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Highlights:

• Proposed an ensemble deep learning framework for detecting surface defects in die-cast parts.
• Evaluated CNN, ResNet-18, and ViT models through tuning, validation, and comparison.
• Demonstrated superior accuracy and robustness of the ensemble using real-world data.

Abstract: Aluminum die-cast products often exhibit surface defects that vary in type and severity
depending on product function and design requirements. Current defect detection primarily relies on
manual inspection, which demands significant expertise, raises health and fatigue concerns, and is
prone to human error. Automated defect detection offers a promising solution to reduce costs, improve
efficiency, resolve occupational safety and health concerns, and mitigate challenges in labor shortages
and training. This paper presents an ensemble deep learning (DL) approach for detecting surface
defects in aluminum die-cast lids for residential gas meters, a quality-critical component with stringent
safety standards. Specifically, we implement and evaluate three state-of-the-art DL architectures: a
convolutional neural network (CNN), residual networks (ResNet-18), and Vision Transformer (ViT).
In addition, we develop an ensemble model to further enhance performance. We leverage grid search
and cross-validation for hyperparameter tuning and train/test each model ten times for comprehensive
performance evaluation. Experiments on a large real-world dataset demonstrate that all models
achieve high accuracy, precision, and recall, with CNN and ResNet-18 slightly outperforming ViT.
The ensemble model further improves prediction accuracy and robustness. The paired t-tests showed
that the ensemble model significantly performed better compared to CNN and ViT model. In
summary, this study contributes to the advancement of automated inspection of surface defects in
die-cast products by systematically comparing state-of-the-art deep learning methods, discussing
model selection criteria, and optimizing ensemble strategies. Centered on CNN, ResNet-18, and
ViT architectures, it proposes a rigorous methodological framework for surface defect detection
and provides a foundational basis for subsequent research in in-situ quality control. Our codes are
available at https://github.com/Alexruoyun/Aluminum-Die-Casting-Surface-Defect-Detection.

Copyright©2026 by the authors. Published by ELSP. This work is licensed under a Creative Commons
Attribution 4.0 International License, which permits unrestricted use, distribution, and reproduction in
any medium provided the original work is properly cited.

Qian W, et al. Artif. Intell. Auton. Syst. 2026(1):0006

https://crossmark.crossref.org/dialog/?doi=10.55092/aias20260006


Artif. Intell. Auton. Syst. Article

Keywords: surface defect detection; aluminum die casting; deep learning; convolution neural networks;
residual networks; vision transformer; ensemble

1. Introduction

Die casting is a metallurgical process that forces molten metals such as aluminum, zinc, and magnesium
into a steel mold under high pressure, producing parts with complex geometries and excellent surface
finish [1]. Aluminum is the most commonly used metal in die casting due to its lightweight nature,
corrosion resistance, good strength, and ability to tolerate high operating temperatures [2]. The aluminum
die-casting industry is crucial in manufacturing lightweight, strong, and durable components for various
sectors such as automotive, aerospace, consumer electronics, and utility equipment, among many others. In
recent years, the market has experienced significant growth, driven by increasing demand for lightweight
materials in automotive and aerospace applications and the growing emphasis on energy efficiency and
sustainability [3]. According to the American Foundry Society (AFS), global aluminum casting production
increased from 10.88 million metric tons in 2010 to 16.03 million metric tons in 2020; production in
the United States alone increased from 1.13 million metric tons to 1.43 million metric tons during the
same period [4,5]. The Aluminum Association estimated that U.S. aluminum die casting shipments in
2020 reached 1.12 million metric tons [6], representing 78.67% of the total aluminum casting production
volume by AFS. The North American Die Casting Association (NADCA) estimated aluminum die-casting
sales to be $8 billion in 2019 [7].

However, die-cast aluminum parts suffer from many defects. Common defects include surface
defects (e.g., cold flow, drag, soldering, blister, deformation, swirls, chill, heat checking, oil stain, sinks,
flashes, and inclusions) and internal defects (e.g., inner crack, deformation, and interlayers). Figure 1
illustrates some common surface defects in a die-cast product, a residential gas meter lid. Even minor
defects of these four types can compromise the functionality of die-cast parts, make them a hazard to
customers, and ultimately jeopardize a foundry’s business. For example, defective aluminum brackets in
automotive engines may cause engine failures and even lead to accidents. Defects in the lids of natural gas
meters may result in gas leaks, threatening human life. Therefore, it is imperative to implement stringent
quality inspection in the manufacturing process of die-cast aluminum products. In addition, better quality
inspection also benefits foundries economically. A survey conducted by NADCA in 2014 shows that the
median scrap rate was as high as 8% of the parts made and the equipment utilization rate was only 68% in
high-pressure die-casting [8]. If defective parts can be inspected accurately and swiftly, a foundry may
increase the equipment utilization rate and significantly improve efficiency.

Unfortunately, quality inspection is challenging in die casting, even for surface defect detection.
Traditional quality inspection in the foundry industry are performed manually by specialized quality
inspectors who, over time, have developed visual skills that allow them to detect the majority of surface
defects. This practice heavily relies on human expertise. It is also time-consuming, labor-intensive, and prone
to human errors [9]. Fatigue and variability in human judgment may result in inspection inconsistencies.
The situation is compounded by a significant shortage of skilled workers in the casting industry, one of the
top three concerns or priorities based on a survey conducted by AFS in Quarter 3, 2024 [10].
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To address these challenges and capitalize on the growing market opportunities, researchers turn
to advanced technologies such as machine vision systems and artificial intelligence for surface defect
detection and process optimization [11]. These technologies offer opportunities to improve product
quality, reduce scrap rates, and increase productivity in the aluminum die-casting industry [12]. Recent
advances in deep learning, particularly convolutional neural networks (CNNs), have substantially
improved automated surface defect detection in computer vision. However, defect detection using
images captured with accessible devices (e.g., smartphones and low-cost cameras) remains understudied.
Furthermore, the potential of state-of-the-art architectures—including Vision Transformers (ViT) and
ensemble approaches—for this specific application has not been well explored.

In this paper, we propose an ensemble deep learning approach for automatically detecting surface
defects in die-cast aluminum parts by analyzing webcam-captured images. We built three state-of-the-art
models, including CNN, ResNet-18, and ViT, to analyze the images of the die-cast parts and identify
surface defects. An ensemble model is constructed and achieves a more robust performance.

The remainder of this article is organized as follows. Section 2 presents a review of the literature
of related studies on surface defect detection for die-cast aluminum alloys using machine learning
and deep learning techniques. Section 3 explains the residential gas meter lids dataset that we collect
and the pre-processing of the raw images. Section 4 discusses the deep learning architectures that we
build, followed by experimental results in Section 5. Section 6 concludes the paper by summarizing its
contributions, limitations, and directions for future work.

2. Literature review

Deep learning-based defect detection facilitates real-time monitoring, improves quality, lowers inspection
costs, and enhances productivity. It plays a crucial role in supporting cyber-physical systems that
enable automation and seamless data exchange, optimizing resource use to drive innovation and uphold
manufacturing safety. As a foundational step toward automated manufacturing, deep learning-based
automated defect detection impacts not only product and process quality but also significantly reduces
processing times, protects laborers’ safety and health, and accelerates quality assurance in production.
This aligns with the goals of Industry 4.0 and 5.0, which emphasize automation, data integration,
human-machine collaboration, and human-centered automation, harnessing the efficiency and data-driven
capabilities of deep learning technology.

Table 1 summarizes relevant studies organized chronologically. Our initial focus is on studies
employing deep learning techniques for the classification of surface defects in aluminum die-cast alloys
through computer vision. However, similar tasks for other types of products (i.e., zinc or magnesium
die-cast products) have also been explored in the literature. Considering there are only limited studies
in this area, to provide a comprehensive survey, we include studies in recent years involving similar
products or tasks that utilize deep learning methods, including different aluminum alloys [13–17], iron or
steel products [18–21], and other types of alloys such as Sn-Ag-Cu alloy [22] and titanium alloy [23].
While different products may have distinct features, the defect detection tasks share similarities. These
tasks typically include image collection, pre-processing, feature extraction (if necessary), model training,
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performing classification or regression on training and testing datasets, and evaluating model performance.
There are various tasks in quality control for die-cast or similar products, including defect detection [24],

quality prediction [25], feature extraction [26], training image generation [17], production parameter
optimization [27], energy monitoring [28], and human-robot collaboration-based inspection [29]. The
most commonly addressed task is classification (for surface defects, internal defects, microstructure
types, or alloy types), including binary classification [14–16,19] and multiclass classification [18,30].
Additional tasks include segmentation [31,32], predicting quality features [13,33], and generating training
images [17].

Table 1. Related studies in literature.

Paper Products Tasks Data Methods Results

[22] solder alloys CLSa: microstructure microscopy
images

SVMb, KNNc, RFd Acc.e:
97.84%±2.65%

[18] low carbon steel CLS: microstructure microscopy
images

CNN Acc.: 93.94%

[19] iron casting of
submersible pump
impellers (SPIs)

CLS: surface defects grayscale images CNN (VGG etc.) +
classifiers (SVM,
MLPf, etc.)

Acc.:
62%–99.6%

[13] aluminum die-cast
alloys

REGg: dendrite arm
spacing

microscopy
images

CNN R2 : 91.5%

[23] titanium alloy castings CLS: internal defects X-ray images CNN (BX-Net) Rec.h: 99%;
Acc.: 99%

[14] automotive aluminum
castings

CLS: surface and
internal defects

X-ray images CNN Acc.: 94.2%

[20] steel strips; SPIs;
PCB; pistons

CLS: surface defects images and CCD
scans

CNN+LSTM Pre.i/Rec.:
99.1%–100%

[21] cast SPIs CLS: surface defects grayscale images ResNet50 & CNN
ensemble

Pre.: 99.89%;
Acc.: 98.18%

[15] aluminum alloy
castings

CLS: alloys based on
microstructure

microscopy
images

CNN Acc.: 97.9%

[16] aluminum alloy
castings

CLS: porosity
detection

microscopy
images

CNN Acc.: 94%

[17] magnesium and
aluminum alloys

DAj X-ray images I-DCGANk SISl: 78.7%,
73.8%

[31] aluminum alloy
casting

CLS, SEGm: surface
defects

camera images CNN (U-Net) Dic.n: 81%

[34] automotive aluminum
alloy casting

CLS: surface defect 2D camera
images and 3D
laser scans

denoising autoencoder TPRo: 96%

[32] aluminum alloy
casting

SEG: surface defects X-ray images dual–channel
encoder–decoder

Dic.: 75.71%,
mIOUp: 92%

[30] aluminum die-cast gas
meter lids

CLS: surface defects camera images CNN, ResNet, ViT Acc.:
97.92%–99.11%

a CLS: classification; b SVM: support vector machine; c KNN: K-nearest neighbors; d RF: random forest;
e Acc.: accuracy; f MLP: multilayer perceptron; g REG: regression; h Rec.: recall; i Pre.: precision; j DA: data
augmentation; k I-DCGAN: interpolation-deep convolutional generative adversarial network; l SIS: similarity
to the ideal solution; m SEG: segmentation; n Dic.: Dice coefficient; o TPR: true positive rate; p mIOU: mean
intersection over union.
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Image data types include microscopy (or microstructure) images [13,15,16,18,22], X-ray (or radiographic)
images [14,17,23,32], grayscale images [19–21], and camera-based images [30,34]. Camera and grayscale
images provide advantages in terms of portability, preservation of intrinsic surface features, and operational
efficiency. However, they are not suitable for components exhibiting internal defects. X-ray images are
highly effective for detecting internal defects, but can be challenging to implement on production lines
and are unnecessary for products with mainly surface defects. Microscopy images, while particularly
effective for identifying specific microstructural defects, require extensive preprocessing (e.g., polishing)
and are difficult to use for production quality control. A notable trend is the use of publicly available
image datasets to train baseline models [20,21]. While these datasets offer the advantage of producing
comparable and easily verifiable results, they have limitations regarding the variety of product features,
quality requirements, and defect types. Specifically, the findings of these studies may have limited
practical applicability to improve the quality of die-cast products different from those in the public
datasets. Researchers have employed diffusion models to improve data quality, particularly for image
data, by learning to iteratively remove noise from the input data [35].

The predominant method for classification tasks is CNN. Traditional machine learning methods, such
as support vector machine, K-nearest neighbor, naive Bayes, and random forest, were often used in earlier
studies [22]. However, these methods have largely been replaced by deep learning (DL) models such as
CNNs. A growing trend is the use of ensemble or integrated deep learning models to enhance the accuracy
and robustness of results[36–38]. Notably, few studies have yet explored the application of ViT, a more
recent model, for defect detection in die-casting parts [30]. Recent advances in edge–cloud collaborative
computing have highlighted the importance of distributed intelligence and model optimization [39].

Different quality tasks and methods require various evaluation metrics. For classification tasks,
accuracy is the most commonly used metric. However, variations in products, tasks, data types, and
inspection accuracy requirements across industries can lead to significant differences in model accuracy.
Accuracy is also not a good metric for highly imbalanced datasets. Precision and recall are also commonly
used [20,21,23]. All three metrics—accuracy, precision, and recall—are widely employed to evaluate
classification models, with higher values indicating better performance. For feature prediction using
regression, metrics such as R2 are commonly adopted [13].

Internal defect analysis has also been widely studied in the literature. Yang et al. investigated the
effects of casting pressure on porosity in large aluminum die-casting components [40], while Bosse et al.

explored automated porosity characterization using X-ray imaging combined with machine learning
techniques [41]. Comprehensive reviews of deep learning-based defect detection in aluminum die-casting
can be found in [42]. However, in practical aluminum die-casting production, defective parts are
typically remelted and recycled, making defect localization or segmentation unnecessary for downstream
decision-making. Consequently, although object detection and segmentation methods are effective for
defect localization, they provide limited additional practical value in this context, and this study instead
focuses on image-level classification as a more cost-effective solution. Furthermore, while deep learning
methods for X-ray inspection exist, such systems are costly and not available in the collaborating manufacturer’s
environment; therefore, this work focuses on surface inspection using conventional optical images.
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In summary, the existing literature exhibits several limitations. First, studies focusing on surface
defect detection in aluminum die-cast components using real-world datasets remain limited. Second, the
application of advanced architectures, such as ViT, has not been thoroughly investigated for this task.
Third, ensemble deep learning approaches incorporating comprehensive model evaluation for robust
prediction have yet to be systematically explored.

In this paper, we address these gaps by analyzing a production-grade industrial product—residential
natural gas meter lid—with surface defects. We investigate state-of-the-art models (ViT, ResNet-18, and
CNN) for defect detection and propose an ensemble model to improve performance. This study also aims
to provide insights into reducing costs and boosting the efficiency of machine vision systems. The dataset
was collected using webcams, offering an inexpensive and easily calibrated approach for data acquisition
in real production settings. The resulting quality evaluations can be promptly generalized and adapted to
drive quality improvement efforts for different products.

3. Dataset and pre-processing

3.1. Dataset

In this pilot study, we focus on aluminum die-cast lids for residential natural gas meters. These meters
measure household gas flow and are critical to urban natural gas transmission systems. Given natural
gas’s flammability and high-pressure combustibility, leak prevention is paramount—a role the lid fulfills.
Residential gas meters require frequent maintenance, and their lids must be leak-proof. Aluminum alloy
is ideal for this purpose due to its strength and durability in harsh environments. However, as noted in
Section 1, aluminum die-cast lids often exhibit surface defects (Figures 1 and 2), necessitating rigorous
defect detection during manufacturing.

Table 2 summarizes our dataset. The dataset consists of 3,347 aluminum die-cast residential gas
meter lids manufactured by a foundry in the Midwest U.S., each imaged using two Logitech C920 Pro
HD webcams with Light Emitting Diode (LED) strip lighting for optimal edge and surface illumination.
Expert inspectors categorized the samples as: flawless (n = 2,022; labeled 0), crack (n = 894; labeled 1),
and cold flow (n = 431; labeled 2). The uncompressed images (1920 × 1080 pixels, red, green, and
blue (RGB) format) represent the raw dataset without augmentation, with each image’s defect category
explicitly labeled.

(a) (b) (c) (d)

Figure 1. Example surface defects in aluminum die cast parts: (a) Crack; (b) Cold
flow; (c) Heat checking; (d) Oil stain.
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(a) (b) (c) (d)

Figure 2. Gas meter lid dataset examples: (a) Original front; (b) Original back;
(c) Processed defective (e.g., crack); (d) Processed flawless.

Table 2. Dataset summary.

Dataset Information Value

Number of Images 3347
Image Dimensions 1920 × 1080

Image Type RGB Color Three-channel

Number of Images by Labels
Flawless 2022

Crack 894
Cold Flow 431

3.2. Pre-processing

The raw images (see Figure 2a,b for example) contain noise (e.g., variations in background color and
brightness). They are also too big (in terms of dimensions) and too expensive (in terms of computation) to
model, so we pre-process the raw images to remove irrelevant information. Figure 3 shows the flowchart
of dataset pre-processing.

First, we remove the background of the raw images to reduce the disturbance of the background
using the function remove inside the Python library rembg [43]. Second, we use the function ImageChops
in the Python library pillow to crop the image to protrude the parts [44]. Since we have removed the
background in the first step and replaced the background color with black, pruning the extra background
significantly reduces the size of the images and removes useless background noise. Third, we reduce the
resolutions of the raw images to the lowest quality with the function Image.save in the library pillow. This
step compresses the images and saves them with a much smaller size for computational efficiency. Lastly,
we resize all the images to 224 × 224 pixels using resize function in opencv-python library [45]. By
resizing all the images, we can concatenate them as a four-dimensional matrix. The first dimension is the
number of images, the second dimension refers to the three color channels, and the last two dimensions
are the height and width of the processed images. After resizing, the images can be concatenated into a
unified four-dimensional matrix that is readily used as input for machine learning models. The resolution
reduction and resizing steps substantially decrease computational and memory demands. However, these
operations inevitably lead to some loss of fine-grained visual information from the original images due
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to the constraints of limited hardware resources. Examples of the pre-processed flawless and defective
images are shown in Figure 2c,d.

Figure 3. Image pre-processing flowchart.

Before we train the models, we split the dataset into training, validation, and testing subsets with a
ratio of 8 : 1 : 1. Since the datasets are imbalanced (i.e., more flawless images than defective images),
we further balance the training set by oversampling images of the minority classes, the crack and cold
flow. As a result, there are 4854 images in the training set, 606 images in the validation set, and 334
images in the testing set (89 crack, 43 cold flow, and 202 flawless). Oversampling was employed to handle
class imbalance while preserving the original data distribution, as synthetic approaches (e.g., Synthetic
Minority Over-sampling Technique (SMOTE) or Generative Adversarial Network (GAN)) may introduce
distributional artifacts that could compromise model reliability in industrial inspection tasks.

4. Methods

We develop three state-of-the-art deep learning architectures for surface defect detection: a CNN,
ResNet-18, and a ViT. Training ResNet-18 and ViT from scratch typically requires a large-scale
labeled dataset, which is unavailable in this study. Therefore, the CNN is trained from scratch, while
transfer learning is employed to fine-tune pre-trained ResNet-18 and ViT models using the proposed
pre-processed dataset. In addition, an ensemble model is constructed by combining the posterior
predictions of the three individual models to further improve classification accuracy and robustness.

Let the input image be denoted as X ∈ R3×H×W , where 3 represents the RGB channels and
H =W = 224 after preprocessing. The corresponding ground-truth label is y ∈ {1,2,3}, representing
the classes flawless, crack, and cold flow. All models learn a mapping fθ : X → ŷ, where θ denotes
trainable parameters and ŷ is the predicted class label obtained from class probabilities p̂ ∈ R3.
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4.1. Convolutional neural networks

The first architecture developed in this study is a conventional CNN originally proposed in [46]. A CNN
consists of convolutional layers for feature extraction, pooling layers for spatial downsampling, and fully
connected layers for classification. Convolutional layers learn local feature representations by applying
trainable kernels to the input feature maps, while nonlinear activation functions, such as Rectified Linear
Unit (ReLU) or its variants, introduce nonlinearity and enable the modeling of complex patterns. Pooling
layers reduce spatial dimensionality and computational cost, improve feature robustness, and help mitigate
overfitting. The extracted high-level features are subsequently fed into fully connected layers, where
softmax or sigmoid functions are applied depending on the classification task.

In this study, the proposed CNN architecture comprises three convolutional blocks. Each block
consists of a 3×3 convolutional layer with a stride of 1, followed by a LeakyReLU activation function to
improve gradient flow and a max-pooling layer for spatial downsampling. Batch normalization is applied
after each block to stabilize training and accelerate convergence. For each convolutional block, given input
X , the output is computed as P̂=BN(MaxPool(LeakyReLU(X ∗K+b))), where ∗ denotes the convolution
operation, K represents the learnable convolution kernels, and b is the bias term. The output of the final
convolutional block is flattened and passed through a fully connected layer, followed by ReLU activation,
batch normalization, and dropout regularization to prevent overfitting: h̃ = Dropout(BN(ReLU(W1 ∗
Flatten(P̂) + b1))), where W1 and b1 are the weight matrix and bias of the fully connected layer,
respectively. The final fully connected layer produces three output nodes, and the class probabilities
are obtained using the softmax function: p̂ = So f tmax(W2h̃+b2) corresponding to the flawless, crack,
and cold flow categories. The layer dimensions are determined by the input image size and kernel
configuration, as illustrated in Figure 4.

Figure 4. CNN architecture.

4.2. Pre-trained ResNet-18

The second deep learning architecture employed in this study is a pre-trained ResNet-18 model, originally
trained on the ImageNet-1K dataset. ResNet-18 is a residual convolutional neural network consisting of
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18 layers and is specifically designed to mitigate the vanishing gradient problem and improve training
efficiency through the use of residual connections. In conventional CNNs, gradients may gradually diminish
as they propagate backward through deep networks, resulting in slow convergence and limited ability to
learn complex feature representations. To address this limitation, ResNet introduces shortcut (residual)
connections between convolutional layers, as illustrated by the green curved arrows in Figure 5. These
connections enable the network to learn residual mappings rather than directly approximating the desired
underlying functions, thereby facilitating the training of deeper and more effective models. Since its
introduction by He et al. [47], ResNet has become a foundational architecture in modern deep learning.

As shown in Figure 5, the ResNet-18 architecture consists of an input layer, a sequence of
convolutional layers organized into residual blocks, and a final fully connected classification layer.
The network begins with a 7×7 convolutional layer with 64 filters and a stride of 2, followed by batch
normalization, ReLU activation, and a 3×3 max-pooling layer. Subsequently, four stages of residual
blocks are employed, with the number of filters doubling at each stage from 64 to 512. Each stage contains
two residual blocks, and each block comprises two 3×3 convolutional layers, each followed by batch
normalization and ReLU activation. The residual connections bypass these convolutional layers, ensuring
stable gradient propagation during backpropagation.

Mathematically, each residual block learns a residual function such that the block output is given
by Y = F(X) + X , where X is the input to the block and F denotes the nonlinear transformation
performed by the stacked convolutional layers: F(X) = ReLU(BN(XK2)) ◦ReLU(BN(XK1)), where
◦ is the composition operator. After the final residual stage, a global average pooling layer reduces the
spatial dimensions of the feature maps. The pooled features are then passed through a fully connected layer
with three output nodes corresponding to the flawless, crack, and cold flow categories. Similar to the CNN
model, the class probabilities are obtained using the softmax function: p̂ = So f tmax(W ∗GAP(Y )+b),
where GAP denotes global average pooling, and W and b are the weight matrix and bias of the final
fully connected layer, respectively. In this study, the pre-trained ResNet-18 model is fine-tuned using the
pre-processed training dataset to optimize performance for the surface defect detection task.

Figure 5. ResNet-18 architecture.
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4.3. Pre-trained vision transformer

The third architecture employed in this study is a pre-trained ViT model, originally trained on the
ImageNet-21K dataset. The ViT architecture is derived from the Transformer model, which was first
introduced in 2017 as a groundbreaking approach for natural language processing (NLP) tasks such as
text classification and machine translation [48]. A key innovation of the Transformer is the self-attention
mechanism, which enables effective modeling of long-range dependencies, as well as the use of positional
encodings to preserve the sequential order of input tokens. This architecture was later adapted for image
analysis tasks, resulting in the ViT framework 6.

The Transformer follows an encoder–decoder architecture; however, for image classification tasks,
only the encoder component is utilized. As illustrated in Figure 6, ViT treats an image as a sequence of
visual tokens, enabling global context modeling across the entire image. Specifically, the input image is
divided into a set of non-overlapping patches, each of which is flattened and linearly projected into an
embedding space, effectively transforming the image into a sequence similar to time-series data.

Figure 6. ViT architecture: (a) Mainframe; (b) Transformer encoder module;
(c) Multi-head self-attention; (d) Self-attention.

Formally, let the input image be decomposed into N patches x1,x2, . . . ,xN . Each patch is projected
using a learnable linear mapping E , and a learnable classification (CLS) token cls is prepended to
the sequence. Positional embeddings Epos are added to retain spatial information. The resulting
input to the encoder is given by z0 = [xcls,x1E ,x2E , . . . ,xNE ]+Epos, where E denotes the projection
matrix and Epos represents positional embeddings. The encoder consists of multiple Transformer
encoder blocks, each composed of a Multi-Head Self-Attention (MHSA) module followed by a
Feed-Forward Neural Network (FFN), as shown in Figure 6b. The self-attention mechanism captures
relationships between different image patches. For each attention head, the input embeddings are
linearly transformed into query (Q), key (K), and value (V) matrices. The attention operation is
defined as Attention(Q,K,V ) = So f tmax(QKT

√
d
)V , where d is the embedding dimension. The outputs

from all attention heads are concatenated and projected back into the original embedding space. To

11



Artif. Intell. Auton. Syst. Article

stabilize training and facilitate deeper architectures, residual connections and layer normalization are
applied around both the MHSA and FFN modules: z′ = LN(z+MHSA(z)),zl+1 = LN(z′+FFN(z′)).
After passing through the final encoder block, the output corresponding to the classification token is
extracted and fed into a linear classification layer, followed by a softmax activation to obtain class
probabilities: p̂ = So f tmax(Wzcls +b), where W and b are the learnable weight matrix and bias of the
final linear layer, respectively. The resulting probabilities correspond to the flawless, crack, and cold
flow categories.

4.4. Ensemble

An ensemble model combines the predictions or predicted probabilities of multiple individual models
to produce a single, consolidated output. By leveraging the complementary strengths of its constituent
models, an ensemble approach can achieve higher accuracy and greater robustness than any single model
alone. A key component of ensemble methods is the voting mechanism, which determines how individual
model outputs are aggregated to generate the final prediction. Let the predicted class labels from the CNN,
ResNet-18, and ViT models be denoted as ŷ(1), ŷ(2), ŷ(3), respectively. Two common voting strategies are
soft voting and hard voting. Soft voting averages the predicted class probabilities from all models and
assigns the final label to the class with the highest averaged probability. In contrast, hard voting adopted in
this study selects the final prediction based on the majority class label predicted by the individual models.
Formally, the hard voting ensemble prediction is given by ŷens = mode(ŷ(1), ŷ(2), ŷ(3)). In our study, both
voting strategies are employed. The voting strategy reduces the influence of misclassifications from any
single model and enhances prediction stability across different data samples. Moreover, by effectively
aggregating the biases and variances of the individual models, the ensemble approach mitigates
overfitting and improves generalization performance. Overall, the ensemble framework provides a
systematic means of capitalizing on the strengths of multiple architectures while compensating for
their individual weaknesses, resulting in more reliable and accurate classification outcomes.

5. Results and discussion

The four deep learning architectures explained in Section 4. are implemented in Python v3.13.7 using
PyTorch 2.8.0 [49]. Experiments are conducted on a workstation that runs the Windows 11 Education
operating system and is equipped with an AMD Ryzen 7 9700X 8-Core 3.8 GHz CPU, 128 GB RAM,
and an NVIDIA GeForce RTX 5090 32 GB GPU.

We begin by identifying the optimal model for each architecture through an evaluation of different
combinations of hyperparameter values—a process known as grid search. Grid search is a widely used
technique in machine learning for fine-tuning model performance, offering advantages such as automation
of the tuning process and flexibility in parameter configuration. Unlike random search, which randomly
samples hyperparameter combinations within a predefined time limit, grid search systematically explores
the entire defined parameter space, often leading to more consistent and superior performance outcomes.

When conducting the grid search, we focus on three key hyperparameters: batch size, number of epochs,
and learning rate. The batch size defines the number of training samples processed before updating the model’s
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internal parameters (weights and biases). Due to random-access memory (RAM) limitations, batch sizes of 32
and 64 are evaluated. The epoch represents one complete iteration over the entire training dataset, determining
how many times the model revisits all training examples; we test 20, 30, and 40 epochs. The learning rate
controls the magnitude of updates to the model’s parameters during training, influencing how quickly or slowly
the model learns. We examine four learning rate values: 0.1, 0.01, 0.001, and 0.0001. The grid search results,
summarized in Table 3, indicate that all architectures achieve their best performances with a batch size of 64
and a learning rate of 0.0001. The optimal number of epochs is 30 for the CNN and ResNet architectures, and
40 for the ViT.

Table 3. Hyperparameters with best performance for each architecture.

Architecture Batch Size Epochs Learning Rate

CNN 64 30 0.0001
ResNet-18 64 30 0.0001

ViT 64 40 0.0001

Using the optimized hyperparameters, we performed ten independent training–testing runs for each
model and evaluated performance using the area under the Receiver Operating Characteristic curve (AUC).
Figure 7 summarizes the results with box plots across CNN, ResNet, and ViT. Figure 7 a–c present
one-vs-rest AUC distributions for the “flawless,” “crack,” and “cold flow” classes, enabling class-specific
comparison, while Figure 7d,e reports the micro-average and macro-average AUC results to reflect
overall performance across categories. Across all classes and evaluation metrics, ResNet consistently
demonstrates the highest and most stable AUC performance, with tightly clustered results and minimal
variability across runs. CNN achieves similarly strong performance, though with slightly greater spread
in AUC values. In contrast, the ViT model exhibits lower median AUC scores and noticeably higher
variability, particularly for the “crack” and “cold flow” classes, indicating less stable and less effective
classification behavior. The micro- and macro-average AUC results further confirm this trend: ResNet
achieves the best overall and most reliable performance, CNN follows closely, and ViT trails behind in
both accuracy and consistency. Overall, these results highlight the robustness and reliability of ResNet
and CNN for defect classification under repeated experimental conditions.

We further compare the ROC curves of CNN, ResNet, and ViT using multiple AUC evaluation
methods. For each method, the testing run that achieved the highest AUC is selected to represent
the model’s best performance, ensuring a fair and consistent comparison of its optimal discriminative
capabilities. The ROC curve illustrates the trade-off between the true positive rate and the false positive
rate, while the AUC, ranging from 0 to 1, quantifies overall classification effectiveness. A larger AUC,
therefore, indicates stronger discriminative performance. As shown in Figure 8, all three models achieve
strong classification performance across the “flawless,” “crack,” and “cold flow” classes, as well as in the
micro- and macro-average evaluations. CNN and ResNet consistently produce ROC curves that closely
approach the top-left corner, with AUC values near one, indicating excellent and stable performance
across categories. CNN shows a slight advantage in several cases, particularly for the “flawless” and
“crack” classes and in the macro-average evaluation, while ResNet demonstrates nearly identical and
highly reliable results throughout. In contrast, the ViT model exhibits comparatively lower AUC values
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and less steep ROC curves, especially for the “crack” and “cold flow” classes, suggesting weaker and less
consistent discriminative ability. Overall, the ROC analysis confirms that CNN and ResNet outperform
ViT in both class-specific and aggregated evaluations, with CNN achieving the best overall performance
and ResNet showing exceptional stability.

(a) (b)

(c) (d)

(e)

Figure 7. Box plots of AUC by models: (a) Flawless; (b) Crack; (c) Cold flow;
(d) Micro-average; (e) Macro-average.
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(a) (b)

(c) (d)

(e)

Figure 8. ROC curves by models: (a) Flawless; (b) Crack; (c) Cold flow; (d) Micro-average;
(e) Macro-average.
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In the end, we compare the performances of the three architectures using the four metrics below.

accuracy =
TP + TN

TP + TN + FP + FN
(1)

precision =
TP

TP + FP
(2)

recall =
TP

TP + FN
(3)

F1-score = 2× precision× recall
precision+ recall

(4)

where accuracy represents the correct prediction rate among all categories, TP (short for true positive) is
the number of defective cases that are correctly predicted as defective, TN (true negative) is the number of
flawless cases that are correctly predicted as flawless, FP (false positive) is the number of flawless cases
that are incorrectly predicted as defective, and FN (false negative) is the number of defective cases that
are incorrectly predicted as flawless. F1-score describes the harmonic mean of precision and recall and
measures the reliability of the model from both angles equally. The ranges of four metrics are [0,1], and
each metric indicates better performance when it is closer to 1.

In multi-class classification, most models estimate the conditional probability of each category given
the input features and assign the label with the highest probability. Table 4 summarizes the performance
of CNN, ResNet-18, ViT, and the Ensemble model using accuracy, precision, recall, and F1-score, where
the bracketed values denote the minimum and maximum across runs and the parenthesized values indicate
the mean. Consistent with the AUC and ROC analyses, CNN and ResNet-18 demonstrate the highest
and most stable performance across all metrics, with ResNet-18 showing a slight advantage in recall and
F1-score, reflecting better sensitivity and balanced classification ability. In contrast, the ViT model yields
noticeably lower scores and greater variability, indicating weaker generalization and less reliable detection
performance. The Ensemble model achieves the best overall results, outperforming all individual models
in every metric, which highlights the benefit of combining complementary model predictions to enhance
robustness and predictive reliability.

To further assess statistical significance, two-sample t-tests were conducted between the accuracies
obtained from ten runs of each individual model and those of the ensemble model. The resulting p-values
for CNN, ResNet-18, and ViT compared to the ensemble (hard voting) are 0.000136, 0.322121, and 0,
respectively. The p-values for the three models compared to the ensemble (soft voting) are 0.001742,
0.193422, and 0, respectively. At a significance level of α = 0.05, these results indicate that the ensemble
model performs statistically significantly better than both CNN and ViT, while its performance is not
significantly different from that of ResNet-18.

The comparatively weaker performance of ViT can be attributed to its architectural characteristics.
Vision Transformers rely heavily on large-scale training data to effectively learn global self-attention
patterns and lack the strong inductive biases of convolutional networks, such as locality and translation
invariance. In datasets of limited size, such as defect images with subtle local features, ViT may struggle
to capture fine-grained spatial details that CNN-based architectures inherently model more effectively
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through convolutional kernels. As a result, CNN and ResNet-18 are better suited to extracting localized
defect patterns, leading to more stable and accurate classification. The ensemble approach further mitigates
individual model weaknesses by aggregating their predictions through hard voting, reducing bias and
variance, and ultimately producing the most reliable performance across all evaluation metrics.

Due to differences in architectural complexity, the training time varies substantially across models.
As shown in Table 5, the CNN requires the least computational time, completing one training run in
4 min 49 s. ResNet-18 requires nearly twice as long, with a training time of 8 min 20 s per run. In
contrast, the ViT model is considerably more computationally demanding, requiring 1 h 10 min 57 s
for a single run, approximately 18 times longer than the CNN. While ViT incurs significantly higher
training cost, training is performed offline, and real-time deployment depends on inference, which remains
efficient. Despite lower standalone performance, ViT contributes architectural diversity to the ensemble,
improving robustness without prohibitive inference overhead.

Table 4. Model classification performance.

Method Accuracy Precision Recall F1-Score

CNN [0.9581, 0.9731]
(0.9665)a

[0.9382, 0.9624]
(0.9528)

[0.9256, 0.9543]
(0.9435)

[0.9317, 0.9582]
(0.9480)

ResNet-18 [0.9611, 0.9701]
(0.9692)

[0.9343, 0.9509]
(0.9492)

[0.9454, 0.9545]
(0.9536)

[0.9384, 0.9519]
(0.9506)

ViT [0.8503, 0.9042]
(0.8784)

[0.7421, 0.8468]
(0.7918)

[0.7395, 0.8118]
(0.7788)

[0.7449, 0.8178]
(0.7824)

Ensemble
(Hard)

[0.9641, 0.9760]
(0.9707)

[0.9518, 0.9646]
(0.9577)

[0.9350, 0.9620]
(0.9505)

[0.9432, 0.9631]
(0.9539)

Ensemble
(Soft)

[0.9671, 0.9760]
(0.9710)

[0.9518, 0.9646]
(0.9582)

[0.9388, 0.9620]
(0.9511)

[0.9451, 0.9631]
(0.9545)

a mean value within the parenthesis.

Table 5. Model computational performance.

Method Running Time for 1 Run Running Time for 10 Runs

CNN 4 min 49 s 47 min 37 s
ResNet-18 8 min 20 s 1 h 21 min 57 s
ViT 1 h 10 min 57 s 11 h 52 min 49 s

6. Conclusion

In this paper, we propose a framework for automating the detection of surface defects in aluminum die-cast
gas meter lids. Specifically, we implemented three state-of-the-art deep learning models, including a
conventional CNN, a pre-trained ResNet-18, and a pre-trained ViT. An ensemble of these models is also
constructed. We collected a large real-world dataset, pre-processed the images, and used grid search for
hyperparameter tuning. Ten experiments were performed for each architecture. An extensive comparison
shows that all the architectures achieved high performance in accuracy, precision, recall, and F1-score.
The fine-tuned ResNet-18 model performs slightly better than the CNN model on precision, recall,
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and F1-score, while the fine-tuned ViT model underperformed compared to CNN and ResNet-18. The
ensemble model takes advantage of all three models and generates better accuracy. The paired t-tests
indicate that the ensemble model performs significantly better than both the CNN and ViT models. The
superior performances indicate that it is feasible to implement the framework for automatically detecting
surface defects in aluminum die-cast lids for gas meters. We believe these state-of-the-art models have
the potential to be broadly studied for surface defect detection in other aluminum die-cast products.

We acknowledge the following limitations in this study. First, this study only tackles the detection
of surface defects without considering internal defects. As discussed in Section 1, internal defects such
as porosity may also jeopardize the functionalities of many aluminum die-cast alloys and should be
inspected. However, surface defects are the major types of defects in aluminum die-cast gas meter lids, so
this study is still promising in improving the current inspection practice for gas meter lids. In addition,
X-ray and ultrasonic scans can be utilized to identify internal defects [14,23,41]. The framework and the
models developed in this study may be extended to such applications, contingent upon the availability of
corresponding X-ray or ultrasonic image data. Second, this study addresses a multiclass classification task
with flawless and two types of surface defects (i.e., crack and cold flow), while there are possibly other
types of surface defects, particularly for other aluminum die-cast products. For alternative applications,
such as surface defects of aluminum die-cast automotive parts, the framework and architectures developed
in this study can be adapted; however, the collection and appropriate labeling of a new dataset may be
needed. Third, this study belongs to acceptance sampling quality control efforts, while online quality
control solutions may better address the problems and improve productivity. The approach in this study
is accessible and could be easily implemented as an in-situ quality control application to realize online
quality control.

Our future work includes collecting a larger and more diverse dataset (labeled with more different
types of surface defects) and revising our models. In addition, we plan to implement deep learning models
as an in-situ quality control application to realize online quality control for real-time cause-and-effect
analysis and closed-loop manufacturing systems.
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