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High localization accuracy 3D object detection in active millimeter
wave holographic images
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Abstract: The difference in projection angle leads to changes in the shape and size of objects, which limits the improve-
ment of the detection performance of small objects by the two-dimensional (2D) concealed object detection method based
on projected views of active millimeter wave (AMMW ) holographic images. For this reason, a three-dimensional (3D)
concealed object detection method based on point clouds was proposed for the first time. AMMW holographic images
were converted into point clouds by thresholding, and then were input into the 3D object detector SECOND, which was
improved by dilated convolution and multi-branch structure, to extract the 3D geometric understanding of the objects and
their multi-scale context information to improve the detection ability for small objects. The experimental results showed
that compared with the projection-based 2D detection methods, the average recall (AR) of this method was improved by
3.33%, which proved the effective improvement of localization accuracy. The detection rate and the average precision
(AP) was relatively improved by 8. 75% and 7. 11%, and the false alarm was reduced by 1. 78% at an intersection over
union (IOU) threshold of 0. 5. The average AP under different IOU thresholds was improved by 4. 30%. The detection ac-
curacy was effectively improved. The detection speed was 17. 3 FPS, which reached the real-time level.

Key words: information science and system science, 3D object detection, dilated convolution, small object, active
millimeter wave holographic image
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Fig. 1 The structure of our proposed 3D concealed object de-

tector for AMMW holographic images
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Fig. 2 Projection of the AMMW holographic image (a)
AMMW holographic image, (b) the resulting 2D front view of
performing projection along the Z axis of the holographic im-
age in Fig. 2(a), (c) the shape and size changes caused by pro-

jecting a 3D object into 2D views
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Fig. 3 The structure of our proposed input module
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Fig. 4 The distribution of the number of points in the bound-

ing box in 3D point clouds and 2D front images
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Table 1 Details of convolutional layers of the 3D feature extractor
o 245 2H BRER A G BN g 2317 2R Rz FRIE R
SubMConv 16 3 1 1 1 3 (192,400,41)
SubMConv 16 3 1 1 1 5 (192,400,41)
SpConv 32 3 2 1 1 7 (96,200,21)
R R ARSI SubMConv 32 3 1 1 1 11 (96,200,21)
SpConv 64 3 2 1 1 15 (48,100,11)
SubMConv 64 3 1 1 1 23 (48,100,11)
SpConv 128 3 (1,1,2) (1,1,0) 1 31 (48,100,5)
SubMConv 128 3 1 1 1 39 (48,100,5)
A
SpConv 128 (1,1,3) (1,1,2) 0 1 39 (48,100,2)
SubMConv 128 3 1 (2,2,1) (2,2,1) 47 (48,100,5)
2
SpConv 128 (1,1,3) (1,1,2) 0 1 47 (48,100,2)
SubMConv 128 3 1 (3,3,1) (3,3,1) 55 (48,100,5)
4y33
SpConv 128 (1,1,3) (1,1,2) 0 1 55 (48,100,2)
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Fig. 5 The structure of our proposed 3D feature extractor
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Fig. 6 The structure of our proposed output module
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Table 2 Comparison of the AP with different net-

work structures

LR fE
S X Yk
] 45 25 4 B AP,
KK ;
H
SECOND[11] x 8 72.28
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SECOND + HRF + CIE N 4 74. 44

“HRF” 375 52 B AR PR AR A0 I AAT B R 20 B R AR 14T, “CIE” 32
FRARSCER BB TR SO BAR U

“HRF” denotes high resolution features obtained by reducing the down—
sampling stride, and “CIE” denotes our proposed context information ex-

traction module
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Fig. 7 Comparison of localization and detection performance
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for different networks (a) Recall as a function of IOU thresh-
old, (b) PR curve under IOU = 0.5
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where the red bounding boxes denote the ground-truth, and the

N R AL i R R R B

Qualitative detection results of different networks,

yellow bounding boxes denote the predicted results (a)-(d) Our
proposed method, (¢) RPN, (f) Faster RCNN, (g) RetinaNet,
(h) TridentNet
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() R R 7 TOU BB M 0. 5 B, S8 kS B s v, AR
LS T 76. 26% K H % Rey, [z 20. 96% 1)
IR FA,, . ANIE] M4 Rey, Mo FA, X H A2 3 fr
TNo ARSI T i 1 Rey, IR AIRHY FA,,, 5
SECOND Ml Lt , Res, 27 T 1. 61% , 43 54 = 146
;5 Faster RONN M [, Re #2711 8. 75%, KiE 2
FE TRz RIS FA FEAR T 1. 78% , AT 3K T 1

Table 3 Comparison of detection performance on different Networks

EES A AP, AP, AP, o AP FHAP FA,, Res, HEE(FPS)
RPN[7] 2D 82.35  79.26  74.15  64.26  48.50 69. 70 36. 68 57.99 23.0
Faster RCNN[7] 2D 88.88  87.53  84.76  78.71 67.33 81.44 22.74 67.51 4.7
RetinaNet[ 14] 2D 89. 65 88.76  86.20  80.11 65. 44 82.03 24.59 67. 18 9.0
TridentNet[ 17] 2D 91.38  89.90  87.07  80.10  64.87 82. 66 23.52 67. 04 4.1
SECOND[ 11] 3D 92.56  91.75  89.87  84.97  72.28 86.29 21.24 74. 65 22.9
A TAE 3D 92.97  92.04  90.02  85.34  74.44 86. 96 20.96  76.26 17.3
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