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ABSTRAK 

Dalam proses pembuatan semikonduktor, wafer semikonduktor mungkin mempunyai 

kecacatan yang tidak boleh diterima kerana kerumitan dalam proses pembuatan. 

Pengesanan kecacatan dalam wafer adalah penting untuk mengelakkan kecacatan dalam 

kualiti produk akhir dengan menggunakan mikroskop optik. Ini sering menyebabkan 

salah penilaian dan keputusan tidak konsisten. Proses secara automatik telah digunakan 

pada dewasa ini mesin menggunakan algoritma pemprosesan imej. Walau 

bagaimanapun, kesukaran dalam menyediakan parameter yang diperlukan untuk 

algoritma pemprosesan imej menggalakkan penyiasatan dalam menggunakan klasifikasi 

pembelajaran dalam dalam mengesan kecacatan wafer. Klasifikasi pembelanjaran dalam 

boleh mendapatkan keputusan yang bagus dan mantap, tetapi unsur-unsur seperti 

kekurangan data dan kesukaran pelarasan hyperparameter menyebabkan perlaksaannya 

sukar dalam industry ini. Pembelajaran pemindahan digunakan untuk mengalihkan 

parameter dari model lain, menghasilkan keputusan yang sama bagus tapi lebih cepat dan 

mudah untuk melaksanakan.Sehingga kini, kajian yang terhad menyiasat klasifikasi 

kecacatan wafer menggunakan pembelajaran pemindahan gabung dengan pembelajaran 

mesin. Oleh itu, kajian ini akan bertujuan untuk meneroka 17 model pembelajaran 

pemindahan yang berbeza, dan mengklasifikasikan imej menggunakan 3 algoritma 

pembelajaran mesin berbeza, iaitu Support Vector Machine (SVM), k-Nearest Neighbor 

(kNN) dan Random Forest (RF). Pengelas pembelajaran mesin akan dinilai melalui 

teknik “5-fold cross validation” melalui carian grid. Imej akan dibahagikan kepada nisbah 

berstrata 60:20:20 sebagai data latihan, pengesahan dan ujian. Gabungan berbeza 

pembelajaran dalam dengan pembelajaran mesin akan dinilai dan dibandingkan untuk 

mendapatkan gabungan berprestasi terbaik melalui pelbagai ukuran prestasi seperti 

ketepatan, matriks, kepekaan dan skor F1. Telah diperhatikan bahawa model 

ResNet101v2 berpasangan dengan pembelajaran SVM mampu mencapai ketepatan 

terbaik sebanyak 95% untuk data latihan, data pengesahan dan data ujian. 
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ABSTRACT 

In a semiconductor manufacturing process, a semiconductor wafer may have defects 

which are unacceptable due to its complexity in manufacturing process. Defect detection 

in wafer is vital in avoiding yield loss in end product, which is often achieved by visual 

judgement using an optical microscope. This often causes misjudgment and inconsistency 

result between different personnel. Automated processes have been used commonly in 

recent years, with the judgement done by using conventional image processing algorithm. 

However, limitations such as robustness and difficulty in setting up the parameters 

required for image processing algorithm encourages the investigation in using Deep 

learning classification in detecting the wafer defects. Deep learning classification 

produces excellent and robust results in classifying defects in wafer images, but 

challenges in data scarcity and hyperparameter tuning hampers its implementation in the 

industry. To combat this challenge, Transfer learning (TL) is investigated to utilize pre-

trained weights from other models, which in turns produces similar excellent results while 

improving the efficiency of implementation. Thus far, there are still limited studies that 

investigate the classification of wafer defects using TL combined with a classical 

Machine learning (ML) pipeline. Thus, this study will aim to explore 17 types of TL 

models, and classify the features extracted using 3 different ML algorithms, namely 

Support Vector Machine (SVM), k-Nearest Neighbor (kNN) and Random Forest (RF). 

The ML classifiers were tuned via a 5-fold cross-validation technique through grid search 

approach. The input images were split into a stratified ratio of 60:20:20 ratio as training, 

validation and testing set respectively. Different combinations of TL-ML pipeline were 

evaluated and compared to obtain the best performing pipeline by various performance 

measures such as the classification accuracy, confusion matrix, precision, sensitivity and 

F1 score. It is observed that the ResNet101v2 model pairing up with an optimized SVM 

pipeline is able to achieve the best classification accuracy of 95% for training, validation 

and testing data. 

 



v 

TABLE OF CONTENT 

DECLARATION 

TITLE PAGE  

ACKNOWLEDGEMENTS ii 

ABSTRAK iii 

ABSTRACT iv 

TABLE OF CONTENT v 

LIST OF TABLES viii 

LIST OF FIGURES ix 

LIST OF SYMBOLS x 

LIST OF ABBREVIATIONS xi 

LIST OF APPENDICES xii 

CHAPTER 1 INTRODUCTION 13 

1.1 Research Background 13 

1.2 Problem Statement 15 

1.3 Research Objective and Aim 16 

1.4 Research Scope 17 

1.5 Summary and Outline 18 

CHAPTER 2 LITERATURE REVIEW 19 

2.1 Introduction 19 

2.2 Data acquisition for defect detection in semiconductor industries 19 

2.3 Defect classification using vision in semiconductor industries 20 

2.4 Related Studies on Classification of Defects via Machine Learning / Deep 

Learning 21 

2.5 Related Studies on Classification of Defects via Transfer Learning 31 



vi 

2.6 Summary 39 

CHAPTER 3 RESEARCH METHODOLOGY 40 

3.1 Introduction 40 

3.2 General framework flowchart 41 

3.3 Data Collection and Acquisition 42 

3.4 Feature Extraction through Transfer Learning (TL) 44 

3.5 Feature Classification 46 

3.5.1 Grid Search 46 

3.5.2 Support Vector Machine (SVM) 49 

3.5.3 k-Nearest Neighbour (kNN) 51 

3.5.4 Random Forest (RF) 53 

3.6 Performance Evaluation 55 

3.6.1 Classification Accuracy 55 

3.6.2 Confusion Matrix 55 

3.6.3 Precision 56 

3.6.4 Recall and Sensitivity 56 

3.6.5 F1 Score 56 

3.7 Summary 57 

CHAPTER 4 RESULTS AND DISCUSSION 59 

4.1 Introduction 59 

4.2 Wafer defects mode 60 

4.3 k-Nearest Neighbor (kNN) 63 

4.4 Random Forest (RF) 66 

4.5 Support Vector Machine (SVM) 69 

4.6 Results Comparison 72 



vii 

4.7 Summary 73 

CHAPTER 5 CONCLUSION 74 

5.1 Introduction 74 

5.2 Summary of Main Findings 74 

5.2.1 Objective 1: To acquire defect and non-defect wafer images from 

the Automated Optical Inspection (AOI) system. 74 

5.2.2 Objective 2: To formulate a different transfer learning pipelines 

from seventeen transfer learning models coupled with three 

machine learning models namely, k-Nearest Neighbour (kNN), 

Support Vector Machine (SVM) and Random Forest (RF) based on 

the images acquired. 74 

5.2.3 Objective 3: To evaluate the performance of the formulated 

transfer learning pipelines towards classifying the wafer defects. 75 

5.3 Contributions 75 

5.4 Recommendations 76 

REFERENCES 77 

APPENDICES 83 

 

 



viii 

LIST OF TABLES 

Table 2.1 Summary of recent studies on classification of defects via machine 

learning/deep learning. 27 

Table 2.2 Summary of recent studies on classification of defects via transfer 

learning. 35 

Table 3.1 Data splitting proportion (number of images) 42 

Table 3.2 Transfer learning models used in study 45 

Table 3.3 Hyperparameters for SVM 49 

Table 3.4 Hyperparameters of kNN 51 

Table 3.5 Hyperparameters of RF 54 

Table 4.1 Wafer defects images captured in the dataset. 60 

Table 4.2 Hyperparameters value of ResNet50 v2 - kNN 64 

Table 4.3 Performance measure of ResNet50 v2 - kNN 64 

Table 4.4 Prediction time comparison 67 

Table 4.5 Hyperparameters value of ResNet101 v2 - RF 67 

Table 4.6 Performance measure of ResNet101 v2 - RF 67 

Table 4.7 Hyperparameters value of ResNet101v2-SVM 70 

Table 4.8 Performance measure of ResNet101v2-SVM 70 

 



ix 

LIST OF FIGURES 

Figure 1.1 Predicted cumulative yield drop for complex wafer design if per-step 

yield stays constant. 13 

Figure 3.1 Flow chart of training pipeline for the study 41 

Figure 3.2 Left: Pass Image, Right: Fail Image (Defect in red box) 43 

Figure 3.3 Transfer learning architecture 44 

Figure 3.4 Concept of grid search method. 47 

Figure 3.5 Validation flow of TL pipeline via grid search technique 48 

Figure 3.6 Class margin and hyperplane classification 49 

Figure 3.7 kNN classification based on different k-value 51 

Figure 3.8 Random Forest Decision Forest 53 

Figure 3.9 Confusion Matrix truth table 55 

Figure 4.1 Comparison between all Transfer learning models via TL-kNN pipeline 

with optimized kNN classifier. 63 

Figure 4.2 Confusion matrix ResNet50 v2 - kNN (i) Training dataset (ii) Validation 

dataset (iii) Testing dataset 65 

Figure 4.3 Comparison between all Transfer learning models via TL-RF pipeline 

with optimized RF classifier. 66 

Figure 4.4 Confusion matrix ResNet101 v2 – RF (i) Training dataset (ii) Validation 

dataset (iii) Testing dataset 68 

Figure 4.5 Comparison between all Transfer learning models via TL-SVM pipeline 

with optimized SVM classifier. 69 

Figure 4.6 Confusion matrix of ResNet101v2-SVM (i) Training dataset (ii) 

Validation dataset (iii) Testing dataset 71 

Figure 4.7 Comparison between three best perfoming transfer learning pipeline 

from each machine learning classifiers. 72 

 

file:///C:/Users/Ideal%20Vision/Downloads/Thesis_VivaCorrection_rev1.docx%23_Toc147653094
file:///C:/Users/Ideal%20Vision/Downloads/Thesis_VivaCorrection_rev1.docx%23_Toc147653094


 

 77 

REFERENCES 

Abdulkadir Seker. (2018). Evaluation of Fabric Defect Detection Based on Transfer Learning 

with Pre-trained AlexNet. 9–12. 

Adly, F., Alhussein, O., Yoo, P. D., Al-Hammadi, Y., Taha, K., Muhaidat, S., Jeong, Y. S., Lee, 

U., & Ismail, M. (2015). Simplified subspaced regression network for identification of 

defect patterns in semiconductor wafer maps. IEEE Transactions on Industrial 

Informatics, 11(6), 1267–1276. https://doi.org/10.1109/TII.2015.2481719 

Akram, M. W., Li, G., Jin, Y., Chen, X., Zhu, C., & Ahmad, A. (2020). Automatic detection of 

photovoltaic module defects in infrared images with isolated and develop-model transfer 

deep learning. Solar Energy, 198(November 2019), 175–186. 

https://doi.org/10.1016/j.solener.2020.01.055 

Anitha, D. B., & Rao, M. (2018). A survey on defect detection in bare PCB and assembled PCB 

using image processing techniques. March, 39–43. 

https://doi.org/10.1109/wispnet.2017.8299715 

Batool, U., Shapiai, M. I., Fauzi, H., & Fong, J. X. (2020). Convolutional Neural Network for 

Imbalanced Data Classification of Silicon Wafer Defects. Proceedings - 2020 16th IEEE 

International Colloquium on Signal Processing and Its Applications, CSPA 2020, CSPA, 

230–235. https://doi.org/10.1109/CSPA48992.2020.9068669 

Boateng, E. Y., Otoo, J., & Abaye, D. A. (2020). Basic Tenets of Classification Algorithms K-

Nearest-Neighbor, Support Vector Machine, Random Forest and Neural Network: A 

Review. Journal of Data Analysis and Information Processing, 08(04), 341–357. 

https://doi.org/10.4236/jdaip.2020.84020 

Bong, H. Q., Truong, Q. B., Nguyen, H. C., & Nguyen, M. T. (2019). Vision-based Inspection 

System for Leather Surface Defect Detection and Classification. NICS 2018 - Proceedings 

of 2018 5th NAFOSTED Conference on Information and Computer Science, 300–304. 

https://doi.org/10.1109/NICS.2018.8606836 

Ca, P. V., Edu, L. T., Lajoie, I., Ca, Y. B., & Ca, P.-A. M. (2010). Stacked Denoising 

Autoencoders: Learning Useful Representations in a Deep Network with a Local 

Denoising Criterion Pascal Vincent Hugo Larochelle Yoshua Bengio Pierre-Antoine 

Manzagol. In Journal of Machine Learning Research (Vol. 11). 

Cha, Y. J., Choi, W., & Büyüköztürk, O. (2017). Deep Learning-Based Crack Damage 

Detection Using Convolutional Neural Networks. Computer-Aided Civil and 

Infrastructure Engineering, 32(5), 361–378. https://doi.org/10.1111/mice.12263 

Cheon, S., Lee, H., Kim, C. O., & Lee, S. H. (2019). Convolutional Neural Network for Wafer 

Surface Defect Classification and the Detection of Unknown Defect Class. IEEE 

Transactions on Semiconductor Manufacturing, 32(2), 163–170. 

https://doi.org/10.1109/TSM.2019.2902657 

Chien, C. F., Ling, Y. M., Kao, S. X., & Lin, C. H. (2022). Image-Based Defect Classification 

for TFT-LCD Array via Convolutional Neural Network. IEEE Transactions on 

Semiconductor Manufacturing, 35(4), 650–657. 



 

 78 

https://doi.org/10.1109/TSM.2022.3199856 

Chopra, S., Hadsell, R., & LeCun, Y. (2005). Learning a similarity metric discriminatively, 

with application to face verification. Proceedings - 2005 IEEE Computer Society 

Conference on Computer Vision and Pattern Recognition, CVPR 2005, I, 539–546. 

https://doi.org/10.1109/CVPR.2005.202 

Dafu, Y. (2019). Classification of Fabric Defects Based on Deep Adaptive Transfer Learning. 

Proceedings - 2019 Chinese Automation Congress, CAC 2019, 5730–5733. 

https://doi.org/10.1109/CAC48633.2019.8996969 

Deshpande, A. M., Minai, A. A., & Kumar, M. (2020). One-Shot Recognition of Manufacturing 

Defects in Steel Surfaces. Procedia Manufacturing, 48, 1064–1071. 

https://doi.org/10.1016/j.promfg.2020.05.146 

Gholami, R., & Fakhari, N. (2017). Support Vector Machine: Principles, Parameters, and 

Applications. Handbook of Neural Computation, 515–535. https://doi.org/10.1016/B978-

0-12-811318-9.00027-2 

Ghosh, B., Bhuyan, M. K., Sasmal, P., Iwahori, Y., & Gadde, P. (2018). Defect classification of 

printed circuit boards based on transfer learning. Proceedings of 2018 IEEE Applied 

Signal Processing Conference, ASPCON 2018, 245–248. 

https://doi.org/10.1109/ASPCON.2018.8748670 

Gong, Y., Shao, H., Luo, J., & Li, Z. (2020). A deep transfer learning model for inclusion 

defect detection of aeronautics composite materials. Composite Structures, 252(June), 

112681. https://doi.org/10.1016/j.compstruct.2020.112681 

Guo, L., Lei, Y., Xing, S., Yan, T., & Li, N. (2019). Deep Convolutional Transfer Learning 

Network: A New Method for Intelligent Fault Diagnosis of Machines with Unlabeled 

Data. IEEE Transactions on Industrial Electronics, 66(9), 7316–7325. 

https://doi.org/10.1109/TIE.2018.2877090 

Han, F., Liu, S., Liu, S., Zou, J., Ai, Y., & Xu, C. (2020). Defect detection: Defect 

Classification and Localization for Additive Manufacturing using Deep Learning Method. 

2020 21st International Conference on Electronic Packaging Technology, ICEPT 2020, 

12–15. https://doi.org/10.1109/ICEPT50128.2020.9202566 

Han, H., Gao, C., Zhao, Y., Liao, S., Tang, L., & Li, X. (2020). Polycrystalline silicon wafer 

defect segmentation based on deep convolutional neural networks. Pattern Recognition 

Letters, 130, 234–241. https://doi.org/10.1016/j.patrec.2018.12.013 

He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. 

Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition, 2016-December, 770–778. https://doi.org/10.1109/CVPR.2016.90 

Hsu, Y. C., Kuo, P. Y., & Huang, W. S. (2019). A Novel Feature-spanning Machine Learning 

Technology for Defect Inspection. Proceedings of Technical Papers - International 

Microsystems, Packaging, Assembly, and Circuits Technology Conference, IMPACT, 

2019-Octob(8), 54–57. https://doi.org/10.1109/IMPACT47228.2019.9024985 

Imoto, K., Nakai, T., Ike, T., Haruki, K., & Sato, Y. (2019). A CNN-Based transfer learning 

method for defect classification in semiconductor manufacturing. IEEE Transactions on 



 

 79 

Semiconductor Manufacturing, 32(4), 455–459. 

https://doi.org/10.1109/TSM.2019.2941752 

Jeong, Y. S. (2017). Semiconductor wafer defect classification using support vector machine 

with weighted dynamic time warping kernel function. Industrial Engineering and 

Management Systems. https://doi.org/10.7232/iems.2017.16.3.420 

Kang, C., & He, C. (2016). SAR image classification based on the multi-layer network and 

transfer learning of mid-level representations. International Geoscience and Remote 

Sensing Symposium (IGARSS), 2016-Novem, 1146–1149. 

https://doi.org/10.1109/IGARSS.2016.7729290 

Kim, D., Kang, P., Cho, S., Lee, H. J., & Doh, S. (2012). Machine learning-based novelty 

detection for faulty wafer detection in semiconductor manufacturing. Expert Systems with 

Applications, 39(4), 4075–4083. https://doi.org/10.1016/j.eswa.2011.09.088 

Kim, Jinho, Lee, Y., & Kim, H. (2018). Detection and clustering of mixed-type defect patterns 

in wafer bin maps. IISE Transactions, 50(2), 99–111. 

https://doi.org/10.1080/24725854.2017.1386337 

Kim, Joongsoo, Kim, S., Kwon, N., Kang, H., Kim, Y., & Lee, C. (2018). Deep learning based 

automatic defect classification in through-silicon Via process: FA: Factory automation. 

2018 29th Annual SEMI Advanced Semiconductor Manufacturing Conference, ASMC 

2018, 35–39. https://doi.org/10.1109/ASMC.2018.8373144 

Kornblith, S., Shlens, J., & Le, Q. V. (2019). Do better imagenet models transfer better? 

Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern 

Recognition, 2019-June, 2656–2666. https://doi.org/10.1109/CVPR.2019.00277 

Kyeong, K., & Kim, H. (2018). Classification of Mixed-Type Defect Patterns in Wafer Bin 

Maps Using Convolutional Neural Networks. IEEE Transactions on Semiconductor 

Manufacturing, 31(3), 395–402. https://doi.org/10.1109/TSM.2018.2841416 

Lee, J. H., & Lee, J. H. (2019). A Reliable Defect Detection Method for Patterned Wafer Image 

Using Convolutional Neural Networks with the Transfer Learning. IOP Conference 

Series: Materials Science and Engineering. https://doi.org/10.1088/1757-

899X/647/1/012010 

Lee, K. B., Cheon, S., & Kim, C. O. (2017). A convolutional neural network for fault 

classification and diagnosis in semiconductor manufacturing processes. IEEE 

Transactions on Semiconductor Manufacturing, 30(2), 135–142. 

https://doi.org/10.1109/TSM.2017.2676245 

Lee, T., Lee, K. B., & Kim, C. O. (2016). Performance of Machine Learning Algorithms for 

Class-Imbalanced Process Fault Detection Problems. IEEE Transactions on 

Semiconductor Manufacturing, 29(4), 436–445. 

https://doi.org/10.1109/TSM.2016.2602226 

Lv, X. (2015). 2015 Seventh International Conference on Measuring Technology and 

Mechatronics Automation A novel defect inspection approach using image processing and 

support vector machines in bolts. https://doi.org/10.1109/ICMTMA.2015.46 

Mahendra Kumar, J. L., Rashid, M., Muazu Musa, R., Mohd Razman, M. A., Sulaiman, N., 



 

 80 

Jailani, R., & P.P. Abdul Majeed, A. (2021). The classification of EEG-based winking 

signals: a transfer learning and random forest pipeline. PeerJ, 9, e11182. 

https://doi.org/10.7717/peerj.11182 

Mazlan, N. A., Othman, K. A., Shahbudin, S., & Kassim, M. (2022). Convolution Neural 

Network (CNN) Architectures Analysis for Photovoltaic (PV) Module Defect Images 

Classification. Proceeding of the International Conference on Computer Engineering, 

Network and Intelligent Multimedia, CENIM 2022, 390–395. 

https://doi.org/10.1109/CENIM56801.2022.10037564 

Nakazawa, T., & Kulkarni, D. V. (2018). Wafer map defect pattern classification and image 

retrieval using convolutional neural network. IEEE Transactions on Semiconductor 

Manufacturing, 31(2), 309–314. https://doi.org/10.1109/TSM.2018.2795466 

O’Leary, J., Sawlani, K., & Mesbah, A. (2020). Deep Learning for Classification of the 

Chemical Composition of Particle Defects on Semiconductor Wafers. IEEE Transactions 

on Semiconductor Manufacturing. https://doi.org/10.1109/TSM.2019.2963656 

Pan, H., Pang, Z., Wang, Y., Wang, Y., & Chen, L. (2020). A New Image Recognition and 

Classification Method Combining Transfer Learning Algorithm and MobileNet Model for 

Welding Defects. IEEE Access, 8, 119951–119960. 

https://doi.org/10.1109/ACCESS.2020.3005450 

Phua, C., Theng, L. B., & Member, S. (2020). Semiconductor Wafer Surface : Automatic Defect 

Classification with Deep CNN. 16–21. 

Ren, S., He, K., Girshick, R., & Sun, J. (2017). Faster R-CNN: Towards Real-Time Object 

Detection with Region Proposal Networks. IEEE Transactions on Pattern Analysis and 

Machine Intelligence, 39(6), 1137–1149. https://doi.org/10.1109/TPAMI.2016.2577031 

Robert Cappel, C. P.-S. (2016). Yield and Cost Challenges at 16nm Delivering Real-world 

Solutions. https://sst.semiconductor-digest.com/2016/02/yield-and-cost-challenges-at-

16nm-and-beyond/# 

Ronneberger, O., Fischer, P., & Brox, T. (2015). U-net: Convolutional networks for biomedical 

image segmentation. Lecture Notes in Computer Science (Including Subseries Lecture 

Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), 9351, 234–241. 

https://doi.org/10.1007/978-3-319-24574-4_28 

Schlosser, T., Beuth, F., Friedrich, M., & Kowerko, D. (2019). A Novel Visual Fault Detection 

and Classification System for Semiconductor Manufacturing Using Stacked Hybrid 

Convolutional Neural Networks. ArXiv, 2019–2022. 

Shen, Z. L., & Yu, J. B. (2020). Wafer map defect recognition based on transfer learning and 

deep forest. Zhejiang Daxue Xuebao (Gongxue Ban)/Journal of Zhejiang University 

(Engineering Science), 54(6), 1228–1239. https://doi.org/10.3785/j.issn.1008-

973X.2020.06.021 

Shim, J., Kang, S., & Cho, S. (2020). Active Learning of Convolutional Neural Network for 

Cost-Effective Wafer Map Pattern Classification. IEEE Transactions on Semiconductor 

Manufacturing, 33(2), 258–266. https://doi.org/10.1109/TSM.2020.2974867 

Simonyan, K., & Zisserman, A. (2015, September 4). Very deep convolutional networks for 



 

 81 

large-scale image recognition. 3rd International Conference on Learning Representations, 

ICLR 2015 - Conference Track Proceedings. http://www.robots.ox.ac.uk/ 

Sweeney, T., Coleman, S., & Kerr, D. (2022). Deep Learning for Semiconductor Defect 

Classification. IEEE International Conference on Industrial Informatics (INDIN), 2022-

July, 572–577. https://doi.org/10.1109/INDIN51773.2022.9976162 

Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., 

& Rabinovich, A. (2015). Going deeper with convolutions. Proceedings of the IEEE 

Computer Society Conference on Computer Vision and Pattern Recognition, 07-12-June-

2015, 1–9. https://doi.org/10.1109/CVPR.2015.7298594 

Tabernik, D., Sela, S., Skvar, J., & Sko, D. (2018). Segmentation-Based Deep-Learning 

Approach for Surface-Defect Detection. 

Tao, X., Wang, Z., Zhang, Z., Zhang, D., Xu, D., Gong, X., & Zhang, L. (2018). Wire Defect 

Recognition of Spring-Wire Socket Using Multitask Convolutional Neural Networks. 

IEEE Transactions on Components, Packaging and Manufacturing Technology, 8(4), 

689–698. https://doi.org/10.1109/TCPMT.2018.2794540 

Tunal, M. M., Yildiz, A., & Cakar, T. (2022). Steel Surface Defect Classification Via Deep 

Learning. Proceedings - 7th International Conference on Computer Science and 

Engineering, UBMK 2022, 485–489. https://doi.org/10.1109/UBMK55850.2022.9919470 

Volkau, I., Abdul, M., Dai, W., Erdt, M., & Sourin, A. (2019). Detection defect in printed 

circuit boards using unsupervised feature extraction upon transfer learning. Proceedings - 

2019 International Conference on Cyberworlds, CW 2019, 101–108. 

https://doi.org/10.1109/CW.2019.00025 

Weimer, D., Scholz-Reiter, B., & Shpitalni, M. (2016). Design of deep convolutional neural 

network architectures for automated feature extraction in industrial inspection. CIRP 

Annals - Manufacturing Technology, 65(1), 417–420. 

https://doi.org/10.1016/j.cirp.2016.04.072 

Yang, H., Mei, S., Song, K., Tao, B., & Yin, Z. (2018). Transfer-Learning-Based Online Mura 

Defect Classification. IEEE Transactions on Semiconductor Manufacturing, 31(1), 116–

123. https://doi.org/10.1109/TSM.2017.2777499 

Ye, R., Pan, C. S., Chang, M., & Yu, Q. (2018). Intelligent defect classification system based 

on deep learning. Advances in Mechanical Engineering, 10(3), 1–7. 

https://doi.org/10.1177/1687814018766682 

Zeiler, M. D., & Fergus, R. (2014). Visualizing and understanding convolutional networks. 

Lecture Notes in Computer Science (Including Subseries Lecture Notes in Artificial 

Intelligence and Lecture Notes in Bioinformatics), 8689 LNCS(PART 1), 818–833. 

https://doi.org/10.1007/978-3-319-10590-1_53 

Zhang, C., Shi, W., Li, X., Zhang, H., & Liu, H. (2018). Improved bare PCB defect detection 

approach based on deep feature learning. The Journal of Engineering, 2018(16), 1415–

1420. https://doi.org/10.1049/joe.2018.8275 

Zhou, S., Chen, Y., Zhang, D., Xie, J., & Zhou, Y. (2017). Classification of surface defects on 

steel sheet using convolutional neural networks. Materiali in Tehnologije, 51(1), 123–131. 



 

 82 

https://doi.org/10.17222/mit.2015.335 

Zhuang, J., Mao, G., Wang, Y., Chen, X., Wang, Y., & Wei, Z. (2022). Classification of Wafer 

Backside Images Via Fasterrcnn-Based Neural Network. 2022 China Semiconductor 

Technology International Conference, CSTIC 2022, 1–4. 

https://doi.org/10.1109/CSTIC55103.2022.9856722 




