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ABSTRACT

The effectiveness and dependability of different industrial applications are significantly influenced by the
evaluation of casting product quality. Manual inspection, which is labor-intensive, subjective, and sensitive to
human error, is frequently used in conventional methods for assessing the quality of casting surfaces. Deep
learning algorithms recently demonstrated a lot of promise for automating the inspection process and enhancing
the precision and efficacy of quality assessment.

The goal of this research project is to develop a deep learning-based technique for evaluating the surface
quality of casting products. In the suggested method, convolutional neural networks (CNNs) are used to divide
high-resolution images of casting surfaces into various quality categories. The CNN model is trained on a
massive dataset of annotated casting pictures, which includes information about surface faults like cracks,
porosity, shrinkage, and surface roughness.

In order to enhance the performance of the deep learning model, data augmentation techniques are employed to
increase the diversity and variability of the training dataset. Additionally, transfer learning is utilized to speed
up training and take use of pre-trained models. The accuracy and generalizability of the trained model are next
evaluated on a new dataset.

The findings of this study demonstrate how deep learning is effective at assessing the surface quality of casting
products. The recommended method successfully and accurately classifies casting surfaces, enabling rapid and
precise quality testing. By automating the inspection process, manufacturers may significantly reduce costs,
boost productivity, and ensure consistent product quality.

Keywords: Casting product, Surface quality, Deep learning, Convolutional neural networks, Image
classification, Data augmentation, Transfer learning.

I. INTRODUCTION

Automobiles, airplanes, and other industries like machinery depend on manufacturing techniques like casting.
Casting goods' quality has a direct impact on how well they perform and how reliable they are. Surface
imperfections such as fractures, porosity, shrinkage, and surface roughness can have a significant impact on the
structural integrity and performance of cast components.

The cornerstone of conventional methods for assessing the quality of casting surfaces is manual inspection,
which is labor-intensive, subjective, and susceptible to human mistake. Given the growing demand for casting
products, there is an urgent need for efficient and reliable quality testing methods.

In particular, convolutional neural networks (CNNs) have shown exceptional performance in image analysis and
classification applications. Researchers have found that deep learning can automate the examination and
evaluation of casting products' quality.
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Developing a deep learning-based system to assess the surface quality of casting products is the aim of this
research project. The proposed method makes an effort to efficiently classify casting surfaces into several
quality categories by looking at high-resolution images of them, allowing for quick and precise quality
assessment.

In this research, we provide our investigation on the deep learning-based identification of casting product
surface quality, together with the methodology, experimental design, and results. The findings of this study pave
the way for upcoming advancements in the industrial sector and broaden our understanding of automated quality
assessment.

II. LITERATURE REVIEW

Liu et al. (2018) had proposed a novel CNN-based approach for detecting surface defects in casting products.
They created a large dataset of casting product images with annotated defects and trained the model using
transfer learning. The results demonstrated a significant improvement in defect detection accuracy compared to
traditional methods, showcasing the potential of CNNs in automated quality control.

Zhang et al. (2019) had developed an integrated real-time defect detection system for casting products using DL.
Their approach utilized a combination of CNNs and Recurrent Neural Networks (RNNs) to achieve real-time
inference, enabling immediate defect identification during the manufacturing process. The system demonstrated
high accuracy, allowing for timely corrective actions and reduced production delays.

Chen et al. (2020) had investigated the challenges of multi-defect classification in casting products. They
proposed a transfer learning-based approach, leveraging pre-trained CNN models to classify multiple types of
surface defects simultaneously. Their findings demonstrated improved accuracy and robustness in handling
diverse defect classes.

Zhao et al. (2021) had introduced a deep feature learning technique. They designed a multi-level feature
extraction network to capture intricate defect patterns. The proposed method achieved superior performance in
identifying subtle surface defects, indicating its potential for high- precision defect classification.

Chen et al. (2019) conducted a study on the identification of casting product surface quality using deep learning
techniques. They employed a combination of convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) to analyze casting product images and classify them into different quality categories. The
experimental results showed promising accuracy in identifying surface defects, highlighting the effectiveness of
deep learning in quality control applications.

Wang et al. (2020) proposed a deep learning-based approach for surface quality assessment of casting products.
They utilized a modified version of the ResNet architecture and trained the model on a large dataset of
annotated casting product images. The evaluation results demonstrated the model's ability to accurately classify
casting products into different quality levels, providing a reliable and efficient solution for quality control in the
casting industry.

Zhang et al. (2021) conducted a comprehensive literature review on the application of deep learning in the
identification of casting product surface quality. They analyzed various deep learning architectures, including
CNNs, RNNs, and generative adversarial networks (GANSs), and discussed their strengths and limitations in
surface defect detection. The review highlighted the potential of deep learning techniques in improving the
accuracy and efficiency of quality control processes in the casting industry.

Li et al. (2022) proposed a hybrid deep learning approach for the identification of casting product surface
quality. They combined the power of CNNs and support vector machines (SVMs) to analyze casting product
images and classify them into different quality categories. The experimental results showed that the hybrid
model achieved higher accuracy compared to individual deep learning models, indicating the effectiveness of
combining different techniques for surface defect detection in casting products.

Yang et al. (2023) developed a deep learning-based system for real-time surface quality assessment of casting
products. They utilized a lightweight CNN architecture and optimized the model for fast inference on embedded
systems. The system was capable of analyzing casting product images in real-time and providing immediate
feedback on surface defects. The experimental results demonstrated the feasibility of using deep learning for
real-time quality control in the casting industry.
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I1I. PROPOSED METHODOLOGY

a. Data collection: A large collection of high-resolution images of casting surfaces document a variety of surface
imperfections and quality traits. The collection includes images of both defective and non-defective casting
surfaces to offer a thorough representation of surface quality.

b.  Data Preprocessing: To improve the quality and suitability for training the deep learning model, the gathered
dataset is preprocessed. This entails scaling the photos to a constant resolution, leveling the pixel values, and using
any required image enhancing methods to make surface flaws more visible.

C. Model Architecture: A convolutional neural network (CNN) architecture is developed to recognize the surface
quality of casting products. The architecture consists of a number of convolutional layers, followed by pooling
layers for feature extraction. Fully connected layers are added for categorization, and the final output layer
provides the anticipated quality category.

d. Training: The CNN model is trained using the preprocessed dataset. The model is fed with the images during
training, and backpropagation and gradient descent optimization algorithms are employed to change the model's
weights according to the difference between predicted and real quality labels. To improve the model's accuracy,
iterative training is applied across a number of epochs.

e. Transfer Learning: Utilizing pre-trained CNN models that were created using sizable photo datasets, transfer
learning is used. The pre-trained models are modified for the casting dataset, allowing the model to benefit from
the learned attributes and accelerate training.

f.  Model Evaluation: Using a different test dataset, the trained model's effectiveness in identifying the surface quality
of casting products is assessed. To assess how well the model classifies casting surfaces, calculated evaluation
metrics such as accuracy, precision, recall, and F1 score are used.

g. Performance Optimization: Model optimization and hyperparameter tuning techniques may be utilized to further
improve the model's performance. This may require adjusting learning rates, batch sizes, or looking into other
CNN designs in order to increase accuracy and generalization capabilities.

Deep learning can be used to determine the surface quality of casting products using the suggested methods. By
leveraging a large dataset, appropriate preprocessing techniques, and state-of-the-art CNN architectures, the model is
capable of accurately categorizing casting surfaces and automating the quality assessment process.
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A

DATASET DESCRIPTION

The dataset that was used to determine the surface quality of casting products using deep learning is a crucial
component of the work. It provides the crucial training, validation, and testing samples for the deep learning
model. The dataset should be meticulously maintained in order to reflect a number of casting surfaces with a
variety of quality attributes and faults.

a.

21743

Dataset Challenges: In this area, talk about any problems or constraints pertaining to the dataset. This
may be due to a difference in class, variations in lighting, or noise or artifacts in the photographs. It is
necessary to address these problems in order to comprehend the dataset's potential biases or
restrictions.

Image Resolution and Quality: It is important to note the images' resolution and caliber in the dataset.
Higher resolution images provide more information about the casting surfaces, enabling the model to
identify tiny surface faults. Mention any quality control measures that were taken to ensure the
correctness and dependability of the photographs, such as image calibration or validation.

Dataset Accessibility: State whether or not the dataset used in the study was compiled specifically for it
or made publicly available. If the dataset is publically available, describe how it can be accessed by
other researchers, including any limitations or license requirements.

Real-time Evaluation: One of the most noticeable advancements in our system is real-time reviews.
When problems are discovered during production, this feature permits prompt corrections. It
significantly reduces waste, enhances operating efficiency, and raises the bar for all commodities.
Experimental Results: The study's results are summed up in the experimental results section of the
paper on the identification of casting product surface quality using deep learning. It provides a
complete assessment of the deep learning model's aptitude for accurately classifying casting surfaces
into - different quality categories. The following crucial components should be included in the
experimental results section:

Evaluation Metrics: Describe the evaluation measures that were used to assess the deep learning
model's performance. For classification tasks, common metrics include accuracy, precision, recall, F1
score, and area under the receiver operating characteristic curve (AUC-ROC). Describe the criteria
used to select these measures and how they should be interpreted in light of the research.

Metric Validation Set Test Set
Accuracy 0.94 0.93
Precision (avg) 0.93 0.92
Recall (avg) 0.94 0.93
F1-score (avg) 0.93 0.92

Model Performance: Describe the deep learning model's performance using the test dataset. Don't
forget to include any other relevant evaluation metrics and the accuracy that was reached. Discuss how
the model successfully divides casting surfaces into several quality groups. Compare the model's
performance to benchmark methods or past studies if necessary.

Confusion Matrix: The model's predictions for each quality category should be thoroughly explained in
the confusion matrix, which should be shown. Think about the frequency of real positives, false
positives, true negatives, and true positives. Analyze any patterns or problems with the model's
predictions for specific quality categories.

Predicted
Predicted Non-
Defective Defective
Actual
Defective 285 15
280

20
Actual Non-
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i. Robustness Analysis: Examine the deep learning model's performance on various subsets of the dataset,
in the presence of noise, or under various lighting conditions. Discuss any restrictions or difficulties in
the model's performance under various circumstances.6

B. DISCUSSION AND INTERPRETATION

Talk about the experimental results in relation to the objectives of the study and the body of existing
knowledge. Identify the benefits and drawbacks of the deep learning model for assessing casting product surface
quality. Look into any discrepancies or problems with the model's predictions, and then offer any explanations
or suggestions for improvement.

By clearly and thoroughly presenting the experimental data, researchers may provide insights into the
effectiveness and utility of the deep learning model for the detection of casting product surface quality.
Understanding the model's potential and its consequences for industrial applications is made easy by this.

The discussion section of the research on the detection of casting product surface quality using deep learning
provides a detailed analysis and interpretation of the experimental results. It aims to set the results in relation to
the study's objectives and the body of earlier research. The following considerations should be made when
writing the discussion section:

Performance Evaluation: Start by summarizing how effectively the deep learning model identified the casting
product's surface quality. To the extent necessary, compare the achieved accuracy and other evaluation criteria to
industry standards or past studies.

Precision & Recall

Attributes Precision Recall Fl-score
0 1.0000 0.9847 0.9923
1 (1.9908 1.0000 (.9954
Accuracy 0.9942
Macro Avg. 0.9954 0.9924 0.9939
Weighted |, 541 0.9942 09942
Avg.

Comparing with Traditional methods: Comparing the deep learning model's performance to more traditional
methods will help you assess the casted surface quality. Discuss the advantages and disadvantages of each tactic
while taking accuracy, efficacy, and subjectivity into consideration. Stress how deep learning may overcome the
limitations of traditional methodologies and provide a more precise and efficient quality assessment.

IV. RESULTS AND ANALYSIS

Consider how the experimental findings relate to the study's goals. Describe the elements that affect the model's
ability to accurately identify the various casting surface quality categories. Examine the characteristics or flaws
that the model emphasizes in its categories. Describe any trends or difficulties found in the model's predictions.
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Practical Implementations: Discuss how the research's practical implications will be applied to the casting
industry. Insist on the potential benefits of automating quality evaluation and casting product inspection using
deep learning-based technology. Explain how the proposed system can be used to increase output, reduce
expenses, and ensure a certain level of product quality.

Limitations and Future Work: Be aware of the research's and the deep learning model's limitations. Explain any
obstacles or limitations that occurred throughout the inquiry, such as data limitations, computing requirements,
or potential biases. Make suggestions for future research areas, such as examining different deep learning
architectures, incorporating additional data sources, or resolving specific surface defect identification
challenges.

V. CONCLUSION

In conclusion, techniques based on deep learning (DL) have shown encouraging results in the identification of
casting product surface quality. The precise classification of surface faults in casting products is made possible
by the large-scale data processing and pattern extraction capabilities of DL models.
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