Table 5. 

In Fig. 6(b) RS is charge transfer resistance, Cdl is double 

layer capacitance at the interface between the metal and 

solution. Rct is Charge transfer resistance. In circuit 7(b) Rs 

resistance of solution present between the electrodes, RL. 

inductive resistance, L inductance, Q constant phase element, 

C1, R1 capacitance, and resistance at Magnesium and MgO 

boundary, C2, R2 capacitance and resistance at MgO and 

physiological medium boundary.  

From the impedance parameters it is observed that as the 

temperature increases there will be decrease in the polarization 

resistance and increase in the double layer capacitance.  This 

may be due to with increase of temperature; there will be 

increase in the metal dissolution and increase in the 

conductivity of medium. This decreases the thickness of the 

double layer.[13-15] 

 

4. Deep neural networking studies 

4.1 Architecture development 

Many researchers[16-18] explored the texture based 

classification on the metallic surface. The proposed work 

explored many pre-trained models like VGG-16,[19] VGG-

19,[20] YoLo,[21] etc. It was concluded that it is a difficult task to 

implement models based on transfer learning for the binary 

classification of given images as they are trained on daily life 

objects, and our data is based on images that taken from a 

scanning electron microscope. Also, our dataset is made up of 

grey scale images thus the pre-trained models with adjustable 

weights are incompatible, as they require colour and gradient 

change for proper texture detection of surface and accuracy 

obtained was below 30 %. Various open-source CNN[22] 

models were implemented, but they failed to classify images 

into proper classes and the accuracy that was obtained is below 

45%. Thus, a custom-designed 8-layered CNN model is used 

with various custom filter inspired by the architecture of the 

visual geometry group, and achieved an accuracy of 92.4 % 

with just 400 Epochs of training. 

Table 5. Impendence parameters for corrosion of 316L stainless 

steel and AZ31B magnesium alloy in simulated physiological 

medium. 

Name of Alloy 
Temperature 

(K) 

Cdl (×10-4 F 

cm-2) 

RP (ohm 

cm2) 

316L Stainless 

Steel 

303 1.931 318.9 

313 4.5637 246.839 

323 5.3313 196.019 

AZ 

31BMagnesium 

alloy 

303 6.11 1056.81 

313 11.23 938.52 

323 15.48 794.80 

 

4.2 CNN custom model 

This model classify images in 316L Stainless Steel and 

Magnesium AZ31B category and label them. The CNN 

model[23] is trained on original and generated dataset using 

GANs and Image generator Algorithm. The input shape of 

channel training data is (450, 450, 3). The CNN architecture 

consists of 5 convolutional layers, 4 dense layer, ReLU 

activation function in convolutional and hidden layers, 5 

Batch-Normalization and 4 Max-pooling layers between every 

convolutional layer, Dropout function is attached after every  
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Fig. 7 (a) Stimulated circuit fitted to the obtained EIS data b) Circuit used to fit the experimental EIS data for Magnesium AZ31B 

alloy in simulated physiological medium at 313 K. 

 

batch of convolution layers, learning rate of 0.0007 and Adam 

optimiser over binary cross entropy loss function. This custom 

CNN model focuses on detection of certain pattern for 

classification of images like it looks for cloudy like pattern and 

texture in Magnesium AZ31B images and for 316L Stainless 

Steel in focuses on detection of stride like pattern on surface. 

The output of the models were concatenated and fed into a 4 

layer neural network with 1 hidden layer. Sigmoid activation 

was used in the output layer with 4096 neurons. The 

architecture is as shown in Fig. 8. 

 

4.3 Custom Filters for CNN Visualization  

Due to limited availability of dataset, various methods were 

used to avoid overfitting and to increase accuracy by provide 

proper feedback to the neural network and adjusting its weight. 

One of major problem that faced was a sudden drop in 

accuracy after 200 Epocs of training and even changing 

various hyperparameters this problem persisted, so in order to 

avoid this problem we designed various custom filters that 

helps to visualize each and every layer of CNN model and 

gives output after every end of convolutional layer. 

Figure 9 shows the visualization at 3,5,7,8,1 and 4th layer 

of CNN model using blue, RGB, aqua, moonlight, bronze, red 

lava and bone filter. These visualizations guide researchers in 

tweaking internal settings, ensuring the CNN focuses on 

relevant corrosion indicators. 

Each filter serves a distinct purpose: 

Blue_RGB Filter: Enhances contrast for better identification 

of subtle patterns, useful for detecting early signs of corrosion. 

Aqua Filter: Shifts the color spectrum to reveal finer textural 

details, crucial for recognizing advanced corrosion with 

pronounced textures. 

Moonlight Filter: Simulates a cooler color temperature, 

accentuating topographical variations caused by corrosion. 

Bronze Filter: Detects warmth, potentially correlating with 

rust and warmer corrosion products. 

Red Lava Filter: Emphasizes color intensity in areas with 

severe corrosion and significant oxidation. 

Bone Filter: Renders images in high-contrast black and white, 

effectively isolating corroded and non-corroded areas. 

 
Fig. 8 Custom CNN model architecture. 
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Fig. 9 Visualization of CNN layers with various filter (a) Blue_RBG (b) aqua (c) moonlight (d) bronze (e) red lava (f) bone filter. 

 

4.4 Synthetic image generation using GAN  

As the original SEM images are limited in number, GAN 

networks and Custom image Generator are used to increase 

the number of images by synthetically generation method. Fig. 

10 shows the samples of original and synthetic images.  

 

4.5 Training and Testing of CNN Model  

Figures 11 and 12 depicts the validation accuracy and losses 

of the 8-Layer Custom CNN model used for binary 

classification of metallic surface into 316L Stainless Steel and 

Magnesium AZ31B. This CNN architecture uses 5 

convolutional layers, 4 dense layer, multiple ReLU activation 

function in convolutional and hidden layers, 5 Batch-

Normalization and 4 Max-pooling layers between every 

convolutional layer.  

The CNN model has Total params: 3,453,121 and

 
Fig. 10 Results of synthetic image generation using GAN. 

(a) Original image of Stainless steel (b) Synthetic image of Stainless steel

(c) Original image of Magnesium (d) Synthetic image of Magnesium



Engineered Science                                                                                                                                                                                Research article        

 

© Engineered Science Publisher LLC 2023                                                                                                                                                     Eng. Sci., 2023, 26, 1064 | 11 

 

Fig. 11 Accuracy Plot of CNN model. 

 

 
Fig. 12 Validation loss Plot of M3 CNN model. 

 

Trainable params: 3,453,121. Thus Model summary of 

master CNN model has 603983872 weights in dense layers 

and 1204892 weights in convolutional layers as listed in Table 

6. The input shape of training data’s channel is (450,450 3) and 

output of the models were concatenated and fed into a 4 layers 

neural network with one hidden layer. Sigmoid activation was 

used in the output layer with 4096 neurons. 

Validation accuracy[24] drops from 92% to 73% after 150 

Epochs due improper positioning of Convolution layers, dense 

layers and visualisation of images, this problem was solved by 

using custom visualisation filters and libraries to adjusts the 

weights of respective layers.  

After generating image of all layer’s visualization, we were 

able to eliminate the problem and these visualizations also 

helped in identifying the misclassified data and according to 

those images weights of the models were adjusted and 

accuracy was improved by 4.7%. After implementing multiple 

techniques of classical machine learning models, it was 

decided that Deep learning will be used to solve this problem, 

where we have achieved an accuracy of 92.4%. We have  

Table 6. CNN model summary. 

Layer (type) Output Shape Param # 

conv2d_8 (Conv2D) (None, 148, 148, 32) 896 

max_pooling2d_8 (MaxPooling2 (None, 74, 74, 32) 0 

conv2d 9 (Conv2D) (None, 72, 72, 64) 18496 

max_pooling2d_9 (MaxPooling2 (None, 36, 36, 64) 0 

conv2d_10 (Conv2D) (None, 34, 34, 128) 73856 

max_pooling2d_10 (MaxPooling (None, 17, 17, 128) 0 

conv2d_11 (Conv2D) (None, 15, 15, 128) 147584 

max_pooling2d_11 (MaxPooling (None, 7, 7, 128) 0 

flatten 2 (Flatten) (None, 6272) 0 

dense 4 (Dense) (None, 512) 3211776 

dropout 2 (Dropout) (None, 512) 0 

dense 5 (Dense) (None, 1) 513 
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explored many optimizers as well as loss functions[25] and 

finally stuck to Adam and Binary Cross Entropy.[26] 

 

4.4 Discussion on GAN and CNN architecture in 

classifying the metallic surface 

The Generative Adversarial Network (GAN) framework 

significantly augments our limited SEM image dataset by 

refining the Generator's ability to create images 

indistinguishable from authentic SEM captures. Integrated 

into the CNN training pipeline, GAN-generated images 

enhance the model's understanding of real-world data 

variability, ensuring accuracy, robustness, and adaptability in 

material science applications. 

The CNN model, tailored for metal surface classification, 

leverages hierarchical layers to detect specific corrosion 

patterns. For 316L stainless steel, it identifies 'stride patterns,' 

linear marks indicating corrosion, while for magnesium 

AZ31B, it recognizes 'blob and cloudy patterns' associated 

with pitting corrosion. Custom filters applied to CNN layers 

produce visualizations guiding adjustments, resulting in a 4.7% 

increase in accuracy (Figs. 13 and 14). 

 
Fig. 13 Final CNN model accuracy. 

 

Despite these advancements, applying deep learning 

models to corrosion detection using SEM images poses 

challenges, including the need for large, diverse datasets. The 

dynamic nature of corrosion requires consideration, and 

interpreting model decisions remains crucial. Our study 

addresses these challenges through rigorous strategies, such as 

data augmentation, regularization, hyperparameter 

optimization, and visualization-guided adjustments, 

showcasing deep learning efficacy in material science 

applications. 

Holistic corrosion prediction integrates deep learning with 

advanced imaging, ensuring accuracy. Model adaptability is 

enhanced through domain adaptation and transfer learning. 

Dynamic parameter adjustment maintains long-term accuracy. 

Advanced feature engineering with deep networks enables 

detailed corrosion pattern identification. Hybrid modeling 

through data fusion improves predictive capabilities. 

Explainable AI fosters trust by providing insights. Real-time 

analysis via edge computing advances preventive maintenance. 

Deep learning accelerates material discovery for corrosion-

resistant materials. Model robustness is heightened through 

advanced techniques, and automated data labelling 

streamlines manual efforts. 

 
Fig. 14 Confusion matrix for CNN model. 

 

5. Conclusion  

Limited work has been done on applying deep learning 

techniques to microscopic images of corroded samples to 

predict the severity of metal corrosion. Unlike classical 

approaches limited to examining the surface under a 

microscope, deep learning models can extend the examination 

to the entire metal surface for identifying corrosion severity. 

Analyzing microscopic images provides insights into the 

microstructural features of the corroded metal surface, aiding 

in early-stage corrosion identification on surfaces not easily 

discernible with regular images. 

The study investigates the application of GAN networks to 

generate synthetic SEM images, validated through 

electrochemical experiments. Surface morphological changes 

were observed using SEM. Utilizing transfer learning in deep 

neural networks for SEM images achieved a noteworthy 

recognition accuracy of 92.4%. The optimization of 

hyperparameters and weights in a Convolutional Neural 

Network (CNN) is a meticulous process, and visualizations 

from custom filters play a crucial role. These visual insights 
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create a feedback loop guiding strategic adjustments to the 

network's internal settings, resulting in a 4.7% improvement 

in accuracy by addressing misclassification issues. 

Presently, the majority of artificial neural network (ANN) 

models applied for signal-to-noise improvements focus on 

reducing statistical noise in images. Advances in electron 

microscopy have enabled the correction of scan distortions 

and specimen drift. However, there is potential for additional 

deep learning models designed to address noise in images 

from optical microscopy and photoacoustic aberrations.  
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