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Abstract: Metallographic analyses of nodular iron casting methods are based on visual comparisons
according to measuring standards. Specifically, the microstructure is analyzed in a subjective manner
by comparing the extracted image from the microscope to pre-defined image templates. The achieved
classifications can be confused, due to the fact that the features extracted by a human being could
be interpreted differently depending on many variables, such as the conditions of the observer. In
particular, this kind of problem represents an uncertainty when classifying metallic properties, which
can influence the integrity of castings that play critical roles in safety devices or structures. Although
there are existing solutions working with extracted images and applying some computer vision
techniques to manage the measurements of the microstructure, those results are not too accurate. In
fact, they are not able to characterize all specific features of the image and, they cannot be adapted
to several characterization methods depending on the specific regulation or customer. Hence, in
order to solve this problem, we propose a framework to improve and automatize the evaluations by
combining classical machine vision techniques for feature extraction and deep learning technologies,
to objectively make classifications. To adapt to the real analysis environments, all included inputs in
our models were gathered directly from the historical repository of metallurgy from the Azterlan
Research Centre (labeled using expert knowledge from engineers). The proposed approach concludes
that these techniques (a classification under a pipeline of deep neural networks and the quality
classification using an ANN classifier) are viable to carry out the extraction and classification of
metallographic features with great accuracy and time, and it is possible to deploy software with the
models to work on real-time situations. Moreover, this method provides a direct way to classify the
metallurgical quality of the molten metal, allowing us to determine the possible behaviors of the final
produced parts.

Keywords: artificial vision; machine learning; deep learning; metallography; classification

1. Introduction

Metallurgy (as a process of production and transformation of materials) has allowed
society to evolve. More specifically, the foundry remains one of the central axes of the world
economy [1]. A huge number of parts are made in foundries all over the world to combine
and create a more complex system. Some of those parts are security components used in
several industries, e.g., brake calipers that help the braking systems of motorized vehicles,
the propellers that allow ships to move, the mechanisms that are in charge of moving the
flaps of the wings in an airplane, or the trigger and the firing system in a firearm.

The foundry, despite being a fundamental axis of society, is still at a lower level of
development in terms of digitalization and the application of advanced intelligent systems
compared to other industries of similar importance. In addition, current trends encourage
the production of ever smaller and more precise components. Thus, any tiny aspect or
characteristic of the process can influence the results of the final manufactured parts.
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The foundry is the place where the process of transforming metals into castings
takes place. In other words, the operators introduce the already molten metals into a
mold. Then, once the cooling process is finished, the final casting is obtained. Specifically,
Pattnaik et al. [2] detailed the process on which this research work is focused on (a process
in which molten metals are poured into molds, where there are other related tasks, such
as the preparation of those molds or cores, and the finishing tasks of the manufactured
parts). Since the two most influential elements are (primarily) the metal and the mold,
improvements to any of these will positively affect the final result.

This research paper focuses on analyzing one of the two key topics, specifically, metal.
As it was registered in the Foundry Technology book [3], we can highlight the following
types of iron castings.

*  White cast iron shows that all of the carbon is combined in the form of cementite. This
type of manufacturing offers great hardness and fragility. Furthermore, it provides
great resistance to wear and abrasion [4].

* Ingray cast iron [5], in contrast to what happens in white cast iron, the carbon is in
the form of sheets. This type of cast iron has good resistance to compression, and its
mechanical properties are suitable for a large number of activities.

*  Lastly, in nodular cast iron (also known as ductile iron or spheroidal graphite) [6],
carbon crystallizes in the form of spherical nodules, inhibiting the creation of cracks by
releasing the matrices of stress points. This type of cast iron has much more hardness
and resistance to fatigue. For this reason, it is especially useful for elements that
require high resistance, such as safety components for the automotive industry.

The differences between the aforementioned types of iron, as well as the extraction
of information to determine the characteristics of the metal, can be identified through the
analysis of the microstructure. More accurately, this work was conducted under some
regulations, such as UNE EN ISO 945-1 [7], UNE EN ISO 945-2 [8], and UNE EN ISO
945-4 [9] where the manner of proceeding (in which the characteristics must be analyzed
and the methodology must be conducted) is explained. This activity, taking into account
these regulations, is carried out by extracting metallography, in other words, images with
microscopes, and evaluating them. Although there are several regulations, all work was
conducted through subjective methods, i.e., after the generation of the sample and the
extraction of the metallography was accomplished; a comparison was carried out based on
the knowledge of the person who performed it. As this work depends on a human being,
the classification and the analysis could be affected by many human factors [10], such as
(i) fatigue, (ii) the predisposition of obtaining a result that is expected, or (iii) the error in
the accuracy of the evaluation. Therefore, it is needed to find a new and different approach
to conduct it, avoiding these difficulties.

As a first approach to carrying out this type of analysis and removing the objective
way of doing it, there are several tools to automate (or at least facilitate) it. Specifically,
there are different software tools, such as Image] [11], AmGuss [12], or software that comes
with microscopes [13], attempting to avoid this type of subjective analysis. Despite the
progress made, these tools have several problems associated with the way they perform
these analyses. Some of those problems that we discovered in our daily work are the
following:

1. The classification is based solely on mathematical formulae, leaving out the ones that
do not meet the criteria. The software extracts some characteristics from images using
computer vision and they apply formulas defined in the regulations they include.

2. Subjectivity is still present even if measurements were objectively made.

3. The software implements regulations that, perhaps, are not needed for the customer
or by a certification procedure. For instance, AmGuss only includes DIN EN ISO
945 and ASTM-A247. Sometimes customers ask for custom calculations that are not
possible using this software.
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4. The analysis software mainly focuses on analyzing the image to extract features and
characteristics, but they do not accurately determine the final quality of the iron that
was manufactured. Hence, new functionality needs to be added to them.

5. Inthe end, these solutions are not believed to be deployed for real-time analyses in
manufacturing plants.

Along with these software applications, there are some investigations and approaches
that also use advanced artificial intelligence and machine vision techniques to solve very
similar problems. Currently, artificial intelligence based on deep learning (DL) is opening
up new horizons in image analysis research and promises to revolutionize the microscopy
field. For instance, there are recent developments in DL applied to microscopy with the
aim of classifying and detecting anatomical elements in the wood [14], helping in cancer
detection [15], or illustrating the techniques with images from microscopes [16]. DL is
widely used for classifying and detecting defects in extracted images [17] and for metrology
measurements, such as in this specific work focusing on semiconductors [18].

On the one hand, these approaches are the “axes” of believing that they could be
used for metallography. However, to our knowledge, there is no research work using
these techniques for metallography. In this case, related to the microstructure of metal
materials, the work presented by Rodrigues et al. [19] focused on the classification of the
different types of cast iron (i.e., gray, white, or ductile). The authors extracted a series of
characteristics that they used as inputs into different statistical classifiers, such as K-nearest
neighbors [20], K-means [21], Bayesian networks [22], support vector machines [23], and
artificial neural networks [24]. The research achieved outstanding results, obtaining high
accuracy, and proving that these techniques could be helpful for the analyses.

Against this background and attempting to fight the five aforementioned problems in
the current software, we propose a specific approach that, using well-known algorithms
and solutions, allows us to advance the current state of software solutions. Moreover,
thanks to Al methods instead of specific formulas extracted from regulations, our approach
can easily change the regulation or create a new custom one. As most of the world’s safety
parts are made from ductile iron, we focused our research on the analysis and extraction of
characteristics of this type of foundry casting.

To accomplish this objective, we used a “Divide et Impera” methodology [25], splitting
the original problem into a sequence of more affordable tasks, namely, (1) characterizing
the sizes of the nodules, (2) determining the shapes of the nodules, and (3) performing a
characterization of the metallurgical quality.

First, regarding nodule characterization aspects, a series of analyses based on usual
machine vision techniques were carried out to calculate the size of each graphite nodule in
relation to the whole part. Second, for the classification of the shapes of the nodules, three
deep learning methods were tested and contrasted. Two of them are the widely known
VGG16 [26] and VGG19 [27] networks, which, starting from a pre-trained set with a large
image data collection, can be customized by learning the input layer and the output layer
over the specific problem to solve. The last one is a custom DL model developed specifically
for this research work (a classification pipeline using a conditional combination of binary
convolutional neural networks), which was able to obtain better results than previous
well-known methods. Finally, the determination of the quality of the metal was carried
out through the calculation of similarity between the characteristics of the metallography,
the classification of the shapes of the nodules achieved with our classification pipeline,
and the representative centroids of the different classes to be categorized. Those centroids
were created using the extracted knowledge from several metallurgical engineers from the
Azterlan Research Centre.

The remainder of this paper is organized as follows. In Section 2, we describe the work
and the steps carried out to achieve the creation. Moreover, this section discusses the data
generation and methodology. Section 3 describes the results that were achieved with the
proposed approach. Here, we will introduce the metrics needed for all developed models
as well as the final solution created for the foundries. Finally, Sections 4 and 5 discuss the
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solution, future work, and improvements that can be made to our proposal. In addition,
we conclude the article and close the research introduced here.

2. Materials and Methods
2.1. Methodology and Evaluation Methods

Traditional metallurgical analyses in ductile cast iron pieces, as we explained in
Section 1, are based on visual comparisons, and this interpretation can be turned into
a supervised learning problem to overcome this situation. Furthermore, some recent
approaches, such as in [28,29], in addition to previously cited ones, made this activity
more precise, applying artificial vision techniques to obtain data from images. Thus,
we propose combining machine vision tasks with DL classifications to resolve already-
explained problems.

The main goals and challenges of the microstructure inspection are in the determination
of cast iron properties and verifying metallurgic quality. This is a complex problem that takes
into account, first, numerical data, similar to the work Amit Sata et al. conducted [30]. In this
research work, the authors resolved defect detection when managing numerical data through
the employment of Bayes inference. Moreover, image shapes, such as in the work by Praveen
Damacharla et al. [31], involved automating steel surface defect detection using deep learning.

Therefore, we propose combining machine vision tasks with DL classifications to
resolve the aforementioned problems. However, due to its complexity, the best way to
achieve all of these purposes is through a simplification of the general problem using the
well-known “Divide and Conquer” methodology. This methodology reduces the initial
problem into small and more affordable challenges that, by solving and combining them,
will lead to a global solution to the initial problem. This methodology is widely used to
deal with legal issues [32], mathematical calculations [33], and computer science problems
(specifically in parallel processing) [34]. Hence, and considering this idea, the steps defined
in the research and development of our solution are detailed below:

1. Identification of the problem and the challenges to overcome. The purpose of this first step
is to extract the background and context of the problem to be solved. In other words,
we work to become aware of what we are attempting to solve.

2. Acquisition of knowledge. The second step involves the acquisition of knowledge at
a high level, providing the general vision necessary to start the investigation. Later,
when we are working on a much more specific topic about the challenge to be faced,
we will study that topic in a more specific way.

3. Division in challenges. Based on the idea of the divisions already mentioned, in this
step, we define the challenges faced. In our work, the following challenges were
identified: (i) data extraction, (ii) handling nodule sizes, (iii) handling nodule shapes,
and (iv) metal quality classification. For each of them, the following sub-phases were
carried out:

(a) Acquisition of specific knowledge. Once the topic was defined, in this stage,
we increased the knowledge to solve this problem. Many times, this acquisition
was directly related to the exploration and learning of the production process
that we were optimizing.

(b)  Definition of the experiment and the techniques used. At this point, the specific
research and experiments were defined for each of the challenges faced.

(c) Evaluation. At this stage, we carried out the defined experiment and obtained
the results of the approximation that was defined.

(d)  Analysis. Once the previous stage was complete, an analysis process was
carried out on the data collected during the specific experimentation designed.

(e) Interpretation of the results. When a solution for each identified challenge was
created, we combined all of them, coming up with a final interpretation based
on all of those results.
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In some of the identified challenges, the use of ML classifiers is needed. In this way,
these classifiers are tested against previously labeled data, in other words, by applying
a supervised learning evaluation. The outcome is characterized by the accuracy values,
where the performances of the models can be evaluated. Similar performing models vary
in how they fail; thus they need to be further studied. That is why confusion matrices are
calculated. This type of visualization illustrates how the classifier works and, in case of a
bad classification, researchers can know if the deviation is important or not (as well as the
direction) [35]. Apart from that, values, such as the mean average error (MAE), the root
mean squared error (RMSE) [36], and the standard deviation between each model’s folds
are also taken into account. These error rates provide some insight into the issues and the
nature of the errors committed by classifiers.

Given the lengths that it would take to provide detailed explanations of the method-
ology’s steps for the identified challenges, the authors chose to provide a more concise
explanation—one that is clear and extensive enough to understand the problem and facili-
tate the reproducibility of the solution we present. Therefore, the aspects associated with
each of these challenges will be detailed below.

2.2. Data Extraction

Our research work is based on data-driven artificial intelligence models. Thus, data
acquisition is one of the most important parts of the selected methodology. In our case,
data acquisition was conducted by gathering historical records of metallography. Precisely,
all images were provided by Azterlan. This research center stores (in a huge database)
all tests and analyses that were conducted in the last years. The generated and stored
images are made using a microscope in the conditions indicated by the UNE EN ISO 945
standards [7-9] for metallographic analyses. The photographs belonged to various metallic
pieces from different foundries after being analyzed and categorized by metallurgical
experts. The most important problem, for this research, is that these images must be
categorized. Moreover, as we explained before, some applications are not able to do this
accurately. For this purpose, those images were classified under the criteria of experts from
Azterlan. More accurately, Azterlan, performed the analysis by extracting the diameter of
the nodules using Image] [11] software as an auxiliary tool. Due to the results obtained
by this type of software, it was not as perfect as we needed it to be for this research;
manual work was conducted to solve misclassifications. In summary, after extracting some
automatic information using a third-party software, all results were reviewed and corrected
by domain experts.

For this dataset generation, several evaluations were conducted regarding the following
topics.

*  Nodule shapes. Taking into account the given results by third-party software, one new
script was generated to segment the images and extract each nodule. Once it was done,
the results were automatically classified into different folders. On the one hand, some
of them were labeled and inserted in different folders related to the nodule shape,
and on the other hand, in a special folder with nodules without classification. The
aforementioned review task focused on validating the extracted information, as well
as classifying the non-processed nodules.

e Metal Quality. The graphite distribution together with the nodule density was used
to determine the quality of the solidified metal. The higher graphite density with
a smaller graphite size distribution indicates that the metal has enough expansion
capacity to avoid the austenitic contraction that occurs at the end of solidification. In
this way, higher densities and graphite distributions with smaller graphites present
less danger in terms of internal sanity defect apparitions. On the contrary, if there is
a sample with a low graphite density with a distribution of coarser graphites, this
indicates that at the end of solidification the precipitated graphites are insufficient at
preventing the metallic contraction of the austenite, leading to micro-shrinkage. The
analysis was conducted by extracting the diameter of the nodules using Image] [11],
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to divide them into different groups, ranging from 5 to 60 pm. The results were
plotted in a histogram-type graph to definitively be interpreted by experts; they were
evaluated and a label was assigned to the metallography. In the end, the resultant
dataset consisted of labeled images referencing five different groups: (i) optimal,
(if) good, (iii) regular, (iv) bad, and (v) pessimal; from a higher density and smaller size
to the contrary. The labeling criteria were carried out by using a comparison method.
Accurately, the labeled dataset was processed by extracting individual nodules and
measuring them. Secondly, the average graphite diameters were calculated and
divided into the groups explained in Section 2.5. Third, the average values between
the metallography belonging to the same group were calculated to establish a centroid
of each possible classification label. Finally, each metallography was compared to all
centroids using cosine similarity [37] as the measurement. The biggest similarity was
the label to be applied to our metallography:.

2.3. Handling Nodule Sizes

As the first detected challenge, the nodule size values were used to determine how the
distribution of graphites impacted the ductility of the metal. Regarding the previous expla-
nation, the distribution and the sizes of graphites play important roles in explaining the
behavior of the metal. Considerably sized nodules indicate that the graphite is condensed
in a few spots, pointing out the deficiencies in the casting process.

For our research work, there was a need to build the extraction process from scratch
in order to avoid third-party software usage. To extract all possible information from
each nodule, we used the OpenCV library [38]. The employed method is similar to the
algorithms presented in [39,40]. In our specific case, our machine vision development
extracted the following parameters: the number of nodules mm? of each nodule and the
summation, the average of the graphite area, the percentage of particles in the area, and a
percentage of the nodularity. Later, other information will be added but will be related to
the classifications of the nodule shapes (i.e., the percentage of each nodule in the different
groups previously defined).

We built a custom solution because it helped to speed up the overall process by
computing only necessary values. In order to complete this, the available metallography
was binarized as the first step. Thus, the contour detection task used to obtain the nodules
worked better, due to the fact that there was no need to process any other additional
misleading information.

After that, we extracted the size features from the graphites (as depicted in Figure 1).
On the one hand, values as diameters (I;;) were calculated by drawing the minimum
enclosing circles for the nodule and measuring them directly as the standards dictate.
We discarded particles with diameters smaller than 5 um because they are inclusions (or
microporosity) that do not influence the solidification morphology.

On the other hand, the graphite area was obtained by subtracting black pixels (A) to
the total area (A;,). This last value was not used in the classification, but it contributed to
the final evaluation of the metallography.

Arr
A

Ef"l

Figure 1. Diameter measuring method where the nodule was circumscribed within a circle with
diameter [,,, and area A,;; the nodule area is A.
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The metallographic images have standard sizes, in accordance with the ISO methodology,
from which we obtained the conversion factor relation from the pixels to the actual lengths.
Applying this relation to calculate the diameters of the graphites, we categorize them into 12
different groups that ranged from 5 um each, starting from a minimum diameter of 5 um
and collecting all of the nodules bigger than 60 um in the last group (i.e., the groups collected
graphites with diameters in the ranges of 5-10 um, 10-15 pm, ...55-60 pm, and >60 pm,
respectively). This division will be employed lately to classify the quality of the metal.

2.4. Handling Nodule Shapes

In addition to nodule sizes, their shapes also make significant contributions to the metallur-
gical quality. Moreover, shape classification is needed to determine the quality of the metal. At
first glance, the graphite image contour classification problem seems suitable for deep learning
classifiers.

Visual categorization using these approaches was quite successful throughout the
years and is effective at classifying everything from animals [41] to landscapes [42]. Con-
cerning this problem, there were similar approaches to nodule shape classifications. Re-
garding the usage of shape classification in the metallurgic sector, Damacharla et al. [31]
applied segmentation to real-time images using computer vision and then successfully
trained a deep learning network for steel surface defect detection. This research has a
similar procedure to our classification problem.

In the same way, similar shape classification problems were tackled. Esteva et al. [43]
classified skin cancer by using DL to differentiate it from the more common skin lesions.
The nets developed were the best dermatologists while classifying the samples, proving
that this type of solution can be used as an auxiliary tool for medics or it could also be
included in mobile devices to help people. Moen et al. [44] also described methods on
how to face the problem of cellular analysis using deep learning nets and computer vision,
emphasizing the usefulness of these methods and discussing why they are suitable for
this type of analysis. Edge detection, shape classification, and image extraction are some
of the techniques that are recommended, and most of them can be used in nodule shape
classification problems as they bear resemblances.

As for the graphite dataset problem, nodules are extracted from the metallography,
obtaining a binarized rectangle containing the graphite. The validation set also follows
the same logic as the former one, so these data are ordered by shape type and quality size.
Usually, the categorization is made using mathematical formulas, such as by calculating
circularity and the aspect ratio to determine which group they belong to. Circularity
involves the compactness of an object that encloses the most area for a given perimeter.
Specifically, this is calculated as per Equation (1), where A is the total area of the object and
p2 is the square value of the perimeter, obtaining a f;,. value that indicates how much of a
circle it is, with 1 being a perfect circle and 0 a straight line.

4TA

f circ = pz @)
dmax

Regarding the aspect ratio, it defines the relationship between the width and height.
Equation (2) illustrates (AR); it was calculated based on the largest (dmax) and smallest (dmin)
orthogonal diameter of the minimum rectangle that encloses the nodule, with the smallest
diameter being value 1. Equations (1) and (2) combined are used to classify the nodule type
depending on the values obtained (see Table 1 for more information), circularity (CIRC)
ranging from 0 to 1, and aspect ratio (AR) from 1 (perfect square) to infinity.
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Table 1. Nodule-type classification rules indicating the belonging group.

Team Sheet
CIRC. [0,0.7] AR. [2, )
Type III CIRC. [0,0.5) AR. (1.5,2)
CIRC. [0,0.35) AR.[1,1.5]
CIRC. [0.35,0.77) AR.[1, 1.5]
Type V CIRC. [0.5,1] AR. (1.5,2)
CIRC. [0.7,1] AR. [2, )
Type VI CIRC. [0.77,1] AR. (1,1.5]

With this categorization, the goal is to obtain an estimation of the nodule dataset and
let the deep learning net deduce the relevant characteristics in each class.

The labels used to represent the nodules were based on the ISO standard classification [7-9]
ranging from I to VI. Despite this, the first and second groups were mixed with the third one,
due to the fact that the properties obtained through Type IIl nodules and inferior ones were
not required for ductile cast iron. In fact, these are considered vermicular graphites and they
are counterproductive for this type of iron [45]. Moreover, the similarities between the fourth
and fifth groups are high, which is why they are gathered into the same class. To summarize,
nodules were divided into the following groups:

*  Type Il (Figure 2a): this group encompassed the first three types of the ISO classification,
the ones considered elongated or amorphous, far from the perfect circular-shaped
graphites.

e Type V (Figure 2b): considered as both Types IV and V, and far more similar to circles
than the first group, but still presented the deformities.

e Type VI (Figure 2c): the last types of graphites were very circular and proportional;
they were considered the ideal shapes.

'k-g\o A A .’).

Figure 2. Examples of (a) Type IIl nodules presenting deformities and elongated shapes, (b) Type V
nodules presenting slight deviations from circular shapes, and (c) Type VI nodules resembling circles
with little to no deformities.

The working datasets are not balanced, as the Type III group had fewer nodules than
the other (35,000 against approximately 100, 000 for the other two classes). To fix this issue,
we randomly picked the same number of nodules from every class, so we could balance
the dataset and still obtain a representative number from each one. The images needed to
be processed by a deep learning network, and as Shorten et al. detailed in their survey [46],
data augmentation techniques strengthen deep learning models due to the increase of
available data without needing new samples. As it is considered good practice to reinforce
the classifiers, we selected techniques, such as horizontal and vertical flips and rotations,
obtaining around 140, 000 images for each label as seen in Table 2.

Table 2. Nodule dataset of the multiclass classifier.

Type III Type V Type VI
Original 35,000 60,000 107,000
Augmented 140,000 140,000 140,000

This kind of experiment is more resource-demanding when images are involved in
large learning networks. In our case, to make the shape classifications, three different
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models were tested: two pretrained well-known models, such as VGG16 and VGG19 [47],
and the third one with a custom architecture based on a net used to classify letters and
numbers (as seen in Figure 3). The VGG classifiers were trained on the ImageNet dataset
which contained over 14 million images over 1000 classes, which let the model learn about,
which were the important features of entities, such as corners, shapes, and so on. The
greatest part about these models is that the input and output layers can be configured
freely, so it would be possible to adapt it to other types of classification problems without
forgetting what it learned.

@ ConvzD - MaxPooling2D
. Dropout . Flatten . Dense

Figure 3. Custom architecture of the deep learning classifier.

The aforementioned three models will be tested against the nodule shape classification.
Once the best is determined, the optimizers are checked to see if there are notable differences
between them.

To fine-tune the classification process, a pipeline of binary classifiers is proposed
instead of a single multiclass one. The application of this strategy is based on the idea
of “one-vs-all” defended by Rifkin et al. [48]. The architecture involves implementing a
specialization pattern, distinguishing each of the models from two classes instead of all
of them. The classifiers will learn different features as they need to differentiate in binary
ways.

The pipeline was trained in a different way than the multiclass classifier. For this
method, the data needed to be changed and re-adapted to a new perspective. The models
made binary choices, but the nodules not belonging to the first classes evaluated needed to
be grouped together. The first classifier proposed differentiated between the Type Il and V
classes as seen in Table 3a. Training samples from Type VI would also be classified as Type
V, due to their resemblance. Nevertheless, the second classifier did not include Type III,
as they were already labeled on the first step. These two types had more original samples
than the first one, which is why this dataset, as seen in Table 3b, consisted of all original
samples with data augmentation applied. The two classes had more similarities between
them than the previous ones; hence, it was critical to use most of the possible samples.

Table 3. Nodule datasetfor the (a) first and (b) second classifiers of the pipeline.

a b
Type 111 Type V Type V Type VI
Original 35,000 60,000 Original 60,000 107,000
Base 35,000 35,000 Base 60,000 60,000
Augmented 140, 000 140, 000 Augmented 300,000 300,000
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The nodule shape has an extra validation method as it behaves differently from the
other techniques. The Grad-CAM method [49] indicates the points of interest in the deep
learning net, which are the areas of attention that lead to classifying an image into its
corresponding label. Based on neuron activation on each pixel, the model is capable of
turning these into understandable values. To represent these results, nodule images were
depicted with an overlapped heatmap, which manifested where the layers focused on
when classifying (drawn with bright colors). The scale used for the pictures was “inferno”,
as shown in Figure 4.

Figure 4. Inferno color scale.

2.5. Metal Quality Classification

Throughout the years, statistical methods were used to solve a variety of similar
problems. Classical methods, such as K-nearest neighbor [20] and the Bayes networks [22]
still serve as fast techniques that achieve great results. Fragassa et al. [50] predicted
the hardness properties of cast iron based on statistical and machine learning methods,
obtaining great accuracy in their forecast.

These algorithms are also proven to be efficient in other aspects, such as in the research
by Wisnu et al. [51], who compared both methods in order to analyze customer satisfaction
concerning digital payments. In this case, both seemed adequate, but an algorithm as
simple as KNN achieved the highest accuracy.

The metallurgical area often presents distinct problems where machine learning meth-
ods are useful, although not every one of them works as intended. Santos et al. [52] experi-
mented with several methods, including support vector machines (SVMs) [23] and decision
trees [53], among other classical statistical methods for the prediction of dross in ductile
iron casting productions. They concluded that some of the random forest (RF) variations
performed quite well, although instance-based classifiers (as the first ones mentioned) were
the worst for this kind of activity. In contrast with the last article mentioned, Gola et al. [54]
used SVM and focused on classifying the microstructures of low-carbon steels. The model
achieved high accuracy by reducing the parameters evaluated, simplifying the model, and
working more efficiently. Moreover, artificial neural networks (ANNSs) [24] seem to learn
specific problems efficiently. Their adaptability is their strength, and given enough data,
their performances are outstanding. As shown by Rodrigues et al. [19], who classified cast
iron (composed of carbon, iron, and silicon) into three variants, with the neural network
performing quite well. As with classical methods, ANNs also adapt to other types of
situations. In the case of Patricio and Orellana [55], they classified the risks in savings and
credit cooperatives with the same accuracy as financial entities.

Regarding metal quality, the distribution of particle sizes affects the metallurgic properties
as they are indicators of temperature evolution during the casting process. Thus, once the
groups defined in Section 2.3 are populated, the data are prepared to be processed by different
classifiers; moreover, 1000 images were used for cross-validation, with a value of K = 10, while
the other 110 were saved for validation. This set was balanced with the aim of proving the
robustness of the algorithm and checking the best scoring model performance on new data.
The resulting dataset consisted of 1110 types of metallography with the sizes labeled; 1000
samples for cross-validation training were divided 10-fold, and 110 were divided from the
original dataset for the validation part.

After this, a variety of classifiers were tested. Since these algorithms accept different
parameters, some variations were considered as candidates. Afterward, the best scoring
methods were compared using the measurement values mentioned in Section 2.1.

The methods compared were as follows:

¢ K-nearest neighbor (KNN): This is a supervised classification algorithm that uses the
Euclidean distance to measure how close the learned values are in relation to the ones
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that need to be classified. The method was tested with numbers between 1 and 8 to
see how the model reacted to different values in order to evaluate accuracy.

*  Bayesian network classifier: This is a graphical probabilistic model for the multivari-
ate analysis based on the Bayes theorem. Various search algorithms were used to
determine which was the best, due to behavioral variations: (i) K2, (ii) hill climber,
(iii) LAGD hill climber, (iv) tree augmented naive, and (v) simulated annealing.

*  Artificial neural networks (ANNs): These are a collection of interconnected units
called neurons that are distributed between layers. They compute the outputs based
on the input values and non-linear activation functions. The networks used consist
of multilayer perceptrons, input, a single hidden layer, and an output layer, which
use backpropagation for training. The input had 12 different values, representing
the classes mentioned, 8 neurons on the hidden layer, and 5 outputs representing the
classification. Two of them were used and the differences between them involved the
tolerances and the usage of conjugate gradient descent.

*  Support vector machine (§SVM): Data represented in an n-dimensional space are
divided into two regions by a hyperplane to attempt to maximize the margin between
distinct classes. In order to diversify the surfaces created, multiple kernels such as
(i) poly kernel, (ii) normalized poly kernel, (iii) radial basis function kernel, and
(iv) Pearson VII were used.

* Decision trees: These are logical construct diagrams based on successive rules or
conditions that represent solutions for problems. Different tree sizes were tested;
numbers ranged from 50 to 500 in batches of 50. Apart from that, another distinct
method based on the C4.5 algorithm was used.

3. Results

Once the research work was conducted, the authors used the measurements and
validations explained in Section 2. As a summary, all results, regarding the three challenges
defined in our methodology, were satisfactory, giving an idea of how this approach can
help to solve the initially defined problems. The following subsections attempt to explain
the achieved results and show how astonishing the use of machine vision and DL is in this
kind of problem.

3.1. Nodule Size Results

Regarding the work of extracting features from the images, a direct comparison
was made between our development and other third-party tools. In this way, the same
metallography was analyzed through our script based on the OpenCV library and a third-
party tool, to later compare the values provided by both systems. In all cases, the same
results were achieved for all images, as long as the configurations of all of them were the
same. The only thing we can say in favor of our script is that avoiding interactions with
painting devices until the end of the job produces a small acceleration of the calculation.
The improvement is a few microseconds. Perhaps it is not relevant for single metallography,
but usually, the analysis is conducted in a batch of images. In that case, the same data
would be obtained in the order of about 700 microseconds (average value reached during
the tests) less by metallography.

3.2. Nodule Shape Results

As explained in Section 2.4, in order to classify the shapes of the nodules, DL models
were chosen. Among them, we had VGG16 and VGG19, where the best was the second one.
The success rate achieved was 93%. As we showed with the confusion matrix in Table 4a, a
high error was obtained when making the Type V classifications. Thus, a different form of
classification was carried out; the binary classifier pipeline is explained. The success rate
rose to 95% and the stability of these classifications increased, as shown by the confusion
matrix grouped in Table 4b.
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Table 4. Confusion matrix results for the single classifier in the (a) unique and (b) pipeline models.

a
Predicted
= > =
g 2. g
iy e =y
S Type III 94.64 5.36 0
£ Type V 0.58 72.83 26.59
< Type VI 0 3.3 95.88
b
Predicted
= > >
() ] ()
& 5 5
= = =
E Type III 89.29 10.71 0
g Type V 3.47 75.72 20.81
< Type VI 0 1.56 98.44

For this type of classification system, the use of Grad-CAM as validation is common.
Grad-CAM allows one to visualize which features are being used by the DL-based classifi-
cation system. In order to not extend ourselves into showing too many images, we will
focus on illustrating and commenting on the results of the best classifier—the classification
pipeline.

Thus, Figures 5-7 show that through coloring (via the Inferno color scale), the key
points in which the classification models are used. Accurately, in the case of Figure 5 and 6,
they are perfectly adjusted to the surfaces of the nodules. The same can be observed in
Type IIl and Type V nodules. It is true that in the last of them they appear a little more
displaced, but one can still determine the shape and structure of the nodule. In summary,
the model detects elongation and deformities as indicators in a very accurate way.

[+

Figure 6. Type V nodule shapes and contours colorized by Grad-CAM.

Nevertheless, the last ones, Figure 7, have peculiar results, where the vivid part is
observed to center on the middle and four main corners. Essentially, we thought as this kind
of nodule is really round, the model checks a circle-like shape with no holes or deformities
in the center. Again, this behavior is totally related to the expected shape of the graphite,
giving a good accuracy of the model.

In summary, DL models seem to work by checking the main parts of the nodules
depending on their shapes. These key points are representative of the classification and,
because of this, they perform well, providing highly accurate values.
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Figure 7. Type VI nodule corners and middle parts colorized by Grad-CAM.

3.3. Metallurgical Quality Results

As said before, to make the metallurgical quality classification, we employed statistical
classifiers. To perform this task, from the testing dataset, some specific information in the
form of (i) a group and size division, and (ii) counts were extracted (for more information,
see Section 2.5). Then, the characterization of each metallography was sent to different ML
classifiers. These results are presented in Table 5. This table shows the different classifiers
and their configurations (in other words, the learning algorithms, kernels, or values of n
used for creating them). In order to make the table more 'readable’, the best performance is
colored in gray and the best classifier for each algorithm group is highlighted in bold text.

As Table 5 shows, the majority of classifiers performed well. All of them achieved
accuracies of 85%. Some simple classifiers, such as KNN and Bayesian classifiers, obtained
good results. Specifically, the best KNN method (with k equal to 7) scored an accuracy
of 91%. However, as seen in Table 6¢, the error nature from the confusion matrix is high
regarding the classes from both ends, while the others remain close to the actual class.
The best (tree-augmented) Bayesian classifier obtained an accuracy of 88%. Moreover, it
obtained the highest notorious error rate while classifying contrary classes, as the Table 6d
confusion matrix shows.

The best kernel for support vector machines was Pearson VII. It provided an accuracy
of 95% over the dataset, although the classification failures spread through the least quality
labels, as seen in Table 6e. In this research, several decision trees were tested, but all of
them performed similarly, obtaining accuracies of around 93%. The error dispersion is
shown in Table 6f.

Table 5. Results and characteristics of the nodule size classification. Results in bold are the best
from each algorithm type, and the one colored in gray has the highest accuracy (%) and lowest error
overall. All results (i.e., accuracy, MAE, and RMSE) include the standard deviation for each fold in
the k-fold cross validation.

Classifier Accuracy (%) MAE RMSE
Bayesian Network (K2) 85.07 &+ 3.29 0.06 £+ 0.01 0.22 £ 0.02
Bayesian Network (Hill Climber) 85.07 £ 3.29 0.06 £ 0.01 0.22 +0.02
Bayesian Network (LAGD Hill Climber) 87.87 + 3.04 0.06 £+ 0.01 0.19 £ 0.02
Bayesian Network (Tree Augmented Naive) 88.13 + 3.26 0.06 + 0.01 0.19 £+ 0.02
Bayesian Network (Simulated Annealing) 88.5+3.23 0.06 &+ 0.01 0.19 £ 0.03
Naive Bayes 85.99 £ 3.07 0.06 £ 0.01 0.21 £+ 0.02
SVM (Poly Kernel) 92.78 +2.33 024+0 03240
SVM (Normalized Poly Kernel) 91.28 £+ 2.47 024+0 032+0
SVM (RBF Kernel) 56.28 + 2.51 027 £0 0360
SVM (Puk) 95.08 + 1.95 0.03+0 0.32+0
ANN (MLP+Conjugate gradient descent, 500 ep.) 97.84 + 1.38 0.02+0 0.09 £ 0.02
ANN (MLP, 500 ep.) 96.76 + 1.61 0.05 £+ 0.01 0.1 +0.02
KNN (K =1) 87.85 +2.89 0.05 £+ 0.01 0.22 £ 0.03
KNN (K =2) 86.48 +3.18 0.05 £+ 0.01 0.19 £ 0.02
KNN (K =3) 90.62 £+ 2.68 0.05 £ 0.01 0.17 £ 0.02
KNN (K =4) 89.95 £ 2.76 0.05 + 0.01 0.17 £ 0.02
KNN (K =5) 90.98 + 2.54 0.06 &+ 0.01 0.17 £ 0.02
KNN (K = 6) 90.49 + 2.68 0.06 £+ 0.01 0.17 £ 0.02
KNN (K =7) 91 + 2.66 0.06 £ 0.01 0.17+0.02
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Table 5. Cont.

Classifier Accuracy (%) MAE RMSE
KNN (K = 8) 90.51 + 2.84 0.06 &+ 0.01 0.17 + 0.02
Tree (J48) 87.36 + 3.26 0.05 =+ 0.01 0.22 4 0.03
Random forest (n = 50) 92.95 + 2.36 0.06 £+ 0.01 0.15+0.01
Random forest (n =100) 93.014+2.32 0.06 + 0.01 0.15+0.01
Random forest (n = 150) 93.07 + 2.33 0.06 + 0.01 0.15 + 0.01
Random forest (n = 200) 93.12 £ 2.24 0.06 + 0.01 0.15 + 0.01
Random forest (n = 250) 93.12 £2.12 0.06 + 0.01 0.15+0.01
Random forest (n = 300) 93.06 + 2.21 0.06 + 0.01 0.15+ 0.01
Random forest (n = 350) 93.15 £ 2.17 0.06 £ 0.01 0.15 + 0.01
Random forest (n = 400) 93.16 £ 2.15 0.06 + 0.01 0.15+0.01
Random forest (n = 450) 93.14 £ 2.25 0.06 + 0.01 0.15 + 0.01
Random forest (n = 500) 93.16 + 2.31 0.06 + 0.01 0.15+ 0.01

The best performances were provided by artificial neural networks. The neural net-
work that did not use the conjugate gradient descent obtained a precision of around 97%
with a good distribution of errors as they were close to the actual class (see Table 6a). In
contrast, when the conjugate gradient was used, the accuracy increased to 98%, despite

the fact that the distribution of false positives was wider, yet smaller than in the previous
model (illustrated by Table 6b).

Table 6. Confusion matrix results for the (a) first neural network, (b) second neural network, (c¢) KNN,
(d) Bayesian network, (e) support vector machines, and (f) random forest models.

a

Predicted Predicted
— — = — — =
£ B i < & g 3 i 5 g
2 3 & 8 2 g C & 8 z
S © = kS & © & 8
Optimal ~ 99.36 0.63 0 0 0 Optimal 100 0 0 0 0
= Good 3 9% 0 0 1 = Good 1 98 0 1 0
£ Regular 0 0.96 98.54 0 0.48 £ Regular 0 0.4 98.54 0 0.96
< Bad 0 0 1.1 97.24 1.57 < Bad 0 0 1.18 97.63 1.57
Pessimal 0 0 0 2.7 97.29 Pessimal  0.67 0 0 2.03 97.29

c d

Predicted Predicted
£ g > 9 £ £ g > 9 £
] g g & a 2 3 2 e 2
o © 2 & 5 © & K
Optimal | 92.72 1.21 0 0 6.06 Optimal ~ 90.38 449 0 0 5.13
= Good 5.43 90.22 435 0 0 = Good 6.25 78.13 15.62 0 0
£ Regular 0 374 91.58 444 0.23 £ Regular 024 46 90.8 436 0
< Bad 0 0 5.43 88.37 6.2 < Bad 0 0 7.17 89.64 3.19
Pessimal  0.78 0 0.78 3.1 95.35 Pessimal  7.05 0 1.92 5.13 85.9

e

Predicted Predicted
g g > o E £ g > o £
s & & & 3 s & & & 3
& © e 8 & © e 8
Optimal | 94.97 1.89 0 0 314 Optimal ~ 91.19 314 0 0 5.66
= Good 1.98 88.12 9.9 0 0 = Good 2.97 89.1 7.92 0 0
Z Regular 0 0 97.81 1.7 0.48 Z Regular 0 0.72 95.62 3.4 0.24
< Bad 0 0 1.99 94.42 3.58 < Bad 0 0 5.58 92.03 2.39
Pessimal  0.66 0 0 5.33 9 Pessimal  1.33 0 0.66 4.66 93.33
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4. Discussion

The research work that used machine vision techniques was performed as expected.
In addition, given the accuracy in the extraction of information, among the obtained
accelerations, they are good options to solve this problem. However, better working
methods could still be found, such as the use of CUDA programming for obtaining much
greater acceleration.

The rest of the experiments are more complex; for the discussion of each of them, we
created a specific section for each one.

4.1. Nodule Shape Results Discussion

Regarding the nodule shape classification problem, it is clear that both VGG16 and
VGG19 fail to understand the problem, most likely because they are not fit to deal with these
kinds of shapes. The main model used for the classification problem was very effective
from the start, obtaining a 93% accuracy, but there was a minor issue with the images and
classes. Type V and VI nodules are relatively similar; here is where the model increases
its error deviations. Although at this moment its accuracy is lower than the pipeline, the
single classifier model is faster to train than the pipeline model. Hence, further work could
be conducted to find a better option to create only one DL classifier.

Moreover, considering that accuracy improves while the complexity of the pipeline
increases, it is possible that results would improve using a more complicated structure.
Apart from that, different architectures for each classifier could be useful to test, since
different problems require adequate solutions.

Finally, we must remember that we are using a data-driven approach; thus, the dataset
has a crucial role in the classifiers, and one of the best practices to develop a strong model
is data augmentation. This problem has one advantage—nodules can be rotated at any
angle without losing any characteristics related to the shape. The nodule can be rotated
and flipped, vastly increasing the dataset size. Still, this operation is demanding. As this
consists of research, it is possible to improve these results and close the gap between the
two conflicting types of graphites by dedicating enough time and resources.

4.2. Metallurgical Quality Results Discussion

Before the experimentation in this area, we attempted to process the metallography
directly using a deep learning network on the labeled images. However, we discarded
this approach due to its low accuracy. Further research with different prediction models
could prove if the idea could be done. Hence, this will be considered feasible in future
work to reduce the number of calculations for this purpose. This new way of doing this
will provide the classification in one step only.

As observed in the results of the nodule size classification, most of the models achieved
exceptional accuracy. After all the tests, even the classic methods performed well, display-
ing great results. Nevertheless, ANNs proved to be more accurate at the cost of longer
training times than the previous ones. Despite having success in the experimentation,
many classifiers have not been tested. To obtain an overview of the best classifiers, it will
be necessary to test and compare more than the ones previously discussed as the actual
accuracy could improve.

Moreover, the experimentation could benefit by using an ensemble of classifiers [56]
to obtain the best results. For example, the majority of voting [57] could be included among
them as a method of agreement and to prevent unilateral decisions.

5. Conclusions

Usually, metallographic analyses are based on visual comparisons made by human
beings. Thus, different types of characteristics are determined based on what a person
believes or thinks. This way of working, in addition to being totally subjective, is subscribed
to multiple possibilities of failure or deviations introduced by the variability of the human



J. Manuf. Mater. Process. 2023, 7, 17

16 of 18

being. That is why, through this research work, a way to be more precise was sought,
allowing us to calculate everything in a much more objective way.

In the same way, when these results were made with more advanced microscopes, we
obtained better results due to the measurement device-applied image processing algorithms.
However, the results provided are not as accurate as needed. Hence, in this research work,
we developed a new technique for making this kind of analysis, which is capable of
classifying nodules from metallography in an objective way. The obtained models under
a deep learning architecture improve accuracy in the classification tasks. In fact, they are
able to give classification results for all nodules and, taking into account expert validations,
with better accuracy than the classical methods by extracting numerical values for the
image generated by the microscope. Although in this research work we only applied one
classification method, the employment of this kind of model allowed us to create a huge
classification repository, depending on the customer or the regulation, by easily selecting
and loading a specific model to make this work.

As the experiments were limited due to time and hardware, further research needs to
be done, applying different architectures, methods, and data augmentation techniques in
order to strengthen the classification model. Exceptionally, there could be errors or defects
while cutting metal pieces that produce small malformations on the nodules. In order to
detect them, another classifier could be created to manually or automatically divide them
into their original shapes.

The whole microstructure analysis was not complete without the pearlite and ferrite
details. This was carried out by chemically attacking the metallic piece and measuring the
proportions from the metallography. The resultant image was not like the ones used for
this experiment; thus, a completely new approach needs to be implemented. Moreover,
the lamellar cast iron faces a similar issue. Contrary to nodules, the graphite part was
distributed in line-like shapes across the iron part, which is why the same approach would
be valid to solve the quality determination problem for this type of iron. Instead of
classifying separated circles, these lines are interconnected in most cases, increasing the
categorization difficulty. The main idea behind the development of these two iron analysis
types is to build microstructure examination software to improve and ease labor.

Regarding other types of material, aluminum analysis faces an identical situation to
that in this research. Nodule extraction, measurements, and classifications provide a strong
start to adapt this analysis to the different domains. Further research must be carried out
on how it could be solved with a similar approach.

To summarize, using the methods proposed in this paper, both nodule size and shape
classification were successfully achieved; therefore, we completed all of the objectives set
out for this research and proved the usefulness of deep learning networks and artificial
neural networks. Our main contributions to this research work are as follows. We:

1.  Presented an approach to manage the characterization of metallographic images.

2. Provided a deep learning-based method to classify nodule characteristics.

3.  Introduced a multiple-level classifier (classification pipeline) to improve the type of
classification.

4. Completed the feature extraction by determining the quality of metal made thanks to
the employment of an ANN classification.

5. Proposed a new way of classification, which is easy to manage and make different
classifications based on different conditions.

6. Defined how it could be created via a small software prototype that is able to handle
all metallographic analyses in offline and online manners.
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