202448 A | A R A= £ %55 % % 8 )

doi:10.6041/j. issn. 1000-1298. 2024. 08. 040

EFRER—HOEE R ENERN T EHR

wHRAE AEw OB M KaEP

(EMRR S H MR TRZABE, KF 130022)

B YA R IR S B AE T () — T S B R e A ML RS A R A8 T W ARG S R Az B O ()
A SCF) R B U — A B v TR R B i, 4 T — R T R B AR B A B R D O vk o O R AT ERAE N
D3N 1) FAE 18] 25, 43 SR FH 2 1 Sk 3 R AG DU ) R A BT N IR ZS 51 S 0 IX A KRR 4 B B bR X B, A e B
PRy A HE ST B PR AG I o J5cJE , UEAT T 28 T 40 PR RS N S 88 AN ) R BEE X () A7 0 R BR B ST G . STER 4 R R
B T 1 ) 0 A G Y 9k B 0 S IR AT: T 28 L AR I, 3 A AR I T LA Tz A M N R X[ 1Y 03
— AL BE NS (5 4 (AL TR 25 A8 /0N AT T A ARG 0 B R B R ML R B SR
KR Hbrw A, WER—1b; BRaHE; APLEHE
RES RS, TP242  CEERIRA: A XE4LS. 1000-1298(2024)08-0428-09  OSID; S5

Arbitrary Interactive Object Detection Method Based on
Deep Normalization

HUANG Lingtao KONG Zijing YANG Fan ZHANG Hongyan
(School of Mechanical and Aerospace Engineering, Jilin University, Changchun 130022, China)

Abstract; Detection and recognition of interactive objects is a key technology to realize human-computer
interaction, and in order to solve the problem of limited types of interactive objects in the process of
human-computer interaction, an arbitrary interactive object detection method was proposed based on
image segmentation. Firstly, for the depth image, after filtering out the data outside the range of the
original depth data, the min — max scale normalization method was used to improve the quality of the
depth image. Secondly, the target area was segmented by using the image processing method based on
saliency detection and the human pose-guided region growth algorithm for the operator’s side-to-side
camera and front-facing camera posture, respectively. Then, the pixel set of the target object obtained by
the above segmentation was input into the image processing functions, and the minimum external
rectangle of the area point set was obtained, and the rotating bounding box of the target object was
anchored. Then, for the depth image, after filtering out the data outside the range of the original depth
data, the min — max scale normalization method was used to improve the quality of the depth image.
Finally, the detection experiments of arbitrary interactive objects and the ranging and following
experiments of different depth intervals were carried out. Experimental results showed that the proposed
object detection method had a lower detection cost and a higher degree of freedom in the detection
category of interactive objects, which can realize the detection of arbitrary interactive objects, and had
wide applicability in the detection of interactive objects. The normalization of the small depth interval can
effectively improve the depth image quality, make the object position error smaller, and improve the
accuracy of the object detection distance and the following effect of the robot in the human-computer
interaction experiment.
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and depth camera
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Fig.3 Image registration by proposed method
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Fig.4 Original depth image and normalized depth images
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Fig.6 Color image, depth image, and saliency detection
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Fig. 9  Object segmentation by seeded region growing
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Fig. 10 Seeded region growing with range limitation
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Fig. 16 ~ Object recognition results by proposed method
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Fig. 17 Tracking trajectory in different depth intervals
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Tab.4 Tracking trajectory statistics results mm

X [f] i /IME R MH T E
[1050,1250] 8.05 26. 68 16.27
[700,2 200 ] 8.49 31.42 20.70
[500,4 500] 13.74 42.65 25.79
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