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The effect of data pre—processing on the localization
accuracy of millimeter wave hologram object detection

ZHAO Tianle, LI Ping
(School of Optical-Electrical and Computer Engineering , University of Shanghai for Science and
Technology, Shanghai 200093, China )

Abstract: Millimeter wave (MMW) images are widely used for the detection of contraband in
human security screening. However, at this stage different pre-processing (PP) methods have a
significant impact on the accuracy of MMW image target detection. To address this issue, we pre-
processed the data by spatial filtering, spatial filtering plus maximum clustering and spatial filtering
plus minimum clustering, and compared the accuracy of target detection by different methods. The
experimental results show that all three methods can effectively improve the target detection
accuracy, with spatial filtering being the best pre-processing method, achieving an accuracy of
92.3%, which is an improvement of about 4% compared to the original data without PP. It indicates
that the spatial location-based filtering method is more effective than the reflection intensity-based

clustering filtering method in improving the accuracy of MMW image detection, which can be used
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to improve the accuracy of the active MMW hologram. The task of improving the accuracy of

active MMW hologram target detection provides a reference point.
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Fig. 1 Framework of millimeter wave hologram target detection system
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Fig.2 Foreground image with corresponding gray histogram
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Fig. 3 AMMMW holographic image preprocessing method based on spatial filtering and CH-Guided K-Means clustering
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Fig. 4 Foreground image with corresponding gray histogram
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