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[Abstract]

This paper proposes a lightweight deep-learning framework for the ultra-precision defect detection of fiducial marks, which is
essential in high-speed surface mount technology manufacturing environments. Addressing data imbalance and minute defects is a
critical challenge for realizing zero-defect manufacturing, as it directly affects production yield. Thus, we constructed a
comprehensive dataset of 22,471 precision-annotated images, applied Mosaic augmentation to balance data distribution, and trained
a You only look once version 8 nano model optimized for real-time processing. Experimental results show that the proposed
model achieved an mAP [IoU = 0.5:0.95] of 0.941 and a precision of 0.968, thus affording precise localization in high-resolution
input environments. Furthermore, the system achieved a rapid inference speed of 0.045 s in a standard industrial PC environment,
thereby confirming the feasibility of real-time inspection without expensive server infrastructure. This study presents a low-cost,
high-efficiency automated inspection solution that can significantly minimize process latency and reduce manual rework costs.
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Table 1. Dataset configuration and split details

Category Ian%ggs Remarks
Original 12,000 Raw data collected from SMT
Au(gTrgte:l;ed 22,471 Applied Mosaic and Mixup
Training 20,706 92% of augmented data
Validation 1,765 8% of augmented data
Test 352 Independent evaluation set
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