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Abstract: Artificial intelligence has been widely applied in image recognition and segmentation,
achieving significant results. However, its application in the field of materials science is relatively
limited. Metallography is an important technique for characterizing the macroscopic and microscopic
structures of metals and alloys. It plays a crucial role in correlating material properties. Therefore, this
study investigates the utilization of deep learning techniques for the recognition of metallo-graphic
images. This study selected microscopic images of three typical cast irons, including ductile, gray,
and white ones, and another alloy, cast aluminum alloy, from the ASM database for recognition
investigation. These images were cut and enhanced for training. In addition to coarse classification of
material type, fine classification of material type, composition, and the conditions of image acquisition
such as microscope, magnification, and etchant was performed. The MobileNetV2 network was
adopted as the model for training and prediction, and ImageNet was used as the dataset for pre-
training to improve the accuracy. The metallographic images could be classified into 15 categories
by the trained neural networks. The accuracy of validation and prediction for fine classification
reached 94.44% and 93.87%, respectively. This indicates that neural networks have the potential to
identify types of materials with details of microscope, magnification, etchants, etc., supplemental to
compositions for metallographic images.

Keywords: artificial intelligence; deep learning; metallurgical graph; microstructure; recognition

1. Introduction

For metal materials, their physical and mechanical properties are directly determined
by their microstructure. Therefore, it is necessary to perform metallographic analysis by
examining their microstructure using different microscopes and devices [1]. Optical mi-
croscopy, electron microscopy, X-ray microscopy, etc., are typical methods for macroscopic
analysis. Microscopic images require professional knowledge for identification, which
is challenging and subject to the knowledge and practice of professionals. To reduce hu-
man recognition errors and improve efficiency, metallographic analysis, mainly driven by
computer technology, is a growing trend.

With the rapid development of computer technology, new technologies such as ma-
chine learning have emerged. Machine learning is a subset of artificial intelligence that
optimizes models by learning the inherent distribution patterns of data and can make vari-
ous predictions. Deep learning is a form of multi-layer model that can better extract deep
features from data, making it widely used in fields such as natural language processing [2],
medical applications [3], image segmentation [4], and face recognition [5].

In the 1990s, the combination of neural networks and support vector machines greatly
promoted the development of image recognition. Subsequently, more and more models
were used for image processing. The convolutional neural network (CNN) model, which
can extract features layer by layer and is very suitable for problems such as image recogni-
tion, consists of convolutional layers, pooling layers, and fully connected layers with input
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and output layers. VGGNet [6], proposed by the Oxford Visual Geometry Group, is a CNN
neural network with 16 to 19 layers based on modifications to AlexNet. The DBN model [7]
proposed by Geoffrey consists of a multi-layer constrained Boltzmann machine and a cer-
tain type of classifier. The GAN model [8] is composed of a generator and a discriminator
which learn together through adversarial means in order to continuously improve the
generator’s predictive ability. Neural network models have been widely applied in various
fields. In 2017, Zhong et al. [9] used an improved DBN model to classify remote sensing im-
ages and achieved high accuracy. Zhang et al. [10] proposed a weighted DenseNet network
with multiple features and achieved significant results in object and image recognition by
adaptively recalibrating feature responses and establishing dependencies between different
convolutional layers. Wang Junmin et al. [11] accurately predicted different texture maps
with small training samples by adopting CNN and transfer learning methods.

Deep learning techniques can be used for the recognition of microscopic images for
metal materials. Chowdhury et al. [12] separated microscopic images with or without
dendritic microstructures using models such as support vector machines, with an accuracy
over 90%. The dataset used in their study consisted of micrographs with and without
dendritic morphology, including 528 images, each with a size of 227 × 227 pixels. This
demonstrates that deep learning is effective in recognizing microscopic images containing
microstructural details. Zhang et al. [13] utilized a CNN neural network to detect and
categorize four types of heat-resistant steel structures in images. The database they used
consisted of 2717 heat-resistant steel images, using the following four categories: austenite,
bainite, tempered martensite, ferrite, and pearlite. The data were preprocessed by numerical
normalization and size standardization, a convolutional neural network was trained, and
positive prediction results were achieved. Kesireddy et al. [14] achieved positive results by
training a radial basis neural network to recognize different steel phases, such as pearlite,
ferrite, martensite, and cementite. The dataset they used categorized steel alloys into
three groups: ASTM 1038 steel for pearlite, carbon steel for ferrite, and damascus steel for
martensite and cementite.

Indeed, metallography is used for a wide range of materials. In the process of metal-
lographic analysis, it is essential to establish a comprehensive database containing all of
these materials. However, many studies suffer from a limited variety of training samples.
Additionally, different microscopic images of the same material can exhibit significant
variations in their characteristics. Therefore, further classifying microscopic images into
basic material types and the conditions of the acquirement of the metallography comes
to be an important task. For the observation of metallographic images, various types of
microscopes can be used, including optical microscopes, SEMs (scanning electron micro-
scopes), TEMs (transmission electron microscopes), etc. These microscopes offer a wide
range of magnification options, from 1 to 107. Unlike optical microscopes, SEMs and
TEMS use electron beam to observe images separately. The imaging mechanisms of these
two are different, resulting in significant differences in microstructure in the obtained
microscopic images. The depth of field differs greatly between optical microscopy and
scanning electron microscopy [15]. The preparation of metallographic specimens requires
steps such as polishing, sectioning, and corrosion, and different etchants [16] can also affect
the profiles and contrast of microscopic images. Microscopic images exhibit substantial
variations in features at different magnifications. At high magnification, the field of view
may become smaller, limiting the comprehensive information on microstructure. However,
the increased resolution allows for more details to be exposed, such as fine phases [17]. In
addition, different compositions may also alter the microstructure of materials, resulting in
significant differences in microscopic images. The same material may still have different
phases under different chemical compositions. Liao et al. [18] investigated the effect of Cu
content on the microstructure and properties of 7XXX series alloys and found that as the
copper content increased, the number of large second-phase particles increased. Therefore,
various compositions, data sources, microscope magnification, and the use of etchants play
important roles in image recognition.
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In this paper, images from different microscopes and magnifications, materials, and
corrosion etchants were meticulously classified based on their features. It aims to achieve
the fine recognition of materials, thereby enabling the prediction not only of material types
but also of factors related to metallographic images.

2. Modified MobileNetV2 Model
2.1. Network Structure

The network designed in this paper is illustrated in Figure 1. The model is mainly
based on MobileNetV2 [19], with pooling dropout and dense layers affiliated to it before
output. This MobileNetV2 networks are first pre-trained using ImgeNet [20], a public
image database aimed at enhancing the training of image recognition software, with over
14 million assorted images such as animals, plants, and objects which are not related to
microstructure. The model in this study, including MobileNetV2, ImageNet, Softmax, ReLU,
etc, is not an independent software, it is included in the TensorFlow library, and the version
number and the information of the library is listed in Table 1. This pre-training is widely
used in many professional applications and has proved to be useful, although the images
in the database are not professional [21]. The whole model is trained with metallographic
images as inputs, with the network parameters of MobileNetV2 kept unchanged; i.e., only
the parameters of the dense layer are trained.
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(b) block and dense structure. (b1–b6) represent Block A, Block B, Block C, Block D, Block E, and
Dense module in a, respectively. The different colors have no special meaning, only for differentiation
and eye-catching purposes.



Metals 2024, 14, 732 4 of 17

Table 1. Experimental environment and parameter configuration.

Items Contents

CPU Intel®Core™i7-10700 CPU
Operation system Windows 11

Libraries TensorFlow 2.4
Python version Python 3.7

The MobileNetV2 model, proposed by M. Sandler et al. [19], is a convolutional neural
network designed specifically for image inputs and outputs. It can be cited directly from
the TensorFlow library. The MobileNetV2 model comprises 18 modules, as shown in
Figure 1a,b. Each module essentially consists of two initial convolutional layers and a
depthwise separable convolutional layer in the middle. The MobileNetV2 model is followed
by an average pooling module, a dropout regularization operation, and a flattened layer.
Finally, an output layer is connected. The flattened layer uses the Softmax activation
function, and L2 regularization is also applied.

2.2. Network Operation

MobileNetV2 utilizes convolution operations to extract input features. The core of
convolution operation is to use the convolution kernel and the matrix corresponding to the
position of an image for point product operation. Generally speaking, the convolutional
kernel moves along the length and width dimensions while maintaining consistency with
the size of the feature map in the depth dimension. Depthwise separable convolution
involves extracting the features of each channel in the depth dimension using a convolu-
tion kernel according to a specific pattern and then integrating the results using a 1 × 1
convolution kernel.

In deep learning, overfitting can occur when there are too many training parameters
but insufficient training samples. This leads to high training accuracy but low prediction
accuracy. To address this issue, regularization operations are introduced [22]. The goal of
regularization is to enhance model complexity by adding information in order to prevent
overfitting. In this paper, dropout [23], L2 regularization [24], and BN (batch normal-
ization) [25] are employed as regularization techniques. Dropout [23] is a regularization
operation that randomly drops a certain proportion of connections between neurons in
each training iteration. Each convolutional layer of the MobileNetV2 network is connected
with a BN operation, a dropout layer is connected behind the MobileNetV2 network, and
L2 operation is added to the Dense layer. The specific operation involves inserting the
following equation between two consecutive computations.

ỹ = yi × ri (1)

where, yi represents the i-th neuron in the next layer, and ri is a randomly generated
binary value (0 or 1). By using this equation, each neuron in the specific layer that needs
regularization is processed one by one. When r is 0, this indicates that the neuron is
dropped, and when r is 1, it indicates that the neuron is kept.

L2 regularization [24] is achieved by introducing a regularization term with a factor
α in the objective function to reduce the impact of less significant features. The equation
below represents L2 regularization.

J(θ) =
1
m

m

∑
i=1

(θT ·x(i) − y(i))
2
+ α

n

∑
i=1

θ2
i (2)

where m is the number of samples, and θT ·x(i) and y(i) represent the network’s computation
result and the true value, respectively. α is the regularization factor, which can be set
manually. θi represents the linear weights used for the summation of the inputs applied
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during the addition process. The goal of training is to minimize the loss function J(θ) as
much as possible.

BN (batch normalization) [25] regularization involves normalizing the samples within
the same batch across three dimensions: the dimensions of the sample itself and the batch
dimension, which means that the data of each dimension of a three-dimensional object is
composed of feature maps with length and width dimensions within the same batch. It per-
forms the following computation on all values within the same dimension. Each dimension
is operated independently, and the operation form is shown in the following equation:

xi =
xi − µβ√

σ2
β + ε

(3)

where xi represents each value, µβ and σ2
β represent the mean and variance of all values in

that dimension, and ε is a small constant.
Dense layers typically consist of fully connected layers and activation functions, and

they may also include regularization operations. In a fully connected layer, each neuron is
connected to all the neurons in the previous layer, transforming high-dimensional data into
low-dimensional data. In the convolutional or fully connected stage, activation functions
are used to selectively activate neurons, enabling the modeling of non-linear relationships.
The main choices for activation functions in this paper are Softmax and ReLU. In this study,
the activation function used for each convolutional layer is ReLU, while the activation
function used for the dense layer is Softmax.

Softmax is a normalization function represented by the following equation:

So f tmax(x) =
1

1 + e−x (4)

where x represents the input to function Softmax.
ReLU (rectified linear unit) is an activation function commonly used in neural net-

works to introduce non-linearity. Which is represented by the following equation:

ReLU(x) =
{

0(x ≤ 0)
x(x > 0)

(5)

where x represents the input to function ReLU.
A set of metallographic microscopic images with uniformly processed pixel sizes is

chosen as the input. The output of the network is a probability distribution representing
the different types of materials.

With the probability distribution, the operator can not only obtain the results but also
gain an understanding of the confidence level associated with that prediction. This informa-
tion can be valuable for decision-making or further analysis based on the predicted results.

2.3. Parameter Settings

The TensorFlow library, a Python programming tool, is used for implementation. The
TensorFlow library is developed by Google, which is in Mountain View, CA, USA. The
device information and parameter settings are shown in Tables 1 and 2, respectively.

Table 2. Parameters used in the modified MobileNetV2 model.

Parameters Epoch Batch
Size

Validation
Frequency

Learning Rate of
L2 Regularization

Probability of Dropout
Regularization

Value 25 64 1 0.001 0.5
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The network is trained using the Adam optimizer and the SparseCategoricalCrossen-
tropy loss function for parameter settings. The SparseCategoricalCrossentropy function is
used to calculate the cross-entropy for multi-class classification problems as follows:

Q = − 1
m

m

∑
i=1

(yi log( f (xi)) + (1 − yi) log(1 − f (xi))) (6)

where m represents the total number of samples, f (xi) denotes the probability distribution
calculated by the neural network’s computations, and yi represents the true probability
distribution.

The evaluation metric is sparse_categorical_accuracy. During validation, the model
provides probability distributions for each input, and the output is determined by selecting
the class with the highest probability. The accuracy is computed by comparing the predicted
outputs with the true results.

The hardware of the computer is listed in Table 1. The parameters of neural network
training and validation are listed in Table 2. The training and validation are alternatively
performed, and the frequency of validation is the number of training epochs between two
consecutive validations.

3. Training Set Preparation, Training, and Validation
3.1. Data Classification and Preprocessing

Three typical cast irons, namely ductile, gray, and white, were selected for study
considering their wide application and their different exhibition of carbon into different
profiles of graphite or carbide. To expand the generalization of the deep learning model for
totally different kinds of alloys, aluminum alloys were selected for the expansion of the
training and prediction sets.

Most of the micrographs are sourced from the ASM database [26], while other data
were obtained from research results found on websites. These original images vary from
239 × 360 to 524 × 360. To ensure consistency, they were cropped into multiple images of
128 × 128 pixels, as shown in Figure 2a. The final dataset consists of 87 images of ductile
cast iron, 226 images of gray cast iron, 146 images of white cast iron, and 66 images of cast
aluminum, 525 images in total. The typical images of these four categories after cropping
are shown in Figure 2b. The dataset was divided into three parts: 360 images in the training
set, 90 images in the validation set, and 75 images in the test set.

This dataset is referred to as dataset 1, corresponding to training scheme 1, and is used
for training and validation of neural networks.

3.2. Data Augmentation

In order to improve the training accuracy, image augmentation techniques such as
rotations, Gaussian noise addition, and mirroring were primarily employed to expand
the training dataset. Gaussian noise [27], a random signal that conforms to a Gaussian
distribution, was applied with a percentage of 0.1. The black dots added by the Gaussian
noise are always far smaller than the graphite nodules so as to avoid big changes in the
image. Rotations of 90 degrees, vertical flipping, and horizontal flipping were adopted into
the original images. An example of data augmentation is shown in Figure 3. Thus, the
training set was expanded five times to a total of 2625 images. This dataset is referred to as
dataset 2 corresponding to training scheme 2. The data ratio of the training, validation, and
test sets is the same as that of dataset 1.
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3.3. Fine Classification

In the introduction section, we discussed the impact of various factors on the mi-
crostructure of different materials. Therefore, in order to accurately classify the training
dataset, it is necessary to carefully identify the compositions, microscopes, magnification,
and use of etchants through microscopic images of different materials. The microstructure
of a material can be classified into different categories based on these conditions. Mean-
while, the ASM database [26] contains the above information. Thus, based on composition,
microscope type, magnification, and etchants, the dataset was further classified into 3, 5, 4,
and 3 subcategories for ductile cast iron, gray cast iron, white cast iron, and cast aluminum,
respectively. The etchants include nital, picral, etc. The compositions include the contents
of carbon and other alloy elements. The cast aluminum was classified into 1xx, 2xx, etc.,
based on composition. The microscope types primarily consisted of optical and scanning
electron microscopes (SEMs). The microscope magnification roughly falls into two groups,
100× and 500×. The specific classification scheme is illustrated in Figure 4, referred to
as dataset 3 corresponding to training scheme 3. Table 3 lists the classifications and the
number of images for each dataset. The data ratio of the training set, validation set, and
test set are the same as those of dataset 1.
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Figure 4. Microscopic images of fine classification of materials. (a1–a3) Classification of cast aluminum:
(a1) 2xx (Al-Cu alloys), 100×, OM (optical microscope); (a2) 3xx (Al-Mn alloys), 100×, OM; (a3) 4xx (Al-Si
alloys), 100×, OM. (b1–b3) Classification of ductile cast iron: (b1) etched, nital, 100×, OM; (b2) unetched,
100×, OM; (b3) 500×, SEM. (c1–c5) Classification of gray cast iron: (c1) etched, nital, 500×, OM; (c2) etched,
nital, 100×, OM; (c3) etched, picral, 500×, OM; (c4) etched, picral, 100×, OM, (c5) unetched, 100×, OM.
(d1–d4) Classification of white cast iron: (d1) HCC (high carbon content: C% > 4%), 500×, OM; (d2) HCC,
100×, OM; (d3) LCC (low carbon content: C% < 4%), 500×, OM; (d4) LCC, 100×, OM.

Table 3. List of training datasets.

Training Dataset 1
Rough Classification

Training Dataset 2
Rough Classification with Data

Augmentation

Training Dataset 3
Fine Classification

Class Number of Images Class Number of Images Class Number of Images

Ductile cast iron 71 Ductile cast iron 360
Etched, nital, 100×, OM 228

Unetched, 100×, OM 83
500×, SEM 65

Gray cast iron 192 Gray cast iron 968
Etched, nital, 500×, OM 126
Etched, nital, 100×, OM 177
Etched, picral, 500×, OM 204

White cast iron 129 White cast iron 642

Etched, picral, 100×, OM 262
Unetched, 100×, OM 194

HCC, 500×, OM 266
HCC, 100×, OM 79
LCC, 500×, OM 80

LCC, 100×, OM 202
Cast aluminum 58 Cast aluminum 280 2xx, 100×, OM 74

3xx, 100×, OM 82
4xx, 100×, OM 128

Note: OM—optical microscope, SEM—scanning electron microscopes, HCC—high carbon content: C% > 4%,
LCC—low carbon content: C% < 4%, 2xx-Al-Cu alloy, 3xx-Al-Mn alloy, 4xx-Al-Si alloy.
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3.4. Training, Validation and Prediction

For the three training schemes, the training parameters remain consistent, as men-
tioned in Table 2. The trained neural network is utilized for prediction. The networks in
three training datasets are used to predict the data that were not included in the training
and validation sets. The training, validation, and prediction datasets are listed in Table 4.

Table 4. The number of images in datasets using different training schemes.

The Number of
Images in Datasets

Training Dataset 1
Rough Classification

Training Dataset 2
Rough Classification

with Data Augmentation

Training Dataset 3
Fine Classification

Training set 360 1800 1800
Validation set 90 450 450

Test set 75 375 375

4. Results
4.1. Training, Validation, and Prediction Results for Established Dataset

The training effects obtained using different training schemes are shown in Figure 5
and Table 5. As the number of epochs increases, the loss rapidly decreases and then de-
creases gradually. The training accuracy of training scheme 1, training scheme 2, and
training scheme 3, respectively, reaches 92.50%, 94.67%, and 95.11%. The validation ac-
curacy of the three training schemes reaches 91.11%, 94.44%, and 94.44%, respectively.
Among them, training scheme 3 has the highest accuracy. Scheme 2 shows a significant
improvement in accuracy compared to scheme 1, but the difference between scheme 2 and
scheme 3 is not significant. The loss of scheme 3 is close to that of scheme 1, but the accuracy
is higher than scheme 1. This is because the loss function is SparseCategoricalCrossentropy,
which calculates the probability distribution. Scheme 3 has more categories than scheme 1,
and there are differences in the probability distribution.
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Figure 5. Loss and accuracy curves of 3 training schemes. (a) Loss and accuracy curves of training
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Table 5. The training effects using different training schemes.

Training Validation Prediction

Accuracy Loss Accuracy Loss Accuracy

Scheme 1
(rough classification) 92.50% 0.2319 91.11% 0.2670 86.67%

Scheme 2
(rough classification with

data augmentation)
94.67% 0.1754 94.44% 0.1453 94.44%

Scheme 3
(fine classification) 95.11% 0.2094 94.44% 0.2504 93.87%

The prediction accuracy of all three schemes is higher than 85%, proving the excellent
prediction ability of the MobileNetV2 network for microscopic image classification prob-
lems. The prediction accuracy of training schemes 2 and 3 is similar, and both of them are
higher than the prediction accuracy of training scheme 1.

4.2. Results of Particular Classes

The prediction accuracies of microscopic images for each category corresponding to
training scheme 3 are listed in Table 6. The accuracy of all categories of images is higher
than 80%, and there are 4 categories with a prediction accuracy of 100%. Among them, the
prediction accuracy of unetched, 100×, OM ductile cast iron is the lowest, at 80%. From the
perspective of material types, ductile cast iron has the lowest prediction accuracy at 86.44%,
while white cast iron has the highest prediction accuracy at 98.06%.

Table 6. The prediction accuracy in different classifications.

Class of Rough
Classification Class of Fine Classification Number of

Images
Prediction
Accuracy

Ductile cast iron Etched, nital, 100×, OM, 37 86.49%
Unetched, 100×, OM 10 80%

500×, SEM 12 91.67%
Gray cast iron Etched, nital, 500×, OM 24 95.83%

Etched, nital, 100×, OM 38 89.47%
Etched, picral, 500×, OM 36 94.44%
Etched, picral, 100×, OM 38 94.74%

Unetched, 100×, OM 31 93.55%
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Table 6. Cont.

Class of Rough
Classification Class of Fine Classification Number of

Images
Prediction
Accuracy

White cast iron HCC, 500×, OM 11 90.91%
HCC, 100×, OM 10 100%
LCC, 500×, OM 44 100%
LCC, 100×, OM 38 97.37%

Cast aluminum 2xx, 100×, OM 6 83.33%
3xx, 100×, OM 18 100%
4xx, 100×, OM 22 100%

4.3. Application

Images selected from the literature [28,29] were cropped to 128 × 128, as shown in
Figure 6. They were predicted by the trained models. The prediction accuracies are listed
in Table 7. Except for the two images at the bottom of Figure 6a, 20 images participated in
the prediction, with a total prediction accuracy of 90%. The prediction of fine classification
of cast aluminum is incorrect, mistaking it as another type of aluminum alloy. This may
be due to categories of aluminum in the training set being insufficient. Further detailed
classification optimization of the prediction results may be needed. All other microscopic
images were accurately predicted, indicating that the model can be applied.

Metals 2024, 14, x FOR PEER REVIEW 12 of 19 
 

 

Table 7. The prediction accuracy under different conditions. 

Class Material Microscope Type Etchant Magnification Component 
Unetched, 100×, OM ductile cast iron 100% 100% 100% 100% 100% 

Etched, nital, 100×, OM ductile cast iron 100% 100% 100% 100% 100% 
Unetched, 100×, OM gray cast iron 100% 100% 66.67% 66.67% 100% 

3xx, 100×, OM cast aluminum 100% 100% - 100% 0% 

 
Figure 6. Examples of classification criteria. (a) The original image of unetched 100× OM ductile cast 
iron. (b) The original image of etched nital 100× OM ductile cast iron. (c) The original image of 

Figure 6. Examples of classification criteria. (a) The original image of unetched 100× OM ductile
cast iron. (b) The original image of etched nital 100× OM ductile cast iron. (c) The original image of
unetched 100× OM gray cast iron. (d) The original image of 3xx 100× OM cast aluminum. The red
color in the figure represents the cropping boundary.
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Table 7. The prediction accuracy under different conditions.

Class Material Microscope Type Etchant Magnification Component

Unetched, 100×, OM ductile cast iron 100% 100% 100% 100% 100%
Etched, nital, 100×, OM ductile cast iron 100% 100% 100% 100% 100%

Unetched, 100×, OM gray cast iron 100% 100% 66.67% 66.67% 100%
3xx, 100×, OM cast aluminum 100% 100% - 100% 0%

5. Discussion
5.1. Effect of MobileNetV2 and Pre-Training

In this study, MobileNetV2 is used as a pre-trained network. Pre-training is the
process of training a model through unsupervised learning on a large training set. This
study used the ImageNet dataset for pre-training. After training, we fixed the parameters
of MobileNetV2 and performed targeted supervised learning, that is, learning through
the microscopic image training set of this study. In situations where there are not many
known datasets, this training method can enable the model to converge quickly while
avoiding overfitting.

Table 8 and Figure 7 compare the training results of MobileNetV2 as a pre-trained
model and MobileNetV2 as part of the model for training scheme 3, and the latter shows
a significant overfitting phenomenon. This is because MobileNetV2 has 18 blocks, and
the number of data for each category in training scheme 3 is not enough. Meanwhile,
ImageNet includes various recognizable images, which can be used to transfer and learn
the features of microscopic images, thereby improving prediction accuracy. Therefore, it
is more appropriate to train MobileNetV2 using a known larger dataset and use it as a
pre-training model.

Table 8. The training effect with and without the MobileNetV2 network.

Training
Accuracy

Training
Loss

Validation
Accuracy

Validation
Loss

MobileNetV2 as a pre-trained model 95.11% 0.2094 94.44% 0.2504
MobileNetV2 as part of the model 97.78% 0.0913 14.44% 12.3712
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In order to find pre-trained models with better predictive performance, this study se-
lected VGG19 [6], MobileNetV2, and Xception [30] models for comparison. These network
models are all recorded in the Tensorflow library. Through comparison, the characteristics
of MobileNetV2 can be better discovered. The results are shown in Figure 8 and Table 9.
Compared to VGG19, MobileNetV2, and Xception have more complex structures. Both use
depthwisely separable convolution and BN regularization operations, while VGG19 only
uses general convolution operations. Thus, MobileNetV2 and Xception have better predic-
tion performance. In Xception, residual modules are extensively used instead of activation
functions. MobileNetV2 utilizes the ReLU activation function to preserve low dimensional
input information as much as possible, resulting in better prediction performance.
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Table 9. Comparison of the training effect with the MobileNetV2 network, the Xception network, and
the VGG19 network.

Training
Accuracy

Training
Loss

Validation
Accuracy

Validation
Loss

Prediction
Accuracy

Number of
Parameters

Training
Time (s)

MobileNetV2 94.76% 0.2373 94.44% 0.2590 93.87% 2,263,108 284.69
Xception 90.83% 0.5863 82.00% 0.7864 81.33% 20,892,215 905.07
VGG19 66.72% 1.2328 73.11% 1.1666 70.93% 20,032,079 1761.58

5.2. Visual Interpretation of the Model

Grad CAM, proposed by Selvaraju et al. [31], explains how neural networks perform
during image recognition. Its main calculation method is to obtain gradients in various
positions of a convolutional layer feature map of the trained model. In this study, the
convolutional layers are all from MobileNetV2, and their parameters remain unchanged
during the training process. Therefore, for each class in the test set of training scheme 3,
one image was selected, and the Grad CAM values were calculated under the pre-trained
MobileNetV2 network. The results are shown in Figure 9. The red color indicates a high
CAM value, and the red areas indicate areas that the neural network can clearly recognize.
It can be seen that when the features are large and continuous, the neural network can
easily recognize them, as with ductile iron. When features are dispersed, the main features
are easily mistaken for noise, as with gray cast iron.

For each category in Section 4.2, Figure 9 provides some reasonable explanations. For
various materials with different magnifications, the features are more prominent at high
magnifications, and the features are extracted at low magnifications, so this information
can be effectively recognized. For white cast iron, there is a significant difference in
the microscopic features extracted by neural networks for images with different carbon
contents, which are similar to fishbone and thick segments, respectively. Therefore, the
prediction accuracy of this material is high. For ductile cast iron, the features extracted
from images with different etchants are all circular in size, so the prediction accuracy is low.
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5.3. Satisfaction of the Actual Requirement

Through fine classification, training accuracy slightly increases and prediction accuracy
remains high. This preliminary evidence demonstrates that the network can effectively
predict more detailed information for different microstructure images. In future research,
the classification ability of the network can be enhanced by adding more categories that
include various material information in the training set. The classification can be based
on material or other information related to microstructural features in the process of
metallographic identification.

The prediction accuracy of MobileNetV2 on the training set of 53 kinds of fruits
and vegetables can reach 96.23%, indicating its high prediction performance in dozens of
categories [32]. Due to pre-training on the ImageNet dataset, MobileNetV2 can achieve
high prediction accuracy even when a small number of images in each category are used
during training. When the category of the training set exceeds that of the ImageNet dataset,
its accuracy may decrease significantly. To solve this problem, different methods can be
chosen, for example, using network structures with more parameters for pre-training,
increasing the number of training sets, using other training sets for transfer learning,
and modifying network models used outside of pre-training. Additionally, changing the
network structure can also improve the prediction performance for multiple categories.
Liu et al. summarized different network structures used for multi-label classification, such
as embedding methods, which compress label vectors, and tree-based methods, which
hierarchically divide categories [33].
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Metal materials commonly have various types of microstructures or phases, and dif-
ferent materials possess different microstructures under different heat treatment processes.
They are often categorized based on crystal phases and morphological features. The data
sources are also diverse, including observations from different devices such as optical
microscopes or scanning electron microscopes. Various parameters of the devices can differ
as well. Observation modes include bright-field images and dark-field images, which are
totally different in their foreground and background. Magnification ranges from several
times to tens of millions of times, such as of coarse cast grains bigger than 10 mm, subgrains
at the micron level, and precipitated metallic compounds around the nanometer level,
and the observed features include grains, grain boundaries, dendrites, and dislocation at
different magnifications.

During classification, multiple pieces of information can be utilized together to de-
scribe a category. A training set based on microscopic image information can be established.
By training on this dataset, more detailed information about the materials can be directly
obtained. Alternatively, metallographic images can be classified hierarchically, with each
level representing a specific piece of information. For example, the parent category can
represent the overall structure, and the subcategories can represent observation methods.
This approach provides clearer identification results, and the neural network structure can
be modified to output multiple levels of information step by step. In addition, different
classification criteria can be presented in parallel, for example, the predicted results based
on observation patterns and magnification levels can be output simultaneously. Figure 10
presents a chart of different classification criteria and specific examples. Some types of data
may have minimal differences in features, while others may suffer from insufficient images.
These factors contribute to the increased difficulty in training and predicting with deep
learning. Further exploration is needed to delve into these aspects in the future.
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6. Conclusions

A modified MobileNetV2 model was constructed with the following regularization
techniques and a flattening layer. Datasets of three main types of cast irons including
ductile, gray, and white cast irons and aluminum alloy were established with an image size
of 128 × 128 pixels. These four materials were further categorized into 15 subcategories
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based on their composition, data sources, microscope magnification, and use of etchants
for materials.

(1) The network exhibits high accuracy during both training and prediction and relatively
successfully predicts detailed information including composition, microscope, magni-
fication, and etchant. The accuracies of training, validation, and prediction for fine
classification with data augmentation respectively reach 95.11%, 94.44%, and 93.87%.
In each category of the fine classification, the prediction accuracy is higher than 80%.

(2) The training effect can be influenced by the classification level and the data augmenta-
tion method. The method of data augmentation can significantly increase training
accuracy. Under the conditions of the pre-trained MobileNetV2 network and a dataset
with a relatively small quantity and category used in this study, the accuracy of
prediction is acceptable.

(3) ImageNet, as a pre-trained dataset, greatly improves the training and prediction
performance of MobileNetV2 networks. Under the same condition, MobileNetV2 has
better prediction accuracy than Xception and VGG19 networks.

(4) This study shows that neural networks can be used to recognize metallographic
images not only by their material type but also by more details, such as composition,
microscope, magnification, the use of etchants, etc.
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