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Millimeter wave (MMW) has attracted extensive

attention in security screening applications due to

its high resolution and non-ionized property. A

significant characteristic of three-dimensional (3D)

MMW image of the volumetric object is its big

amount of data and noise, which is usually up to

gigabytes. Therefore, to denoise 3D MMW image

and compress the image into a moderate size is

essential for ensuring subsequent processing.

Although classical transformed-domain filters are

well studied on image denoising, their smoothing

property would cause the loss of image details to

some extent. This is unfavorable to preserve the

profile curve of small-size objects for the security

screening applications. Otherwise, a 3D MMW

image provides the geometric information about

object and noise. The object of interested in

security screening applications is spatially

concentrated and the noise as the background is

arbitrarily distributed in 3D space, which suggests

that they can be spatially separated. Therefore, 3D

MMW image denoising could be tackled as a

segmentation task.

INTRODUCTION

An intensity-density associative clustering method is proposed to enhance the image quality of the 3D MMW images

by means of background separation. It utilizes the clustering technology to deal with the large dynamic range and

spatially scattered noise in the big MMW image data. The two key steps involved are CH-guided K-Means and multi-

threaded DBSCAN algorithm, where Calinski-Harabasz criterion makes the setting of cluster numbers adaptive, and

the multi-threaded parallel processing speeds up the DBSCAN. The results demonstrate that the method has a

superior performance of denoising to preserve the details of the objects in a highly computational efficiency way.
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FUNDING

RESULTS

The Intensity-density Associative Clustering Method

Fig. 1. The flowchart: it has six

steps, starting from the

acquisition of the MMW

Fig. 3. The results by Step 3: (a) K-Means++, (b) BGD K-Means, (c)MBGD K-Means, (d)SGD K-Means, (e)MSGD K-

Means; (f) And the results of the multi-threaded DBSCAN algorithms output by Step 6.

Table III Results of the intensity-density associative

clustering method, corresponds to Fig. 4.

Parameters Value

Central frequency point 92.5GHz

Bandwidth 35GHz

X-dimensional aperture length 0.3m

Y-dimensional aperture length 0.2m

X&Y-dimensional scanning step 0.0016m

X-dimensional resolution 0.0112m

Y-dimensional resolution 0.0165m

Z-dimensional resolution 0.0043m

X-dimensional target space length 0.3m

Y-dimensional target space length 0.2m

Z-dimensional target space length 0.4m

X-dimensional scan points 188

X-dimensional scan points 125

Frequency scan points 94

•Step 2: K-Means is applied on the

amplitude of the original image data.

Calinski-Harabasz criterion is proposed

to assist K-Means for adaptively

determining the optimal number of

clusters, see algorithm 1.

•Step 5: DBSCAN is explored to further

extract object information. The multi-

threaded parallel processing speeds up

the DBSCAN.

Fig. 3. Comparison of output results in different SNR scenarios, the first row is scenario with SNR

of -10 dB, the second row is scenario with SNR of -30 dB, the third row is scenario with SNR of -40

dB. The comparison results show that the proposed algorithm can still operate effectively even if the

SNR of the simulated signal is negative forty dB.
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Fig. 2. Simulation Scenario.

Table I Setting Parameters.

Simulation Parameters of Complex Scenes

Fig. 4. Image results obtained in important steps: (a)

original MMW image, (b) MBGD K-Means in Step 3, (c)

multi-threaded DBSCAN in Step 6.

Table II Results of the intensity-density associative

clustering method, corresponds to Fig. 3.


