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Abstract: Fracture surface analysis is crucial in investigating manufacturing failures and material characterization.
Traditional manual inspection methods are slow and subjective, prompting the need for efficient automated tools using
advanced computer vision techniques. Recent machine learning models for classifying surface fractures show potentials
but struggle due to the lack of large, labeled datasets. This study explores the potential application of autoencoders, a
self-supervised neural network, to identify unintended fracture surfaces from anomalous manufacturing of tungsten-
heavy alloys. The proposed autoencoder-based model achieves 97% accuracy in distinguishing undesirable fracture
patterns by analyzing the reconstruction loss of the images, surpassing existing methods. This high accuracy highlights
the autoencoder's ability to automatically extract and reduce dimensional features from fracture surfaces effectively.
The experimental result obtained on tungsten-heavy alloys demonstrate the model's potential towards developing
autoencoder-based automated tools for fractographic analyses across various materials and operational scenarios.

Index Terms: Autoencoder, Fractography, Machine Learning, Computer Vision Technique, Tungsten Heavy Alloys
(WHA)

1. Introduction

Fracture surface analysis is a crucial aspect of materials characterization, providing valuable insights into the
mechanisms of material failure and underlying causes. Traditional manual identification methods for fracture surfaces
are time-consuming, subjective and heavily reliant on expert knowledge. However, the advent of machine learning
techniques and its ability to automatically extract intricate features from raw images has paved the way for more
efficient and accurate detection approaches for Undesired fracture patterns caused due to manufacturing error during
production of many engineering materials which include metal alloys, concrete, polymers, ceramics etc.
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Tungsten [wolfram] Heavy Alloys (WHA) are two-phase composites [1] with 88-98% tungsten content and
alloying elements like Ni, Fe, or Cu forming the matrix. Typically, Tungsten Heavy Alloy is used in structural
components in military and industrial applications where high density, high strength and ductility are required. WHAS
are manufactured by various processing techniques [2] such as regular powder metallurgy, powder injection molding,
microwave sintering, spark plasma sintering etc. The presence of a metal matrix along with high -tungsten content
leads to excellent ductility, strength and machinability of the resulting alloy. Key mechanical properties including
strength, fracture toughness and anti-corrosion characteristics, are superior in WHA with up to 97% tungsten compared
to those with 99% tungsten. This improvement is attributed to a more uniform microstructure due to finer tungsten
grains and a larger matrix volume fraction. As the tungsten percentage increases beyond 97%, WHA's mechanical
properties decline rapidly [3]. These unique attributes make WHAS very suitable for specialized applications such as
radiation shields, vibration dampers, rocket nozzles, machining tools, and electrical contacts. Hence, it is critical to
distinguish between fracture surfaces of components made of standard WHAs (88-98%W) and those caused by higher
tungsten levels (99%W or more) due to manufacturing errors. This differentiation is essential for preventing potential
premature failures of WHA and probing the underlying causes of manufacturing issues. The conventional manual
techniques for detecting the manufacturing defects involve inspection of fractured surface images. Such techniques are
characterized by their labor-intensive nature, subjectivity, and significant dependence on the expertise of individuals.
Imperatively, there has always been a demand for development of automated tools that can distinguish fracture patterns
originating from the production failures.

In recent years, several studies have adopted computer vision-based supervised learning [4-12] approaches for the
automated classification of fracture patterns using image datasets labelled by experts. However, obtaining extensive
labelled data is challenging due to the labor-intensive annotation process and the wide variety of fracture patterns.
Therefore, there is a need for models that can achieve desired results with limited data [5]. Some studies have utilized
textural feature extraction, involving manual feature engineering, followed by various classifier algorithms such as
Support Vector Machine (SVM) and Atrtificial Neural Network (ANN) [4], Linear Discriminant Analysis (LDA) [8],
and Linear Logistic Regression [11]. This approach suffers from limited feature representation and may overlook
complex patterns in the data that deep learning models can capture. In an investigation traditional deep learning and m-
DAWN architectures [9] have been used on fracture surface classification and achieved an accuracy of 85-87%, In
contrast, unsupervised techniques [13] eliminate the need for substantial annotation of diverse fracture patterns.
However, these techniques lack a definitive similarity measure to effectively isolate undesirable fracture patterns.
Therefore, the development of better and robust models that can adopt automated feature extraction and provide higher
accuracy with limited dataset and without extensive labelling is anticipated in the future.

In response to these challenges, our proposed work introduces a novel approach to explore the potential application
of autoencoders for fractographic analysis of metallic materials like WHA. Autoencoders are a special type of neural
network model, often known as self-supervised model that can generate compressed representation of input data while
retaining the essential features and attempts to reproduce the original data with minimum error from the compressed
representation. The concept of using autoencoders in the context of surface defects of engineering materials has gained
attention recently [18-24] due to its potential in reducing the dependency on explicit feature extraction approaches. Our
proposed model is found to be capable of learning from fracture surface images through the inherent architecture of
autoencoder while capturing the essential structural patterns of Desired fractured images. By computing the threshold
values of reconstruction losses produced by the autoencoder module, our model effectively distinguishes between
fracture images of regular WHAs (88-98%W) and those with higher tungsten content (99%W or more), as depicted in
Fig.1. In comparison to existing models, our proposed model outperforms with a 97% accuracy in fracture type
differentiation. This approach not only overcomes the challenges associated with traditional supervised and
unsupervised learning methods but also introduces a level of accuracy that surpasses previous studies.

@ O

Fig. 1. (a) standard desirable fracture surface image of WHA (88-98%) and (b) undesirable fracture surface image for 99%W alloy indicating anomaly

The remaining sections of the article is structured as follows. Section 2 describes the related works and the
contributory scope of the proposed work on the potential application of machine learning to the fractographic study of
materials. Section 3, elaborates on the proposed approaches, specifically focusing on an autoencoder- based model for
detecting fracture patterns. Section 4 provides the comprehensive details of experiments, results, and analysis. The
concluding remarks and avenues of further research are presented in Section 5.
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2. Survey of Literature

Fractography is that branch of material science [14] wherein one studies the topographical features of fracture to
characterize the various fracture modes, e.g., ductile, brittle, fatigue, corrosion or a mix of various modes depending on
various intrinsic (microstructure) and extrinsic (imposed loading) conditions. Crack propagation path during fracture
process leads to transgranular and intergranular fracture events. Few other attributes [15] such as grain size, orientation,
defects and inclusions, phase distribution with intermetallic phases play crucial role in determining fracture behavior and
related mechanism. The analysis of fractography and subsequent characterization is traditionally carried out by experts
through visual inspection using a stereoscopic microscope and a Scanning Electron Microscope (SEM). Understandably,
this manual approach is cumbersome, as it involves subjective judgments, making it unsuitable for quantitative analysis.

In order to present a contemporary survey of machine learning-based approaches for fractography, we focused
primarily on deep learning-based solutions proposed by eminent researchers and practitioners. Mar’ia X. Bastidas-
Rodrigueza et al. [4] presented a classification model based on Artificial Neural Network (ANN) that classifies three
common fracture patterns, namely, ductile, brittle and fatigue with 81-85% accuracy. Ashish Sinha and K.S Suresh
proposed a novel approach [5] for dimple segmentation in quantitative fractography using deep learning techniques.
Konovalenko et al. [6] successfully deployed a 4-layer CNN to investigate the rupture surface of titanium alloys like
VT23 & VT23M. Detailed characterization studies using image texture analysis were conducted by Dutta S et al. [7] on
various grades of stainless steel fractography and established few texture descriptors are strongly correlated with
mechanical properties. In the research conducted by Dayakar L. Naik et al. [8], a Linear Discriminant Analysis (LDA)
based classifier with Local Binary Pattern (LBP) as texture features was applied to categorize fracture surface images of
ASTM A992 structural steel with reported accuracy of 94%. In another study by Mar"1a X. Bastidas- Rodrigueza et al.
[9] presented a deep learning approach for classifying fracture surfaces in metallic materials. They compared the
performances of various Convolutional Neural Networks (CNN) and reported a F1 score of 0.864 on SEM images using
a modified DAWN architecture. Stylianos Tsopanidis and team [10] formulated a pre-trained CNN with U-net
architecture for semantic segmentation to examine the fracture surface of MgAI204 samples. Texture analysis-based
approach for classifying fractures surfaces were explored by Akihiro Endo et al. [11] using Linear logistic regression
and classification by voting, achieving ~90% accuracy even with small datasets. Han Yan and colleagues [12] proposed
a Multi-perception Region of Interest Feature Fusion (MRIFF) method, employing deep learning techniques to
recognize various metal fracture types.

As an alternative to completely supervised learning approaches as discussed before, Stylianos Tsopanidis et al. [13]
proposed a hybrid framework using both unsupervised and supervised machine learning techniques for fractographic
characterization of Tungsten Heavy Alloys with varying compositions. The proposed model applies clustering to the
fracture patterns using k-Means algorithm and subsequently deploys k-NN classification on the clustered data points for
the identification of various fracture patterns. The reported accuracy for clustering is 91%, while the accuracy for
classification is 93%.

Although the use of Autoencoder-based classifiers in fractographic analysis is still very limited, they have been
employed in numerous studies to recognize surface defects in various materials. These classifiers leverage automatic
feature extraction to detect a wide range of defects with minimal domain expertise. Mujeeb, Abdul et al. [18] have
adopted a deep autoencoder network with data augmentation to generate unique image descriptors for detecting surface
level manufacturing defects through similarity matching that doesn't rely on defect samples for training. Di, He et al.
[19] proposed CAE-SGAN method, combining Convolutional Autoencoder (CAE) and semi-supervised Generative
Adversarial Networks (SGAN), by training on unlabeled data to enhance feature extraction and classification accuracy,
and demonstrated defect detection accuracy enhancement by around 16% over traditional methods. S. Bunrit et al. [20]
have demonstrated that transfer learning with pre-trained CNN models like GoogleNet and ResNet101, originally
trained on ImageNet, shows high accuracy for classifying construction material images. Applying Autoencoder on top
of the pre-trained transferred features, the performance can be further improved. Numerous investigations have utilized
autoencoders for anomaly detection. Chow et al. [21] demonstrated a convolutional autoencoder's high accuracy and
efficiency in detecting concrete defects like cracks and spalling, adapting to various conditions. Tsai et al. [22]
enhanced defect detection in manufacturing and concrete structures with regularized CAEs, outperforming traditional
models. Additionally, Liu et al. [23] proposed a semi-supervised method with dual prototypes autoencoder for industrial
inspection, demonstrating the generalization and effectiveness of the proposed method on 4 datasets consisting of
various materials, while Sun, Zhongju et al. [24] introduced random anomaly multi-scale feature focused
autoencoder (RAMFAE), an unsupervised visual anomaly detection method.

2.1 Contributory Scope of the Proposed Work

Despite increasing interest in quantitative fractographic analysis of materials [10, 25, 26], the use of machine
learning in this field is still emerging. While some studies have employed supervised learning-based models like CNN
for fractographic analysis and semi-supervised models such as autoencoders for surface defect recognition, the
application of autoencoder-based models in fractographic analysis remains very limited yet. The set of publications
presented so far are indicative of the possibility of further scope of study in this specific field in view of the recent
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emerging deep learning-based techniques. Our proposed work is intended to leverage the power of latest machine
learning concepts in the following way:

1. Application of autoencoder as one of the effective approaches in fractographic investigation.

2. Study of reconstruction loss produced by autoencoder module while applied to various fracture patterns and
computation of threshold value using various thresholding techniques to distinguish fracture pattern of interest.

3. Application of the proposed model as automated fracture inspection tool for detection of probable
manufacturing anomalies. The current work is an objective example of the proposed approach.

3. Proposed Work

Our research builds upon the dataset of Tsopanidis and Osovski [13]. In contrast to the data pipeline based on
unsupervised clustering technique followed by k-nearest neighbor, termed as minimally supervised algorithm described
in their work, our investigation presents a self-supervised algorithm, an autoencoder based computer vision model for
detection of fracture patterns, processing through the dataset of SEM fracture images.

3.1 Overall Approach

The fracture pattern detection model consists of 2 modules: a) autoencoder module, to reconstruct the images from
original images and b) reconstruction loss computation module, to compute the reconstruction loss for the image dataset.
Loss of each fracture image is compared with threshold loss (R) obtained either by manual or automated technique and
thus distinguished as Desired & Undesired fracture images. The broad view of the approach during deployment phase is
depicted in Fig. 2.

Surface
defect Image
Dataset

Reconstruction )
Autoencoder | Reconstructed Loss Reconstruction

Model Images Computation Loss <=
- Non-Target
Class

Module Threshold

At the outset, fracture image dataset of WHASs (92-95-97-99%) is imported from the repository. Then the image
dataset is segmented into training, validation and testing datasets. Thereby, fracture images of standard WHA (92- 95-
97%), used for training the model & validating the same, termed as “Desired” class, while the same of WHA (99%),
used for testing the model is termed as “Undesired” class. Training datasets are further augmented by flip technique, to
increase the diversity of training data, subsequently to be fed to the proposed model. The detailed block diagram of the
proposed autoencoder based fracture pattern detection model for identifying the various fracture types of WHA
materials is presented in Fig 3.

The fundamental design of the proposed model centers around the use of an autoencoder approach, featuring two
Convolutional (Conv) layers in both the encoder and decoder blocks, depicted in Fig. 4. In this architecture, the encoder
compresses the images into a lower-dimensional latent space representation, which the decoder then utilizes to
reconstruct the original images. During training, only Desired class images are used to create a lower- dimensional
latent space representation, minimizing reconstruction loss discrepancies. The rationale behind this approach is that
during testing, the decoder's reconstruction of Desired class images from the latent space representation will exhibit
lower reconstruction loss compared to Undesired class images. Consequently, following training, testing datasets
comprising of both Desired and Undesired images are reconstructed to compute reconstruction losses.

Subsequently, a histogram representing the frequency distribution of the reconstruction loss for each test image is
presented in Fig. 6. An optimal threshold value, denoted as R, is determined through analysis of the frequency
distribution curve, using both manual and automated threshold determination techniques. The determined value of "R"
is subsequently utilized to categorize test images. If the reconstruction loss of an image falls within the threshold, it is
predicted to belong to the Desired class; otherwise, it is categorized as belonging to the Undesired class. This process
ensures effective detection of Undesired class of images between different fracture types in WHA materials.

Fig. 2. Flow diagram of the proposed model during deployment phase
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Fig. 3. Block diagram of proposed approach

3.2 Autoencoder based Fracture Pattern Detection Model

Autoencoders are a special type of feed forward neural networks where output is same as input. They compress the
input into a lower dimensional code and then reconstructs the output from this representation. An autoencoder consists of
3 components — encoder, code and decoder- while encoder compresses the image and produces the code, decoder
reconstructs the image using the code. Hence reconstruction loss is an indicator of training efficacy and thus a self-
supervised trained autoencoder can be considered as binary classifier for Desired class.
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Fig. 4. Autoencoder architecture

Network architecture:

An autoencoder network architecture typically consists of a sequence of encoder and decoder parts. Fig. 4
illustrates an autoencoder architecture, with its structural specifications provided in Table 1. The encoder part of the
autoencoder consists of two convolutional layers with 16 and 8 filters respectively. Each convolutional layer is followed
by a MaxPooling layer with a 2X2 pool size which reduces the spatial dimensions of the input feature maps. The
decoder part mirrors the encoder architecture. It starts with a Convolutional layer with 8 filters, followed by an
UpSampling layer with a 2x2 size to increase the spatial dimensions. Next, there is another Convolutional layer with 16
filters and an UpSampling layer. Finally, the decoder ends with a Convolutional layer with 1 filter and a sigmoid
activation function to reconstruct the original input image.

Table 1. Overview of autoencoder network architecture parameters shown in Fig. 4

Layer Name Structural Overview of the Layer

Conv2D Filters: 16/ 8/ 1; Kernel size: 3x3; Strides: 1x1; Padding: Same; Activation: RELU/ Sigmoid
MaxPooling2D Pool size: 2x2; Strides: 2x2; Padding: Same

UpSampling2D Size: 2x2

The autoencoder network architecture parameters shown in Fig. 4 are outlined in Table 1 wherein the size of the
kernel, used in Conv2D layers is 3x3, meaning the filter analyzes small 3x3 pixel regions of the input at a time. Strides
are set to 1x1, meaning the filter moves one pixel at a time. "Same" padding ensures the output size is the same as the
input by adding padding around the borders. Rectified Linear Unit (RELU) activation function is used for most of the
layers, introducing non-linearity, in contrast to Sigmoid activation function which is ideal for tasks like image
reconstruction.

The proposed autoencoder model learns to encode the input image into a lower-dimensional representation and then
decode it back to reconstruct the original image. Therefore, if an image of 448 x 448 pixels is fed into the encoder as
input, an image of 448 x 448 pixels is generated as the final output, with a progression of the output shape of the image
at each layer of autoencoder as shown in Fig. 5.

While the ultimate Conv layer of the autoencoder deploys a Sigmoid activation function, as it suits binary
classification, the remaining Conv layers of the encoder and decoder include a Rectified Linear Unit (ReLU) activation
function. This choice is motivated by its acknowledged advantages, including faster convergence during training and
prevention of the vanishing gradient problem. Identical padding is used to ensure the spatial dimensions of the input and
output feature maps remain the same.
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Fig. 5. Detailed Network architecture and output shape of each image at each layer
Reconstruction loss:

Initially, the autoencoder was trained on the training dataset and its performance was evaluated on the validation
dataset by calculating the reconstruction loss. Training dataset and validation dataset, as described in the diagram Fig.3,
both belong to Desired class image dataset.

The reconstruction loss, representing the difference between the original test images and their reconstructed
counterparts, used as a performance metric to evaluate how well the autoencoder can reconstruct the test data, was
computed, indicated as Mean Reconstruction Loss (MRL) as below:

MRL = % Z?zl(Xtestlmgi — Reconlmg;)? (1)
Where:

e nisthe number of samples in the test set
e  Xtestimgi represents the i-th sample in the test set
e Reconlmgi represents the reconstructed image of the i-th sample from the autoencoder model

Threshold selection:

After completing the model training phase and processing the test dataset through the trained model, histogram of
the test data, representing the frequency of each reconstruction loss is plotted. The resulting frequency distribution curve
of reconstruction loss values is examined to determine the optimal threshold value, denoted as "R," shown in Fig.6. Two
threshold determination methods are employed, as follows:

(a) One method adopts manual determination through visual observation of the histogram of reconstruction loss,

where threshold is calculated optimally (valley between the peaks) so that False Positive (FP) and False
Positive (FN) are minimized.
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Frequency Vs Reconstruction Loss

Desired R .
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Fig. 6. Selection of reconstruction loss threshold (R) for Desired & Undesired class of images

The determined value of "R" is then used to classify test images: if an image's reconstruction loss is within the
threshold "R," it is predicted to belong to the Desired class; otherwise, it is categorized as Undesired class.

(b) Another method employs an automated thresholding technique derived from Kapur's [16-17] and Otsu [27]
histogram threshold. Kapur's thresholding effectively adapts to varying data distributions, making it ideal for
datasets with overlapping or ambiguous class boundaries. This is an entropy-based approach where entropy of
Desired & Undesired classes is computed as:

¢ L-1
Hop(® = - E 2 log, (21 and Hy , (6) = - E - tog, (2 @
i=0 i=t+1

e H,,(t)is the entropy of distribution of Desired classes and H,,,, (t)is the entropy of distribution of Undesired
classes

e p(i) is the probability of reconstruction loss of i-th bin

*  Pu,& Py, are the total probabilities for each range

e tis the threshold candidate during the process of finding the optimal threshold

e L isthe highest reconstruction loss

e 1 is the final optimal threshold that maximizes the sum of entropies of two probability distributions (Desired
and Undesired classes).

Where:

This method calculates the final optimal threshold (t) based on the probability distributions and entropy values
derived from the reconstruction losses. This 7 is then used to classify images into desired and undesired classes.

While manual thresholding offers control and more intuitive, it is time consuming for large datasets and complex
histogram. Therefore, our proposed model includes the automated threshold using Kapur’s threshold approach, which
reduces the need for manual intervention and subjectivity. This method is preferred over other automated thresholding
methods due to its robustness against noise.

4. Experiments, Results & Performance Analysis

4.1 Dataset

(b)

Fig. 7. (a) Three random SEM image samples of (a) 92%W, (b) 95%W, (c) 97%W, each belonging to specific mass% W, (d) One random SEM image
sample of 99%W showing undesirable fracture
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Different samples belonging to different compositions of Tungsten Heavy Alloys are produced and undergo a
tensile testing process at a strain rate of 1000 S. Subsequently, the fracture surfaces originating from the tensile testing
process are scanned using SEM and an image dataset with each image dimension of 448 x 448 pixels are prepared by
cropping the original SEM images.

In our experimentation, a similar dataset is imported from the publicly available data repository mentioned in the
acknowledgement section. The dataset of 648 SEM images containing the fracture patterns is divided into four distinct
classes corresponding to four different compositional percentages of tungsten e.g., 92%, 95%, 97%, and 99%. There are
162 images in each class representing a specific compositional percentage of tungsten. Fig. 7 presents fracture images
of four classes corresponding to four different compositional percentages of tungsten e.g., 92%, 95%, 97%, and 99%.

SEM images belonging to the mass percentages of tungsten at 92%, 95%, and 97% corroborate the typical fracture
characteristics of standard WHASs (trans-granular cleavage and intergranular brittle fracture with matrix rupture) and all
exhibit similar surface morphology [13]. In contrast, SEM images corresponding to the 99% mass percentages of
tungsten predominantly exhibit distinct brittle features that differ from other categories (Fig. 7).

In view of the above-mentioned factual observation, a total of 486 images (belonging to the typical 92-95- 97%
WHA category) are clubbed together and designated as Desired class "T™ while the remaining 162 images (belonging to
the 99% W category) are designated as Undesired class "F". The images of class T are split into a typical 80-20 ratio for
training and validation of the autoencoder model. Hence, a total of 389 images are used for training the model, while the
remaining 97 images are used for validating the training efficacy.

4.2 Data Augmentation and Preprocessing

In order to increase the size of our training dataset and improve the generalization capability of model, each image
of the dataset belonging to the 92-95-97% W category (486 images) is flipped vertically (upside-down; mirrors images
along the horizontal axis with a 100% chance) to generate a total of 972 images. Simpler technique like flipping was
chosen to introduce orientation variation while preserving image features. Therefore, eventually, 778 images are used
for training the model and 194 images are used for validation purposes.

The images undergo preprocessing, including resizing to 224x224 pixels, converting to grayscale, and applying a
5x5 Gaussian blur to reduce noise. Resizing ensures compatibility with the autoencoder model, and blurring aids in
noise reduction.

4.3 Key Parameters used in Training the Autoencoder

An optimizer is a critical component in training the machine learning models as it plays a key role in determining
how the model updates its weights to achieve better results. Additionally, loss functions also play a crucial role in
guiding the training process by allowing the model to adjust its parameters during the training process to minimize the
reconstruction loss of the autoencoder model.

In the Fig.8 (a), it is evident that Adaptive Moment Estimate (ADAM) optimizer leads to optimally lesser loss, thus
in turn leading to faster convergence over Stochastic Gradient Descent (SGD) optimizer. Similarly, it is found in the Fig.8
(b), though BCE Loss function is often used for binary classification tasks, MSE Loss function is preferred in our
proposed work as it results in much lesser loss.

— Optimizer (ADAM) Loss Function (MSE)

0.04 — Optimizer (SGD) Loss Function (BCE)
003 \ os
«n 0.6

38 0.02 0
S 8 04
0.01 0.2
0 0 S==mb
0 5 10 15 20 0 S 10 15 20
Epochs Epochs

(a) (b)

Fig. 8. Loss over training using Autoencoder model (a) with ADAM & SGD optimizer, (b) with Mean Squared Error (MSE) & Binary Cross-Entropy
(BCE) loss function

Fig. 9 illustrates the loss and accuracy metrics throughout the training phase of the autoencoder. The graph reveals
a consistent decline in loss as the number of epochs increases, ensuring a progressive learning capability of the model. It
is further observed that loss during training reaches an optimally low at around epoch 15. This suggests that the model
has already learned the underlying patterns in the data, and its effectiveness would not increase significantly with a
greater number of epochs.
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Fig. 9. Loss & accuracy over training using autoencoder

4.4 Differentiation of Fracture Pattern based on Reconstruction Loss

Frequency distribution of reconstruction loss is plotted for image dataset belonging to Desired classes and
Undesired classes as shown in Fig. 10. Reconstruction loss of Desired dataset of images is found to be 0.0016 and the
same for Undesired dataset of images is found to be 0.0029. Therefore, by observing the reconstruction loss of
individual Desired and Undesired classes as well as the frequency distribution, the threshold R may be determined
optimally so that the number of FPs and FNs are minimized in case of manual thresholding. Similarly, in Automated
thresholding. optimal threshold is determined by maximizing entropy leading to more effective discrimination between
different classes.

Frequency Diagram of Reconstruction Loss

12 H Desired Class
[ Undesired Class

---- Threshold
10 A

Frequency
[=2]
1

T T T
0.0010 0.0015 0.0020 0.0025 0.0030 0.0035
Reconstruction Loss

Fig. 10. Frequency distribution of reconstruction loss & categorization using threshold

Once the threshold is computed either manually or automatically, images with reconstruction loss below the
threshold value are classified as Desired class, while images with reconstruction loss above the threshold value are
classified as Undesired class.

4.5 Performance Analysis

The model is evaluated using a holdout validation approach where 100 test images, equally divided between the
Desired class T and the Undesired class F, which are not part of the training data. The performance of the model is
analyzed with Confusion Matrix as well as using various assessment metrics including precision, recall, F1 score,
accuracy and Receiver Operating Characteristic (ROC). ROC is often used as single-value metric to summarize the
overall performance of the model and ranges from 0 to 1. The higher the ROC value, the better is the model’s ability to
discriminate between positive and negative instances suggesting better performance.

Using manual threshold:

The confusion matrix, reveals that the model achieves an accuracy of 97%, with 48 correctly detected instances of
class T and 49 correctly detected instances of class F (Table 2).
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Table 2. Confusion matrix of fracture image detection using proposed model

Actual vs Predicted Actual Desired Class T Actual Undesired class F
Predicted Desired class T 48 2
Predicted Undesired class F 1 49

The precision, recall, and F1 score for class T were found to be 95%, 100%, and 97% respectively (Table 3).
Certain erroneous predictions of False positive (FP) and False Negative (FN) images along with ROC curve are
presented in Fig. 11.

Table 3. Performance on fracture image detection using proposed model (Desired Class)

Precision Recall F1 Score Accuracy

95% 100% 97% 97%

Images with indices 57 and 96 (belonging to Undesired class) have been falsely identified as Desired class (FP) by
the model with repeated tests on the dataset, while image with index 97 has been falsely identified as Desired class (FP)
once. Closure scrutiny on the images reveals that the presence of multiple transgranular cleavage (marked through
arrow) may lead the model to do so. Limited presence of similar feature in image with index 97 leads to its occasional
failure as FP. This confirms the effectiveness of the proposed fracture pattern detection model satisfactorily.

False Positive [Indices: 57, 96, 97-Test dataset]
False Negative [Indices: -Test dataset]

ROC Curve

0.8 | g

- ROC curve (area = 0.97)

0.0 0.2 0.4 0.6 08 10
False Positive Rate

(@) (b)
Fig. 11. (a) FP & FN instances by proposed model, (b) ROC curve

Using automated threshold:

In Table 4, the results of applying both manual and automated thresholding techniques (Otsu and Kapur) are
compared, including various performance parameters.

Table 4. Threshold and other performance parameters using manual and automated threshold

Technique Threshold Precision Recall F1 Score Accuracy
Manual Thresholding 0.0022 0.9467 1.0000 0.9733 0.9733
Automated (Otsu’s) Thresholding 0.0023 0.9453 0.9577 0.9514 0.9533
Automated (Kapur’s) Thresholding 0.0021 0.9600 0.9667 0.9633 0.9633

Manual thresholding technique achieved perfect recall (1.0000), meaning it identified all true positive. The F1
score (0.9733) and accuracy (0.9733) were slightly higher than the automated method, suggesting a slight overall
performance edge of manual thresholding over automated one. On other hand, automated thresholding technique had
slight edge in precision (0.9600), indicating few lesser false positives besides saving manual effort. The small
differences in performances suggest that either method could be viable depending on the specific needs.

4.6 Performance comparison

Table 5 presents a performance comparison between proposed autoencoder based model and other existing models.
The proposed autoencoder based model showcases superior performance with an accuracy of 97% highlighting its
effectiveness for fracture image detection in metallic materials.
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Table 5. Performance comparison of the proposed model with other models

Model Key Module Performance Measure

Stylianos Tsopanidig ) i} ] o
et al. (2021) [13] \VGG-16, PCA, t-SNE, k-Means and KNN IAccuracy: 93%

Textural feature extraction, Linear logistic (@) Accuracy: 90%
IAkihiro Endo et alregression, classification by voting Precision, Recall, F1 Score > 0.8
(2022) [11] (@) Low magnification situation (b) Accuracy: 87%
(b) High magnification situation Precision, Recall, F1 Score > 0.9
M. X. Bastidas-(a) ResNet— 18 (a) Accuracy: 85.48%, F1 score: 0.848
Rodriguez (2020) (b) DenseNet — 21 (b) Accuracy: 81.45%, F1 score: 0.802
[9] (c) M-DAWN (c) Accuracy: 87.10%, F1 score: 0.864
Dayakar L. Naik et Linear Binary pattern (LBP), texture quantification algo with - 040
al. (2019) [8] LDA classifier fccuracy: 94%
M. X. Bastidas- . (2) Accuracy: 75-79%, Sensitivity: 68-93%, Specificity: 72-81%
Rodriguez (2016) (g) Texturall ieature extraction, SVM (b) Accuracy: 81-85%, Sensitivity: 64-92%, Specificity: 82
[4] (b) Textural feature extraction, ANN 01%
. 0, icinn: . .
Autoencoder, thresholding on reconstruction loss éaggegcuracy. 97%, Precision: 0.9467, Recall: 1.0, F1 score:

Proposed Model (@ Manual thresholding

(b) Automated thresholding (b) Accuracy: 96%, Precision: 0.9600, Recall: 0.9667, F1

score: 0.9633

The combination of unsupervised learning which automatically extracts relevant features from fracture images, more
effective feature extraction through dimensionality reduction, and thresholding on reconstruction loss which provides a
mechanism to fine tune the boundaries appear to contribute to the superior performance observed in the proposed model.

5. Conclusion

In this study, we implemented an autoencoder-based fracture pattern detection model for Tungsten Heavy Alloys
with different compositions. The model achieved a high accuracy of 97%, with precision, recall, and F1 score values
over 90% for both Desired and Undesired fracture classes using both manual and Kapur's automated thresholding
methods. The minor differences in performance involving two thresholding methods suggest either of the thresholding
method could be viable depending on specific needs.

These autoencoder-based classifiers automatically extract features to detect various fracture types with minimal
domain expertise, making them highly effective tools for fractographic analysis. They identify manufacturing errors by
detecting undesired fracture classes within desired ones, aiding in understanding the causes of failure in WHA-based
structural components.

This model can be extended in future studies to detect various types of fractures in different structural materials,
not limited to metals. It can identify fractures resulting from manufacturing errors and different fracture patterns and
failure modes, such as ductile versus brittle fractures, progressive failures like fatigue, corrosion fatigue, creep, and
mixed fracture modes. Additionally, it can segment fracture surface types where one fracture type overlaps and
transitions to another. This characterization framework aims to detect, identify, recognize, and segment various fracture
types, enhancing the understanding of underlying failure mechanisms of materials, thereby contributing to significant
advancements in structural engineering.
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