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[Abstract]

In this paper, we propose a deep learning-based thread error detection system for improving the
quality reliability of fastening parts in automated manufacturing environments. Thread images are
acquired using a camera and acceptance or rejection is automatically determined based on a
convolutional neural network (CNN). To overcome recognition limitations caused by repetitive and fine
thread structures, the image acquisition environment and learning strategy were designed to ensure stable
performance with limited training data. Experimental results showed 85% accuracy with 84% Precision
and 82% Recall, confirming suppression of false and missed detections. The results confirm that the

system can be applied to automatic defect determination in manufacturing processes.

» Key words: Deep learning, Vision-based inspection, Thread defect detection, Convolutional neural network,
Manufacturing automation
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I. Introduction
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II. Preliminaries

2.1. Data and sensor-based manufacturing
processes
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2.2. Al based research in manufacturing
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ITII. System Structure for Thread Error
Detection

3.1. System structure

71 ROl ZY2 At 28 7Rt vk Eof
AOH, YAk 718 9ol v ez AR 7|H
sietoll= st % &9 wae) ojAl 9K £ 7hsab
sl olol320g] 50| Aatsle] ik,

ol

Camera

lllumination

Base plate

Micrometer handle

Fig. 1.

Physical structure of the system

3.2. Technical considerations for thread
image-based inspection
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Fig. 2. Acquisition and analysis of screw images
using a telecentric lens
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Table 1. Thread detection problems and response
strategies in limited learning data environments

Category Conventional Approach Proposed Method (This Study)
Training data .
Requires large-scale data Uses small-scale data
scale
Image ) . Image acquisition considering
- General shooting environment o
acquisition lens & lighting
Learning Performance decreases due to .
N Stable learning
stability lack of data
Detection Sensitive to Robust to
reliability environmental changes environmental changes
Applicability Limited field applicability pplicable in the field

3.3. Detection scenario and design of the
threaded error detection algorithm
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Fig. 4. Algorithm flow of the screw automatic
detection system

IV. Deep Learning Network

4.1. Thread detection strategy considering
limited learning data
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Fig. 5. A picture of transfer learning
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4.2. Deep learning model
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4.3. Training environment and data
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- CPU: Intel Xeon E5-2620 v4 2.1GHz

- RAM: 32GB

- GPU: RTX 2080 Ti (11GB Memory)
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Fig. 8. Threaded cases used as training data
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Table 2. Comparison of learning conditions based on
the number of training data and learning parameters

Number Traini
Experimental of Learning| Batch ra.lnlng
. . Epoch Time
number | training Rate Size .
(min)
data
Case 1 500 0.001 16 30 18
Case 2 1,000 0.001 16 30 32
Case 3 1,000 0.0005 16 40 45
Case 4 2,000 0.0005 32 40 68
Case 5 2,000 0.0001 32 50 95

4.4. Analysis of experimental results and
performance
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Table 3. Performance evaluation of thread defect
detection using accuracy, precision, and recall

Training
Class - Test Data | Precision (%) | Recall (%) | Accuracy(%)
ata
Normal
200 50 86.0 86.0 -
thread
Defective
0 50 85.2 85.2 -
thread
Overall 350 100 85.6 85.6 85.6
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Table 4. Performance comparison with baseline
and deep learning models

Training

Class 5 Test Data | Precision (%) | Recall (%) | Accuracy(%)

ata
Normal

200 50 86.0 86.0 -
thread
Defective

50 50 85.2 85.2 -
thread
Overall 350 100 85.6 85.6 85.6
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