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Development of deep learning network based low-quality image enhancement
techniques for improving foreign object detection performance
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ABSTRACT

Along with economic growth and industrial development, there is an increasing demand for various electronic components and
device production of semiconductor, SMT component, and electrical battery products. However, these products may contain foreign
substances coming from manufacturing process such as iron, aluminum, plastic and so on, which could lead to serious problems or
malfunctioning of the product, and fire on the electric vehicle. To solve these problems, it is necessary fo determine whether there
are foreign materials inside the product, and may tests have been done by means of non-destructive testing methodology such as
ulfrasound ot X-ray. Nevertheless, there are technical challenges and limitation in acquiring X-ray images and determining the presence
of foreign materials. In particular Small-sized or low-density foreign materials may not be visible even when X-ray equipment is used,
and noise can also make it difficult to detfect foreign objects. Moreover, in order to meet the manufacturing speed requirement, the
x-ray acquisition fime should be reduced, which can result in the very low signal- to-noise ratio(SNR) lowering the foreign material
detection accuracy. Therefore, in this paper, we propose a five-step approach to overcome the limitafions of low resolution, which
make it challenging to detect foreign substances. Firstly, global contrast of X-ray images are increased through histogram  stretching
methodology. Second, fo sfrengthen the high frequency signal and local confrast, we applied local contrast enhancement technique.
Third, to improve the edge clearness, Unsharp masking is applied fo enhance edges, making objects more visible. Forth, the
super-resolution method of the Residual Dense Block (RDB) is used for noise reduction and image enhancement. Last, the Yolovb
algorithm is employed fo frain and detfect foreign objects affer learning. Using the proposed method in this study, experimental results
show an improvement of more than 10% in performance metrics such as precision compared o low-density images.
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