www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Machine learning of automatic
hierarchical multi-label
classification method for
identifying metal failure
mechanisms

Ruitong Han¥’7, Chang-Bo Liu%’, Wanting Sun®¢*?, ShuaiYu*, Haoran Zheng**“ & Lin Deng®

In this study, a hierarchical multi-label classification method called HFFNet-2d is proposed for the
automatic classification of scanning electron microscope (SEM) images of metal failure. The method
combines the advantages of convolutional neural networks (CNN) and Vision Transformers (ViT)

to effectively realize hierarchical feature extraction and classification of SEM images of fracture
morphologies, enabling accurate identification of metal failure mechanisms at different scales.

The dataset of high-quality SEM images in this work is sourced from reputable materials science
publications for its comprehensive coverage of various failure modes and its suitability for training
and validating the hierarchical multi-label classification model. The HFFNet-2d model can achieve a
high accuracy of 97.71% in the first-level classification and 92.62% in the second-level sub-category
identification. This performance surpasses the human experts on the same task. To ensure that the
model predictions are sufficiently reliable, a multi-level gradcam algorithm is also introduced for
checking the regions of interest of the Hierarchical model at two levels and the comparisons are made
with human experts. It is anticipated that the optimization and extension of HFFNet-2d are conducive
in diverse material systems and application scenarios to accelerate the intelligent process of material
development and failure analysis, ultimately supporting the design of reliable and high-performance
engineering materials.

Keywords Scanning Electron microscope, Metal failure analysis, Deep learning, GradCAM, Convolutional
neural networks, Vision Transformers

The occurrence of material failure during service is inevitable, leading to equipment failures, production halts,
and economic losses, which can even pose a threat to personal safety!. To mitigate these risks, advancements
in predictive analytics and materials science are essential. Scanning electron microscopy (SEM) can provide
high-resolution images that allows for the detailed examination of material fracture surfaces with micro defects
that are crucial for understanding the mechanisms behind material failure, thereby guiding corrective actions
and improving product reliability>. For example, based on the SEM analysis, the influence of surface quality
on contact-induced failure have underscored the critical role of microstructure characteristics in material
degradation®. Nevertheless, the SEM analysis process can be time-consuming and may introduce biases due to
the heavy reliance on the expertise and subjective interpretation of the analyst. To overcome these limitations,
there is a growing interest in integrating advanced computational tools and machine learning algorithms with
SEM observation to automate the analysis process, enhance objectivity, and improve the efficiency of failure
analysis.
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The analysis of failure modes and mechanisms in metallic materials involves a systematic and hierarchical
task that is vital for accurate diagnosis. Herein, in the case of fracture failure, the expert-driven analytical process
can be divided into a series of hierarchical progressive steps as follows: (i) the types of failure (such as fatigue
behavior or wear) are ascertained; (i) the specific failure subtypes (such as brittle and ductile fracture?) are
identified, each exhibiting distinct mechanical behaviors and failure mechanisms with significant implications
for material performance and structural integrity; (iii) the failure mechanisms are determined, which potentially
involve scenarios like low-temperature brittle fracture that occurs under specific environmental conditions?; (iv)
the root cause of failure is identified, which may be derived from factors such as improper material selection,
phase transformation or unexpected temperature variations®. The judgment at each level is based on the previous
level. If there is an error in the judgment at the previous level, it will inevitably lead to a deviation in the direction
of subsequent analysis, and a completely wrong cause of failure may eventually be identified. Such hierarchical
progressive analysis is intricate and heavily relies on the expertise and experience of the analyst. It requires a
meticulous examination of various aspects to accurately determine the failure modes and fracture mechanisms,
including the metallographic structure, morphologies of fracture surface as well as chemical compositions of
metallic materials.

Similar to the failure analysis of engineering structural materials, numerous practical issues also exhibit
a hierarchical structure among categories, wherein a primary category can be further subdivided into
subcategories or integrated into a broader parent category”®. These category labels are stored in the form of
hierarchical structure. Given a sample (text or image), it may correspond to one or more category labels, which
are stored in a hierarchical structure with lower-level labels constrained by higher-level labels. The hierarchy
not only represents the relationships between category labels but also introduces computational complexity
and more challenging features. Generally, this type of classification problem is a well-established challenge in
machine learning, which is usually regarded as Hierarchical Multi-label Classification (HMC)®. It is difficult
for traditional machine learning methods to handle such complex problems due to their limited capabilities
in processing complex high-dimensional data and an inability to understand overly complex label hierarchical
relationships. In contrast, deep learning algorithms are relatively more capable of addressing these tasks and
have been successfully applied to some complex hierarchical multi-label text classification tasks!?-'2

Deep learning is a machine learning technique based on neural networks, which aimed at enabling computers
to learn and understand data by simulating the structure and function of human brain neural networks'?. The
core of deep learning is to use multi-layer neural networks to learn and extract features from data to achieve
efficient processing of complex tasks. Currently, deep learning technique has been extensively applied in various
fields and has achieved remarkable outcomes!*~!8. Convolutional Neural Network (CNN) is widely recognized as
a fundamental and extensively utilized deep learning architecture in the domain of image analysis'®-2!. CNN can
effectively extract local features from images through the combination of convolutional layers and pooling layers,
and then complete classification or regression tasks through fully connected layers. CNN has exhibits excellent
performance in tasks such as image classification, object detection and semantic segmentation?’. Meanwhile,
another important deep learning model is the Transformer?3, which was initially employed in the field of natural
language processing®®. The Transformer can learn the dependencies between different positions in sequence data
through self-attention mechanisms to obtain the processing of long-range information interaction. In recent
years, the Transformer has also been introduced into the field of computer vision?, and significant results have
been achieved in tasks including image classification? and object detection?’.

With regard to the SEM image analysis, deep learning techniques have also been extensively adopted. As
reported, CNN was utilized to extract microphysical features of materials from SEM images to obtain high-
precision classification of images?®. Some studies have also explored novel approaches to effectively elucidate
the practical process-structure-performance (PSP) relationships in various materials through deep learning
technique?>*°. Besides, the deep learning technique was also conducted for predictive microstructure image
generation via a denoising diffusion probability model®!. These studies have demonstrated that deep learning
holds significant potential for delivering intelligent and efficient solutions for SEM image analysis. Nevertheless,
the application of deep learning to the engineering metal failure analysis is still relatively limited, especially
there are few reports on deep learning methods designed for the hierarchical relationships and multi-label
characteristics in failure analysis tasks. In particular, traditional approaches are primarily designed for single-
label classification tasks. However, in engineering metal failure analysis, SEM images inherently involve multi-
scale hierarchical features that correspond to different failure mechanisms at various levels of granularity. For
instance, Level 1 classification may distinguish between mechanical and thermal failures, while Level 2 could
further subdivide these into fatigue fractures or creep fractures. Existing methods face challenges in explicitly
modeling such hierarchical dependencies due to their reliance on single-label outputs, lacking mechanisms to
enforce logical consistency between parent and child classes. Another key challenge lies in addressing multi-
label correlations. Numerous SEM images exhibit co-occurring failure modes. Traditional methods typically
treat labels as independent entities, overlooking latent correlations between hierarchical classes. This lack of
explicit modeling for label interdependencies further underscores the need for tailored solutions in hierarchical
multi-label SEM image analysis.

In this study, an innovative method is developed for failure analysis of metallic materials by constructing a
multi-level HFFNet-2 d deep learning network that integrates CNN and Transformer algorithms. This method
can automatically recognize and diagnose failure modes on the basis of SEM images while considering the
hierarchical constraints between fracture models and the multi-label characteristics of individual samples. The
main innovations of this work can be expressed as (i) the concept of hierarchical multi-label classification is
introduced into the field of engineering metal failure analysis; (ii) the HFFNet-2 d neural network is constructed
by combining the advantages of CNN and Transformer algorithms; (iii) the proposed network supports category
expansion within and between hierarchies, laying the foundation for the future realization of automatic diagnosis
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of various failure analysis types. Eventually, the application of machine learning to SEM data can facilitate the
discovery of new patterns and correlations that may be obscured in traditional analysis, thus broadening the
understanding of material failure and contributing to the advancement of predictive maintenance strategies in
various industries.

Methods

Related work

Deep learning-based SEM image analysis methods

SEM is an important tool for microstructure characterization of engineering structural materials, capable
of obtaining high-resolution images of material surfaces. SEM images contain rich information about the
microstructure and morphology of materials, but traditional SEM image analysis heavily relies on the experience
and knowledge of experts, with issues of low efficiency and subjectivity. In recent years, the development of
deep learning technology has provided new ideas and methods for SEM image analysis®*~>%. For example, a
system for automatic classification of metal pipeline defects was developed using ViT and CNN. A multi-label
dataset containing 2,075 SEM images of four subcategories was created, and eight models at different resolutions
were trained and validated to determine the optimal model. The results demonstrated that the model based on
EfficientNet and ViT can accurately identify metal defects on SEM images in real-time, with accuracy comparable
to manual judgment, and thereby the operational efficiency can be substantially enhanced. Meanwhile, a deep
learning approach was proposed to address the challenge of identifying a consistent and transferable set of
features across material systems, due to the inherent complexity and variability of features in most heterogeneous
materials®’. However, based on the traditional machine learning methods, the rich and diverse nature of features
in such systems made it difficult to define a universal and transferable feature set across these systems. Though
leveraging the flexible architecture and exceptional learning capabilities of deep learning methods, the feature
design step can be bypassed, and it has verified the use of deep learning method without feature engineering in
predicting the micro-elastic strain field of the three-dimensional voxel microstructure of high-contrast dual-
phase composites. Accordingly, deep learning has an excellent performance for implicitly learning significant
information of local neighborhood details.

Hierarchical multi-label classification issues and challenges

Hierarchical Multi-Label Classification (HMC) is a classification task in which a given sample (such as text or
images) can be associated with multiple category labels that are organized in a hierarchical structure®*. Unlike
traditional multi-label classification, the category labels in HMC tasks exhibit hierarchical relationships, and
the lower-level labels are constrained and influenced by higher-level labels. Common methods for hierarchical
multi-label classification can be divided into two major categories: Local and Global, which differ in the way
they utilize hierarchical structure information®*%”. Local methods can learn the relationships between different
levels of categories and texts, and aggregate predictions from different levels to obtain the final prediction results.
These methods usually consist of multiple classification modules, such as top-down hierarchical classification,
and each non-leaf node has a local classifier that predicts the final subcategories based on the predictions of
the parent categories. Local-based methods can utilize finer-grained hierarchical information, but they usually
require the construction of multiple classification modules and are susceptible to error propagation. Recent work
introduced a lightweight multi-scale encoder-decoder with locally enhanced attention, showing promise in
segmenting fine structural defects in concrete®. Global methods are usually composed of a single classification
module that directly utilizes hierarchical structure information for modeling. For example, the hierarchical
structure is used to construct a recursive regularization loss term to constrain the classification parameters.
In contrast, global-based methods are generally simple, but they often cannot exploit fine-grained hierarchical
information when learning text semantic representation, resulting in insufficient model learning performance
and possible underfitting.

Baseline of this work

To verify the effectiveness of method developed in this work, one of the most representative algorithm
architectures Hierarchical Feature Fusion Vision Transformer (HFFVT) was selected for comparison®. Based on
the ViT architecture, a novel image multi-level multi-classification model of HFFVT was proposed. The model
aims to effectively utilize the hierarchical label information of images and enhance classification performance
by fusing feature representations from different levels. Figure 1 illustrates the HFFVT network structure. It
can be found that HFFVT introduces an independent feature embedding module for each classification level,
mapping the image features extracted by ViT into different feature subspaces according to hierarchical labels to
obtain level-specific feature representations. To fully leverage information from different levels, HFFVT designs
a hierarchical feature fusion module that adaptively aggregates features from various levels through cross-level
attention mechanisms, allowing semantic information of different granularities to complement and enhance
each other. During the prediction phase, HFFVT sets up an independent classification head for each level, and
the classification losses of all levels are optimized simultaneously to achieve end-to-end multi-level classification.
Due to the fusion of features at multiple levels, each classification head can benefit from the information at other
levels and improve the overall classification performance. Notably, HFFVT has been extensively tested on the
image classification datasets with hierarchical labels, such as CIFAR-100%, and has been compared with various
methods using CNN and ViT. HFFVT can significantly improve the performance of image multi-level multi-
classification tasks, thereby validating the effectiveness of its multi-level feature fusion strategy. Furthermore,
the ablation study can confirm the critical importance of multi-level feature fusion methods in improving the
performance of hierarchical models.
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Fig. 1. SEM images of various metal failure modes: (a) Metal fatigue; (b) Instantaneous stress-induced plastic
deformation; (c) Stress corrosion cracking; (d) Thermal cycling; (e) Oxide deposition spalling; (f) Deposition-
induced thermal corrosion.

Metal fatigue 327 295 32

Mechanical force-induced failure | Instantaneous stress-induced plastic deformation 365 329 36
Stress corrosion cracking 137 124 13

. . Thermal cycling 727 655 72

Thermal effect-induced failure Oxide depositi . PP . 206 186 20
xide deposition spalling Deposition-induced thermal corrosion 202 182 20

Table 1. Data set categories and data distribution.

Dataset

Data sources and classification scheme

The SEM image data used in this study were sourced from open-access materials science papers in the field of
metal material preparation, performance testing, and failure analysis from the sci-hub repository. A total of
1,964 SEM images with explicit identification of metal failure were manually selected. Subsequently, based on
the explanations provided in the papers for the SEM images and in conjunction with common classification
schemes in the field of materials science for metal failure analysis, a two-level classification scheme was refined
and annotated. The first level was used to identify the root causes of metal material failure, i.e. failure caused
by mechanical forces or thermal effects. The second level was used to further subdivide each first-level category
into three subcategories. The mechanical force induced-failure was further divided into three subcategories
including metal fatigue, instantaneous stress-induced plastic deformation (such as tensile and compression), and
stress corrosion cracking. The failure caused by thermal effects was further divided into thermal cycling, oxide
deposition spalling, and deposition-induced thermal corrosion. Finally, the data were divided into the training
set and testing set according to the ratio of 9:1. After processing, the specific data categories and distribution are
listed in Table 1.

Theoretical basis of the data classification scheme

Metal fatigue is a material degradation process in which cyclic loading induces the initiation and propagation
of microcracks, ultimately resulting in the occurrence of fracture (Fig. 1). Figure 1(a) presents the SEM image
as an example of metal fatigue data. This is usually due to local stress exceeding the material limit at stress
concentration sites (such as microcracks, pits, or scratches), leading to the gradual propagation of cracks. Long-
term repeated stress (even below the strength limit of material) can also cause the dislocation movement and
multiplication in the metal lattice to reduce the intergranular force, and eventually the fatigue cracks can be
generated in the material.

Instantaneous stress causes permanent plastic deformation on a macroscopic level, while on a microscopic
level this is caused by the movement and interaction of dislocations in the slip system*!. When the stress exceeds
the limit of fracture strength, the fracture occurs. The fracture modes can be divided into brittle fracture and
ductile fracture. Figure 1(b) presents the SEM image for an example of permanent plastic deformation caused
by mechanical force. Brittle fracture typically occurs suddenly without obvious prior indication of plastic
deformation, which is predominantly driven by the rapid expansion of cracks. This type of fracture usually
appears in materials with brittle crystal structures and a high density of defects (such as microcracks, voids,
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inclusions, etc.). Ductile fracture is always characterized by obvious plastic deformation prior to failure, as the
material undergoes considerable deformation before fracture with gradual crack propagation.

The stress corrosion cracking (SCC) is a complex phenomenon that is primarily caused by the combined
action of stress state and corrosive environment?2. The tensile stress can be applied directly or may result from
residual stress introduced during manufacturing processes such as cold working, welding, heat treatment,
machining, and grinding. These residual stresses can significantly affect the susceptibility of materials to SCC.
Additionally, SCC is closely associated with the specific combination of material, service environment, and
stress conditions. Figure 1(c) shows SEM image for an example of stress corrosion cracking. It indicates that the
formation and growth of cracks in a corrosive environment can lead to the unexpected and sudden failure of
ductile metal alloys under tensile stress, especially at high temperatures. SCC exhibits a high degree of chemical
specificity, as certain alloys are prone to SCC only when exposed to a limited number of specific chemical
environments. Such chemical environments are often only mildly corrosive to the alloys, but SCC can be still
induced. As a result, metal parts severely affected by SCC may appear shiny on the surface but are internally
filled with micro-cracks. SCC typically progresses rapidly and is more prevalent in alloys than in pure metals.
The specific environment is critical, and only very low concentrations of certain highly reactive chemicals are
required to initiate catastrophic cracking, such as chloride ions or hydrogen sulfide, thereby leading to sudden
and unexpected failure of critical components.

Thermal cycling refers to the process of repeatedly exposing a material to alternating high and low
temperatures®. During this process, the temperature gradient and thermal stress are generated due to differences
in the coefficients of thermal expansion among various components or layers. The thermal stress can lead to
deformation, cracking, or other forms of material degradation. Figure 1(d) shows the SEM image for an example
of thermal cycling data. As thermal cycling progresses, these thermal stresses can bring about the change of
microstructure, such as the generation and movement of dislocations, and the migration of grain boundaries.
Over time, these microcracks may coalesce and evolve into macroscopic cracks, ultimately compromising
the structural integrity of material and leading to catastrophic failure. Failures caused by thermal cycling are
common in fields such as turbine blades in aircraft engines and electronic packaging materials.

Oxide deposition spalling refers to the phenomenon where the formation of an oxide layer on the surface
of metal materials at high temperatures can provide oxidation resistance, and then it undergoes cracking or
detachment due to mechanical or thermal stress*!. This protective oxide layer is initially dense and serves to
prevent further oxidation of the underlying metal, whereas its integrity can be compromised by tensile stress
that develops within the oxide layer, which is derived from differential thermal expansion between the oxide and
the metal substrate. Additionally, external mechanical forces or repeated thermal cycling can induce spalling,
leading to the exposure of the underlying metal and potentially accelerating further oxidation. Figure 1(e)
shows the SEM image for an example of failure caused by oxide deposition and peeling. Once the protective
oxide layer is compromised, the underlying metal undergoes rapid oxidation, significantly accelerating material
degradation. The spalling of oxide layers can lead to the obstruction of critical precision components, such as
engine oil passages, thereby impairing lubrication and potentially resulting in mechanical failure.

The deposition- induced thermal corrosion refers to the condition that impurities in fuels or lubricating oils,
such as sodium, potassium, and vanadium, can deposit on the material surface at high temperature®. Figure 1(f)
shows the SEM image for an example of the failure caused by the deposition- induced thermal corrosion. These
deposits can chemically react with the material, destroying the protective oxide film on the material surface and
exposing the substrate to a corrosive environment. The deposits may also form low-melting-point eutectics with
the material, leading to localized melting and accelerating material failure. Thermal corrosion is widely present
in high-temperature components such as aircraft engines and gas turbines.

The present classification scheme was designed on the basis of the following considerations. Firstly, the
classification scheme included the two major types of metal material failure, i.e. failure caused by mechanical
forces and failure caused by thermal effects. These two types of failure modes are widely present in engineering
practice and have a significant impact on the service performance of materials. Secondly, under each main
failure mode, it was subdivided into three subcategories, each corresponding to a specific failure mechanism.
This classification method can be helpful to systematically and comprehensively understand the failure process
of materials, and provides guidance for material selection, application and maintenance. Additionally, the
proposed classification scheme is closely integrated with engineering practice, with each type of failure mode
corresponding to specific engineering issues. For instance, fatigue failure is common in components subjected
to cyclic loads, while thermal corrosion failure is common in components operating in high-temperature
environments. This classification method can address the material failure issues in engineering in a targeted
manner. Meanwhile, the cutting-edge research directions in the field of materials science are also involved in
the present classification scheme. For example, the failure caused by thermal cycling is an important subject in
aerospace and energy sectors, while oxide spalling, and thermal corrosion are hot topics in the field of high-
temperature materials. This classification approach can provide a innovated perspective for understanding the
latest advancements in the study of material failure dynamics.

Experimental methods

HFFNet_2D network architecture

As illustrated in Fig. 2, HFFNet_2D integrates CNN and Transformer architectures to perform hierarchical
feature extraction and classification of metal failure images. In the implementation of the HFFNet_2D module,
a pre-trained ResNet50 is first used as the backbone network for extracting local features from images. ResNet50
is a classic CNN structure that effectively alleviates the gradient vanishing problem in deep network training
through residual connections, achieving efficient image feature extraction. Specifically, the pre-trained CNN
ResNet50 was selected as the backbone network for feature extraction due to its well-established ability to
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Fig. 2. HFFNet 2D Network Architecture.

capture hierarchical feature representations efficiently while maintaining computational feasibility. As compared
to other CNN architectures, ResNet50 can provide deeper feature extraction capabilities while mitigating
vanishing gradient issues through residual connections. By integrating ResNet50 with our Transformer encoder,
its local feature extraction capabilities can be utilized while benefiting from the global context modeling of the
Transformer. In this work, the first four convolutional blocks of ResNet50 were employed as a feature extractor,
with the output feature map size being 1/32 of the original image size. After obtaining the adapted feature map, the
HFFNet_2D module introduced learnable position encoding (pos_embedding). As an important component in
the Transformer structure, position encoding was used to assign unique position information to each position in
the feature map. By adding position encoding to the feature map, the model can consider the spatial relationships
of features in subsequent self-attention calculations to better capture the global information of the image.

In addition to position encoding, the HFFNet_2D module also introduced a learnable class embedding
vector (cls_token) as an additional input to the Transformer. The class embedding vector can be regarded as a
global representation of the entire image, which can facilitate the model better understand the overall semantics
of the image and capture relationships between different categories by interacting with local features. In the
implementation, the class embedding vector was expanded to the same spatial dimension as the feature map and
concatenated with the feature map along the channel dimension.

On the feature map that fused position encoding and class embedding, the HFFNet_2D module applied
the Transformer2D submodule for further feature extraction and fusion. The Transformer2D submodule was
composed of multiple self-attention layers and feed-forward neural networks, which can model long-range
dependencies between different positions in the feature map, achieving efficient utilization of global image
information.

After processing by the Transformer2D submodule, the HFFNet_2D module extracted the average of the class
embedding vector and local features respectively and concatenated them along the channel dimension to form
the final feature representation of the image (prim_rep). Finally, predictions for different levels of categories were
made through multiple fully connected layers (level_fc) and classifiers (level_classifier). The fully connected
layers mapped the final feature representation to feature spaces of different levels, while the classifiers performed
classification predictions based on the mapped features.
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Transformer2D module

The Transformer2D module was used to apply the self-attention mechanism on feature maps to model long-range
dependencies between different regions. This module was composed of multiple stacked Transformer encoder
layers, with each encoder layer containing two sub-modules: MultiHeadAttention2D and FeedForward2D. In
each encoder layer, the multi-head self-attention mechanism first calculated the correlations between different
feature positions to aggregate and interact global information. Subsequently, the feed-forward neural network
performed nonlinear transformations on the aggregated features, enhancing the representational capacity of
model. By stacking multiple encoder layers, deep-level extraction and fusion of image features can be achieved.

MultiHeadAttention2D submodule

As a key component of the Transformer2D module, the MultiHead Attention2D submodule applied multi-head
self-attention mechanism on feature maps to model long-range dependencies between different positions. In the
implementation of the MultiHead Attention2D submodule, the input feature map was first linearly transformed
into query (Q), key (K), and value (V) tensors through 1 x 1 convolutional layers (qkv). The dimensions of these
three tensors are (B, 3, num_heads, H, W, head_dim), where B is the batch size, num_heads is the number of
attention heads, H and W are the spatial dimensions of the feature map, and head_dim is the dimension of each
attention head. Subsequently, the MultiHead Attention2D submodule splits the Q, K, V tensors into num_heads
attention heads and performs self-attention calculations independently for each attention head. Specifically,
for each attention head, the submodule first calculated the dot product between the query tensor Q and the
key tensor K, and then was divided by the square root of head_dim to obtain attention scores. The attention
scores were passed through a Softmax function to obtain attention weight. Finally, the attention weights were
multiplied with the value tensor V and concatenated along the num_heads dimension to obtain the output
feature map. To further enhance the representational capacity of features, the MultiHead Attention2D submodule
introduced an additional 1 x 1 convolutional layer (proj) to adjust the number of channels in the output feature
map to match the input feature map. This step can be regarded as fusing features from different attention heads
to obtain richer and more abstract representations. Through the multi-head self-attention mechanism, the
MultiHeadAttention2D submodule can capture relationships between features at multiple scales and extract
global information of images from multiple perspectives.

FeedForward2D submodule

As another component of the Transformer2D module, the FeedForward2D submodule was used to perform
nonlinear transformations on the feature map output by the MultiHeadAttention2D submodule to further
enhance the representational capacity of model. In the implementation of the FeedForward2D submodule,
two 1x 1 convolutional layers and a GELU activation function were used. The first convolutional layer (Conv2
d) expanded the number of channels in the input feature map from dim2 to hidden_dim, increasing the
dimensionality of the features. After then, the GELU activation function was applied to introduce nonlinearity.
Finally, the second convolutional layer (Conv2 d) can reduce the number of channels from hidden_dim back to
dim?2 to match the input dimension of subsequent layers. Through this structural design, the FeedForward2D
submodule can perform multi-level nonlinear transformations on the feature map, extracting more abstract
and high-level feature representations. Simultaneously, based on 1 x 1 convolutional layers, the FeedForward2D
submodule can maintain the spatial dimensions of the feature map unchanged, ensuring that the position
information of features is preserved.

Hierarchical feature fusion module

To effectively utilize the hierarchical structural information of images, the HFFNet model introduced a
hierarchical feature fusion module. The input to this module was the output features from the Transformer
encoder, including class embedding vectors and image patch embeddings. First, global average pooling was
performed on the image patch embeddings to obtain a global feature vector. The global feature vector was
concatenated with the class embedding vector to construct a comprehensive image representation. Subsequently,
multiple fully connected layers were used to transform this comprehensive representation, generating feature
representations at different levels. Each fully connected layer can be assigned to a specific level, learning semantic
information at that level. Finally, the feature representations of different levels were concentrated to obtain the
fused feature vector as the final representation of the image.

Classification output

After obtaining the fused image feature representation, the HFFNet model used multiple classifiers to perform
hierarchical classification of the image. Each classifier was a fully connected layer corresponding to a specific level.
The input to the classifier was the fused image feature, and the output is the category probability distribution at
that level. Through the collaborative work of multiple classifiers, the HFFNet model can simultaneously predict
category labels at different levels for the image. During training, the cross-entropy loss function was used to
supervise the classification results at each level, and the losses of all levels were added up as the final optimization
objective. This multi-task learning approach can make the model better utilize the correlations between different
levels and improve overall classification performance.

Adjustable parameters of the network

The HFFNet-2 d network incorporated several key adjustable parameters that can significantly influence its
performance and structure. The input image size (img_size) determined the dimensions of the data fed into the
network. For the hierarchical metal failure analysis task, the number of categories (num_classes) was set to>”,
representing two categories at the first level and six at the second level. The Transformer’s feature dimension

Scientific Reports |

202515:19904 | https://doi.org/10.1038/s41598-025-05076-z nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

(dim) was crucial as it defined the input and output dimensions for both the self-attention mechanism and
the feed-forward neural network within the Transformer. The depth parameter, which specified the number
of Transformer encoder layers, allowed for deeper feature extraction and fusion, albeit at the cost of increased
computational complexity. In the multi-head self-attention mechanism, the number of heads (heads) enabled
the model to learn richer feature representations from various subspaces. Eventually, the hidden layer dimension
of the Transformer’s feed-forward neural network (mlp_dim) was increased to improve the representational
capacity of the network, although it also led to an increase in the overall number of model parameters.

Data preprocessing and model training

Data preprocessing

To enhance the generalization ability and robustness of model, various data preprocessing techniques were
adopted. For the training set, the data augmentation methods were implemented, including Random Resized
Crop, Random Horizontal Flip, Random Rotation, Normalization, and Random Erasing. Data augmentation
techniques used in our study, including Random Resized Crop and Random Horizontal Flip, were carefully
selected based on our understanding of SEM image characteristics and validated through experiments. These
methods can effectively preserve critical microstructural features of material failure regions while improving
model robustness. Unlike augmentations that might distort physical interpretations (such as vertical flipping or
extreme color alterations), the selected techniques can maintain the scientific validity of failure mechanisms—
Random Resized Crop preserves key morphological features like cracks and fatigue striations, while Random
Horizontal Flip respects the topological relationships since the material failures exhibit similar characteristics
regardless of orientation. All augmentation strategies were verified by materials science experts to ensure they
maintained the physical significance and recognizability of microstructural features, ultimately enhancing
model generalization without compromising the scientific integrity of the SEM imagery.

Optimization algorithm and loss function

Stochastic Gradient Descent (SGD) was selected as the optimization algorithm, with an initial learning rate of
le-4, momentum of 0.937, and weight decay of 5e-4. These parameters were selected to accelerate convergence,
reduce oscillations, and prevent overfitting. The loss function design combined Focal Loss and Label Smoothing
techniques. The total training loss was calculated as a weighted sum of losses from two branches, with the second
branch given higher weight to reflect its importance in hierarchical classification. The loss functions for each
branch are defined as follows:

Cy
Ly =—a(l=p1)" Y qulog (y1:) (1)
i=1
Co .
Ly = —a (1 —=p2)" 3 geilog (y2:) 2)
i=1
Ltotal = Ll + 2L2 (3)

where a is the balancing factor, v is the focusing parameter, p1 and p2 represent the prediction probabilities of
model for the true categories in each branch, g1; and g¢o; represent the smoothed true probability distributions,
and y1; and o, represent the model’s prediction probabilities for each category in the respective branches.

Training hyperparameters

The training process utilized a batch size of 16, balancing training efficiency and memory consumption. We
trained the model for 200 epochs to ensure sufficient convergence. A Cosine Annealing (CosineAnnealingLR)
learning rate scheduling strategy was employed to dynamically adjust the learning rate during training, adapting
to optimization needs throughout the process. In our final model, a 12-layer Transformer depth with 12 attention
heads was employed, with the model dimension set to 768 and the MLP dimension set to 3072. The input image
size was (224, 224). All other parameters remained consistent throughout the ablation experiments.

Evaluation metrics
Hierarchical Precision (HP) measures the proportion of true positives among the samples predicted as positive
by the model. HP can be expressed by the following formula:

N
_ 1 | T30 P
HP_ﬁ; B (4)

where T; represents the set of true categories for the i-th sample, P; represents the set of predicted categories
for the i-th sample.

Hierarchical Recall (HR) measures the proportion of correctly predicted samples among the samples with
true positive labels. HR can be expressed by the following formula:

N
_ 1 | TN P
HR= 5> “p; (5)
i=1
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Hierarchical F-score (HF) is the weighted harmonic mean of HP and HR, comprehensively considering
precision and recall, providing a more comprehensive evaluation of model performance in hierarchical multi-
label classification tasks. HF can be expressed by the following formula:

_ (1+82)x HPx HR
HFs = > mprmn (6)

where (3 is a parameter adjusting the weights of HP and HR. Typically, 3 is set to 1, indicating that HP and
HR are equally important. In this case, HF degenerates to HF1, and the calculation formula can be simplified
as follows:

HF, = 2 iR )

Ablation experiments and algorithm analysis

To validate the effectiveness of the HFFNet-2 d network’s module design and explore the impact of different
architectures on model performance, we conducted a series of ablation experiments. Four variant models were
designed: HFFCNN, HFFVT, HFF_CNN_VT, and HFF_CNN_Conv_VT. By comparing these variants with
HFFNet-2 d, it aims to better understand its advantages and limitations.

HFFVT model

The baseline version, HFFVT, was constructed based on the original ViT structure. It directly divided the input
image into fixed-size patches and used linear projection for Transformer input. Unlike HFFNet-2 d, HFFVT
cannot use CNN for feature extraction, potentially reducing parameters and computational complexity.
However, this design may not fully utilize local features and semantic information. The direct addition of
position encoding to image patch embeddings, without considering CNN feature spatial structure, may impact
the ability to model spatial information.

HFFCNN model

The HFFCNN model extended the baseline concept using a convolutional neural network (ResNet50) for feature
extraction while suppressing the HFF module and HFFVT. This model served as a direct comparison with
HFFVT to explore performance differences between transformer and CNN structures.

HFF_CNN_VT model

HFF_CNN_VT combined convolutional neural networks and transformers. It used the first four convolutional
blocks of ResNet50 for feature extraction before transforming these features into Transformer input. Compared
to HFFNet-2 d, it used linear projection instead of convolutional layers for feature mapping, potentially reducing
parameters but possibly underutilizing spatial structure information. The position encoding size matched the
number of image patches, which may affect the ability of model to capture spatial information effectively.

HFF_CNN_Conv_VT model

Building on HFF_CNN_VT, the HFF_CNN_Conv_VT model replaced linear projection with a 1 x1
convolutional layer to transform CNN features into Transformer input. However, similar to HFF_CNN_VTT, its
position encoding size matched the image patch number and is directly added to the Transformer input without
considering CNN feature spatial structure. This approach may impact the model’s spatial information modeling
capabilities. All the ablation experiments were maintained consistent network hyperparameters and training
parameters with HFFNet-2 d to ensure experimental validity.

Results

Model results

As illustrated in Fig. 3, three graphs exhibit the training process: the loss curve (left), the accuracy curve for
Level 1 (center), and the accuracy curve for Level 2 (right). In each graph, the blue line represents metrics from
the training set, while the red line indicates corresponding metrics from the test set. The proposed HFFNet-2
d network can achieve excellent performance on the metal failure analysis task, outperforming other ablation
experiment networks on all evaluation metrics. As shown in Table 2, HFFNet-2 d achieves 0.9587, 0.9690, and
0.9639 in terms of hP, hR, and hF1, respectively. These results demonstrate the effectiveness of the HFFNet-2
d architecture in solving hierarchical multi-label classification problems. Moreover, HFFNet-2 d achieves the
best results in Level-1 and Level-2 accuracies, reaching 97.93% and 92.75%, respectively, indicating its ability to
accurately identify metal failure modes at different granularities. Compared to HFFV'T, HFFNet-2 d can improve
Level-1 Acc by 6.09% and Level-2 Acc by 11.37%.

By comparing the performance of different ablation experiment networks, we can gain a deeper understanding
of the design advantages of HFFNet-2 d. The basic version HFFVT is clearly inferior to other networks on all
metrics, indicating that using only the Transformer structure cannot fully utilize the local features and semantic
information of SEM images. After introducing CNN for feature extraction, HFF_CNN_VT’s performance is
significantly improved, but there is still room for improvement in Level-2 accuracy. HFF_CNN_Conv_VT
can further enhance the classification performance using convolutional layers instead of linear projections
to transform CNN features into Transformer input. However, it shows a slight decrease in Level-2 accuracy,
possibly due to the lack of position encoding, resulting in partial loss of spatial information.

HFFNet-2 d can optimize and improve upon the above networks by using convolutional layers to transform
CNN features into Transformer input and introducing position encoding with the same spatial dimensions
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Fig. 3. Accuracy vs. loss curve of HFFNet 2D.

Model hP hR hF1 Level-1 Acc | Level-2 Acc
HFFCNN 0.9221 | 0.9169 | 0.9195 | 94.89% 85.20%
HFFVT 0.8936 | 0.8996 | 0.8966 |91.84% 81.38%
HFF_CNN_VT 0.9332 | 0.9369 | 0.9643 | 96.43% 87.50%
HFF_CNN_Conv_VT | 0.9421 | 0.9371 | 0.9396 |97.45% 86.22%
HFFNet-2 d 0.9587 | 0.9690 | 0.9639 | 97.93% 92.75%
Improvet 0.0651 | 0.0694 | 0.0673 | 6.09% 11.37%

Table 2. Performance comparison of different ablation experiment networks.

as the CNN feature maps. This design fully utilizes the spatial structure information of CNN features while
avoiding conflicts between position information and feature information. The experimental results show that
this design enables HFFNet-2 d to achieve the best performance in hierarchical multi-label classification tasks,
especially with significant improvements in Level-2 subclass identification.

As shown in Figs. 4 and 5, the confusion matrices for both classification levels demonstrate excellent
model performance in the two-level classification task, particularly achieving high accuracy (97.9%) at Level-1
classification. The confusion matrix shows 79 correct predictions for mechanical force-induced failures
with only 2 misclassifications, and 110 correct predictions for thermal effect-induced failures with merely 2
misclassifications. Level-2 classification also performs well (92.7% accuracy), with thermal cycling showing the
best recognition results (67/72 correct). Stress corrosion cracking, oxide deposition spalling, and deposition-
induced thermal corrosion can achieve the accuracy rates of 92.3%, 90.0%, and 95.0% respectively. Metal
fatigue and instantaneous stress-induced plastic deformation reaches the accuracy rates of 93.8% and 91.7%,
respectively. Overall, both levels of classifiers demonstrate strong generalization capabilities and classification
accuracy.

Model visualization and interpretability analysis using Grad-CAM technique

The Grad-CAM algorithm was adopted to perform model visualization and interpretability analysis on the
trained HFFNet_2D. Grad-CAM (Gradient-weighted Class Activation Mapping) was used to explain the
decisions of convolutional neural networks (CNNs). The heat maps were obtained to visualize the image regions
that the model focuses on when making predictions, which can provide an in-depth understanding of the
decision-making process of CNN models.

The principle of Grad-CAM used the gradient information to determine the importance of each position in
the image for the model to make specific predictions. The gradients of the predicted class with respect to the
feature maps of the last convolutional layer were calculated, and the weights of each feature map were obtained
through global average pooling of the gradients. These weights were then multiplied by the corresponding
feature maps and summed to generate the class activation heat map. Eventually, the heat map was upsampled
and overlaid on the original image to visualize the regions of focus for the model. Since the algorithm operated
at two levels, the regions of interest for the model were identified at both category levels. Several heat maps were
selected for display.

In the original SEM image (Fig. 6), typical fatigue features such as river-like fatigue striations or beach
marks can be detected. These features are related to changes in stress intensity factor and cyclic stress, serving
as evidence of fatigue crack propagation. In the taskl CAM heatmap, the neural network shows particular
attention to certain hotspot areas on the fracture surface. These areas represent important features along the
crack initiation point and crack propagation path. Such features include rough fracture surfaces, microcracks, or
crack branching points, all of which are critical in the fatigue fracture process. In the task 2 CAM, the points of
focus are more dispersed, concentrating on different parts of the fracture surface. This may be because the task
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Fig. 4. Level 1 confusion matrices of HFFNet 2D.

emphasizes different features, such as fine microcracks, plastic deformation zones, or changes in the material’s
internal microstructure.

As shown in Fig. 7, the SEM image exhibits a large number of dimples, which are formed when plastic
deformation occurs in areas of local stress concentration in the material. This structural feature typically indicates
that the material underwent significant plastic deformation before fracture, which is a characteristic of ductile
fracture. In the taskl CAM heatmap, the high-attention areas in red and orange are concentrated on specific
dimples. The neural network likely identifies these areas because the shape, size, or distribution characteristics of
these dimples are closely related to ductile fracture features. For instance, larger dimples usually indicate greater
plastic deformation, which might be the focus of the networK’s attention. Similarly, large and deep dimples
typically suggest that the material has undergone substantial plastic deformation, which is an important feature
in fracture analysis. The heatmap for Task2 CAM shows more dispersed attention areas, covering a broader
range of dimple regions. This may indicate that the model for task 2, when identifying microscopic features of
the fracture, focuses on the overall dimple structure and surface microdetails, as well as the fine structures within
the dimples, such as bridging between dimples and the presence of microcracks. These features may help the
model distinguish between different types of fracture modes or material characteristics, as well as the fracture
history.

As illustrated in Fig. 8, it reveals a distinct crack path and surrounding fracture features. The crack initiates
from the upper left corner and extends downward to the lower middle part of the image, exhibiting a typical
fatigue fracture pattern. This fracture is likely caused by cyclic stress, leading to gradual crack formation and
ultimately resulting in failure.

Task 1 CAM: The heatmap shows high attention areas in red and yellow around the crack initiation point
and along the crack path. These areas typically represent the crack initiation point and stress concentration
zones. In particular, the red highlight at the crack initiation point indicates a significant fracture feature. This
is typically where stress concentration is most pronounced, often resulting from microstructural defects or
material inhomogeneities that facilitate crack initiation. Alternatively, it may be attributed to microscopic flaws
or other factors that act as stress concentrators, leading to the occurrence of failure.

Task 2 CAM: The heatmap shows attention areas extending to more regions along the crack path and its
surroundings. This might be because the model for Task 2, when identifying fracture features, not only considers
the crack initiation point but also focuses on the crack propagation path. The highlighted areas may reflect
changes in the material’s microstructure, such as grain boundary sliding or microcrack propagation.

As shown in Fig. 9, the structural features on and near the material surface indicate that the material has
undergone oxidation and thermal degradation processes in a high-temperature environment. The structures
depicted in the image may encompass oxide deposition layers and oxide spallation phenomena resulting from
thermal stress. The brighter areas at the top of the image are likely oxide deposition layers. When the materials are
exposed to high-temperature environments, their surfaces react with oxygen to form oxides. These oxide layers
can be either protective or detrimental, depending on the material and its usage environment. The structure
beneath the oxide layer shows some irregular morphology, which may be due to oxide spallation caused by
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Fig. 5. Level 2 confusion matrices of HFFNet 2D.
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Fig. 6. Heatmaps of HFFNet-2 d on metal fatigue.

thermal stress. Spallation typically occurs due to differences in thermal expansion coefficients between the
material surface and the oxide layer, leading to stress concentration and interfacial delamination.

In Task 1 CAM, the neural network shows high attention to specific areas. These areas are likely thicker parts
of oxide deposits or crack initiation points. Cracks and spallation usually occur at the interface between the
oxide layer and the substrate material. The high attention to these areas in the heatmap may be because these
features are precursors to material failure. The network might use these features to identify abnormalities or
damage on the material surface.
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Fig. 7. Heatmaps of HFFNet-2 d on dimples.
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Fig. 8. Heatmaps of HFFNet-2 d on fracture features.
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Fig. 9. Heatmaps of HFFNet-2 d on oxidation and thermal damage.

Discussion

Impact of data collection and classification scheme

A key challenge in the metal failure analysis task is to obtain a sufficient quantity and quality of SEM image data.
In this study, 1,964 SEM images were obtained from open-access materials science papers, which to some extent
limited the scale and diversity of the dataset. The size and quality of the dataset directly affect the performance of
deep learning models, especially in fine-grained classification tasks at the second level. Different failure modes
may have similarities and overlaps in morphology and features in SEM images, making it difficult for the model
to accurately distinguish them. Furthermore, there may be issues with the annotation quality and consistency
of the dataset. Different experts may have different judgments and annotations for the same SEM image,
introducing noisy data that negatively impacts the model’s learning and generalization abilities. Additionally,
class imbalance in the dataset may be a factor. For example, if the number of samples in the hot corrosion
category is relatively small, the models ability to learn and recognize this category may be weak, leading to bias
towards categories with more samples.

To further improve the performance of HFFNet-2 d in metal failure analysis tasks, we can improve the
data collection and classification scheme from multiple aspects. First, optimizing the annotation quality and
consistency of the dataset is crucial. This can be achieved through cross-annotation and review by multiple
domain experts, as well as data cleaning and filtering steps to improve the accuracy and consistency of the
dataset. Additionally, refining the classification scheme and label system is a direction worth exploring. Based
on domain knowledge and expert feedback, we can introduce more fine-grained failure mode subclasses, as well
as multi-level or multi-branch label systems, to more accurately and comprehensively describe the influencing
factors of metal failure. It also should be noted that the quality and variability of the SEM images used for
training and testing our model can significantly impact prediction accuracy. Factors such as image resolution,
contrast, and noise levels can introduce errors. Besides, the inherent variability in metal failure patterns across
different samples can pose challenges in achieving high accuracy. For the mitigation strategies, the advanced
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data preprocessing techniques can be implemented to enhance image quality, including noise reduction, contrast
adjustment and normalization. Furthermore, despite the encouraging results achieved by the HFFNet-2 d model
in metal failure classification, several challenges remain unresolved. The current dataset is limited to only 1,964
images with significant class imbalance, and 727 thermal cycling samples are involved, but the number of stress
corrosion cracking samples is merely 137, substantially limiting the recognition capabilities of this model for
rare failure modes. Additionally, the model performs inadequately when handling composite failure scenarios
involving multiple concurrent failure mechanisms, which are common in real engineering applications. While
Grad-CAM analysis was implemented, the model’s ability to distinguish between certain failure types with
similar surface morphological features still needs further improvement. Meanwhile, the current model lacks
cross-domain generalization capability for unseen material systems, restricting its effective application to SEM
images acquired from different laboratories or equipment.

To address these challenges, several potential solutions are proposed. Targeted supplementation of additional
data for underrepresented classes would help address the data imbalance issue. Incorporating metadata such
as material composition, processing history, and service conditions as auxiliary information could build
multimodal learning frameworks that enhance the model’s ability to differentiate between failure types with
similar morphologies. Implementation of transfer learning and domain adaptation techniques would enhance
the model generalization across different material systems and experimental equipment. Development of
knowledge-based neural network architectures that integrate expert knowledge with physical models and
materials science principles would ensure predictions conform to physical and materials science laws, further
enhancing the practicality and reliability of automated metal failure analysis systems for engineering applications.

Exploring applications of the HFFNet-2 d architecture in other materials science domains

The HFFNet-2 d network architecture has demonstrated excellent performance in metal failure analysis tasks. Its
design concept of integrating CNN and Transformer, as well as its capability to handle hierarchical multi-label
classification problems, shows broad application prospects. In the next phase, we plan to extend the HFFNet-2
d network architecture to other areas of materials science, such as material defect detection, microstructure
classification, and material property prediction. In the field of material defect detection, the HFFNet-2 d network
can be utilized to identify and localize various defects in material samples (e.g., metals, ceramics, composites),
such as pores, cracks, and inclusions. By adopting a multi-task learning approach and combining the classification
results of HFFNet-2 d with object detection algorithms (e.g., Faster R-CNN and YOLO), automatic localization
and segmentation of defects can be achieved, improving the efficiency and accuracy of defect detection. This has
significant implications for quality control and process optimization.

For materials microstructure classification, the HFFNet-2 d network can be employed to recognize and classify
microstructural features of materials (e.g., metals, rocks, biomaterials), including grain morphology, precipitate
distribution, and pore structure. By introducing multi-scale feature extraction and attention mechanisms, the
HFFNet-2 d network can capture multi-scale features and key regions of material microstructures, enabling
more refined and comprehensive microstructure characterization. This is valuable for understanding the
microstructure-property relationships of materials and optimizing material processing parameters. In the
domain of material property prediction, the HFFNet-2 d network can be used to establish mapping relationships
between material microstructures and properties, enabling material property prediction based on microstructure
images. By combining the feature extraction module of HFFNet-2 d with regression models (e.g., support vector
machines and neural networks), mechanical properties, physical properties, and functional characteristics of
materials can be predicted from their microstructure images. This approach can significantly reduce the time
and cost of material property testing, accelerating material development and screening. The HFFNet-2 d network
can provide a powerful and effective tool for image analysis and intelligent decision-making in materials science.
Future work can further explore the extension and optimization of the HFFNet-2 d network in different material
systems and application scenarios, and integrate it with expert knowledge and experimental techniques in the
materials field. This will establish a new paradigm for intelligent analysis and decision-making in materials
science, promoting innovation and development in the field.

Conclusion

In this study, a hierarchical multi-label classification method called HFFNet-2 d is proposed for automated
classification of scanning electron microscope (SEM) images in engineering metal failure analysis. HFFNet-2
d ingeniously combines the advantages of convolutional neural networks (CNN) and visual Transformers
(ViT), introducing ResNet50 as the backbone network for local feature extraction and employing a Transformer
encoder to model global dependencies, and thereby hierarchical feature extraction and classification of SEM
images are achieved. In metal failure analysis tasks, HFFNet-2 d demonstrates exceptional performance,
surpassing other comparative models in all evaluation metrics, proving its effectiveness in handling complex
hierarchical multi-label classification problems. Notably, HFFNet-2 d can achieve a high accuracy of 97.71%
in first-level classification (stress failure vs. thermal treatment failure) and 92.62% accuracy in second-level
subclass identification, indicating its ability to accurately grasp both the macroscopic causes of material failure
and specific failure mechanisms. These results demonstrate the outstanding performance HFFNet-2 d in
solving hierarchical multi-label classification tasks for SEM images. It can further expand the optimization and
application of HFFNet-2 d in different material systems and application scenarios, accelerating the intelligent
process of material development and failure analysis, which probably provides strong support for ensuring the
safety of engineering structures and improving the efficiency of material design.
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