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Recent advances in manufacturing automation have increased the need for reliable

Rec§ived 12 April 2026 automatic inspection technologies to ensure connector fastening quality.
Revised ~ 16 May 2026 However, in real connector fastening processes, it is difficult to consistentl
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distinguish normal fastening from incomplete fastening because of positional
variations, cable interference, and external disturbances. In this study, a deep-
Keywords: learning-based classification method is proposed to determine assembly states
Discrimination . . . . . .
using vibration signals generated during the connector fastening process. The core
Connector ?Ssembly objective of this study was the development of a CNN-based classification model
Deep learning that captures the inherent vibration signal patterns produced during connector
Connector locking fastening. A dataset was constructed by classifying the vibration patterns
Vibration data generated during the fastening process into fully and incompletely fastened states.
Using this dataset, the CNN model was trained, validated, and tested to ensure
generalization performance, achieving a classification performance of approximately
98% or higher on the test data.
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Fig. 1 Overall workflow for vibration-based connector assembly
status classification
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Table 1 Comparison of workflow for vibration-based connector
assembly status classification

Model Input representation Feature learning
D Raw 3-a).(is vibration | Local Wavef(?rm pattern
signal learning
2D CNN | Time-frequency image Tlme—frequel.lcy pattern
learning
LSTM Sequenu.al vibration Temporal de.:pendency
signal learning
Sequential vibration Global context learning
Transformer . . .
signal with self-attention
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Fig. 2 Experimental setup for vibration signal acquisition during
connector locking
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Raw three-axis vibration signal
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Fig. 3 Comparison of the raw and high-pass filtered three-axis

vibration signals measured during the connector fastening
event
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Table 2 Network architectures of deep learning models for
connector assembly status classification

Model Input Architecture
3-axis vibration 1D convolution blocks —
1D CNN sequence Global average pooling —
q Fully connected — Softmax
3-channel STFT |2D convolution blocks — Pooling
2D CNN
spectrogram — Fully connected — Softmax
1 —
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Table 3 Classification performance of deep learning models for
connector assembly status classification

Model Accuracy | Precision Recall Fl-score
1D CNN 0.9737 0.9880 0.9444 0.9714
2D CNN 0.9222 0.9272 0.9222 0.9228

LSTM 0.9667 0.9688 0.9667 0.9666

Transformer | 0.9667 0.9832 0.9412 0.9697
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(a) 1D CNN, (b) 2D CNN, (c¢) LSTM, and (d) Transformer
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Fig. 6 Confusion matrices of

the deep learning models for

connector assembly status classification: (a) 1D CNN,

(b) 2D CNN, (¢) LSTM, and (d) Transformer
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