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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].

2



Artif. Intell. Auton. Syst. Article

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

ef�ciency. 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 speci�c microstructural defects, require extensive preprocessing(e.g., polishing)

and are dif�cult 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 veri�able results, they have limitations regarding the variety of product features,

quality requirements, and defect types. Speci�cally, the �ndings 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 classi�cation 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 classi�cation tasks,

accuracy is the most commonly used metric. However, variations in products, tasks, data types, and

inspection accuracy requirements across industries can lead to signi�cant 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

classi�cation 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 inaluminum 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 classi�cation 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 ef�ciency 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 �ow and are critical to urban natural gas transmission systems. Given natural

gas's �ammability and high-pressure combustibility, leak prevention is paramount—a role the lid ful�lls.

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
�ow; (c) Heat checking; (d) Oil stain.
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