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An anchor-guided 3D target detection algorithm based on stereo RCNN

Cao Jiecheng' ,Tao Chongben'?

(1. School of Electronic and Information Engineering, Suzhou University of Science and Technology ,Suzhou 215009, China;
2. Suzhou Automotive Research Institute, Tsinghua University ,Suzhou 215134, China)

Abstract : The current binocular 3D detection algorithm has the problem of slow online calculation speed due to a large number of anchor
points to be selected. To address this issue, an anchor-guided 3D target detection algorithm is proposed, which is based on the stereo
RCNN. This method is named as the FGAS RCNN. In the first stage, a probability map is generated for the left and right input images to
generate sparse anchor points and corresponding sparse anchor boxes. The left and right anchors are used as the whole entirety to generate
a 2D preselection box. The second stage is based on the key-point generation network of the pyramid feature network. The key-point
heatmaps are generated by the information of these sparse anchor points. A 3D bounding box can be generated by combining the stereo
regressor with these key-point heatmaps. The original image will lose pixel-level information after convolution. The instance segmentation
mask generated by Mask Branch can be used to solve this problem. The 3D bounding box center depth precision can be improved by the
instance segmentation mask and the instance-level disparity estimation. Experimental results show that the proposed method can reduce the
amount of calculation while maintaining a high recall rate without any depth and position prior information input. Specifically, the mean
average precision is 44.07% on 3D target detection with a threshold of 0.7. Compared with the stereo RCNN, the proposed method
improves the average precision by 4. 5%. Meanwhile, the overall running time of our method is 0. 09 s shorter than Stereo RCNN.
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Fig. 1 Framework of the FGAS RCNN algorithm
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Fig.2  Anchor point generation scheme
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Fig.3 Multi-stage anchor scheme
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Fig.4 Target allocation
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Fig. 6 Composition of multi-task head
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F1 A Kitti BT 6589 5B E 0 3D 1R T8 E LR (ToU HEA 0.5)
Table 1 Comparison of the average precision of the bird’s-eye view and the 3D box evaluated using the
Kitti validation set (IoU threshold 0. 5)

- P AP}/ % APS /% i ]

fij 2. hag R 3 fiij £ 4 PRI AfE /s
Mono3D! " Mono 30. 50 22.39 19. 16 25.19 18.20 15.52 0. 100
MF3D! ') Mono 55.02 36.73 31.27 47.88 29. 48 26. 44 0. 350
RTM3D[ "% Mono 56.90 44. 69 41.75 52.59 40. 96 34.95 0. 055
VeloFCN!®! LiDAR 79. 68 63. 82 62. 80 67.92 57.57 52.56 0. 030
Stereo-RCNN ! Stereo 87.13 74.11 58.93 85. 84 66. 28 57.24 0. 410
AR SCTT Stereo 90. 25 78.77 62.31 89. 81 72.46 64. 62 0.320

%2 FIA Kitti I8IE &1 40 B EE 0 3D {ERFHFEE LS (ToU HEH 0.7)
Table 2 Comparison of the average precision of the bird’s-eye view and the 3D box evaluated using the
Kitti validation set (IoU threshold 0. 7)

Jrik o - AP(”){ o — Apg”:/% T
fAj hag P 3 fij £ &g R /s
Mono3D! " Mono 5.22 5.19 4.13 2.53 2.31 2.31 0. 100
MF3D! '] Mono 22.03 13. 63 11. 60 10. 53 5.69 5.39 0. 350
RTM3D!! Mono 24. 74 22.03 18.05 19.47 16.29 15.57 0. 055
VeloFCN['®) LiDAR 40. 14 32.08 30. 47 15. 20 13. 66 15. 98 0. 030
Stereo-RCNN'? Stereo 68. 50 48.30 41.47 54.11 36. 69 31.07 0. 410
AT Stereo 71.16 54.26 47.15 57.92 43.24 37.09 0. 320
257 ‘ 40 2.68% , M3 3 HAl DA BIA SOy Jy i JLP M i 17
20 e |50 F SRR S AT R, AT R T 2D KA

S3EIRY I ] 2 0. 11 s, F T O B 52 A 1l 19 45 1) I 7] 2y
0.08 s, A1 3D 2 FUAE [l S AR RIS 1] 0. 13 s,
ST R AT AR S SR A& 9 o,
2.2 NuScenes FHJ 3D BRI SL1E
NuScenes 54 /2 5T 19 KL [ 202 B E i 45

HE RBRE (pixel) , RERE (m) S AT AIBAR SR P A &M T F1 9 R

PR (m) O B 1000 425 Bk 5, 5 Kiui KO 4541 H , NuScenes

Fig.8 The relationship among parallax error ( pixel), depth BB 1 6 42 00 AT BLAE 32 28 Lidar WCHERGR, It
ertor (m) and object distance (m) BOLT 7 R R, PRI 28 130 1%

3 FIA Kitti WX EITEE 3D KA LR RIETTR EIXT L

Table 3 Comparison of 3D object detection results and running time evaluated using Kitti test set

. AP /% AP /% i

fiij 2. 4§ PR 3 i 2. &g P 3 /s
Stereo RCNN '/ 61. 67 43.87 36. 44 49.23 34.05 28.39 0. 41
PL:AVOD['"] 66. 83 47.20 40.30 55. 40 37.17 31.37 0. 40
PL;F-PointNet "] 72.80 51.80 44. 00 59. 40 39. 80 33.50 0. 67
0C-Stereo! ! 66. 97 54.16 46.70 55.11 38.80 31.86 0.35

ARICT5 ¥ 74. 56 58.31 46.24 58. 02 41. 48 32.53 0.32
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% 4 NuScenes flik & A 3D iU mAP
Table 4 3D detection mAP on the NuScenes test set

) ) o)

precision, mAP) Fl NDS,
HHEL T-RBi 9 3D-CVF* AR5 HEAE mAP Hl NDS

ik KA AL FMZE mAP/% NDS/% /s IERERTE T K2 2. 53% 1 1. 48% . I HAEA KA )
SECOND!"  69.16 34.87 23.73 26.32 35.31 0.050 AR b, AR SO R B T HAb Ik
SARPNET'®) 59.90 19.40 18.40 31.66 49.75 0.070 2.3 HEAKI
PointPillars 2] 68.47 28.26 23.42 30.55 45.37 0.016 GS RPN ASSCHE M 1 LA |51 A0 7 i il a5 R 2R 471X
H, 222 1y y BN A B e
AD.CVF2) 79.69 54.96 37.94 42.17 49.78  0.075 hﬁ%ﬁ*mﬁ%o j‘jT‘?i}:mT%ﬁﬁ%@H“’Z‘:iut !
5 300 AHEA 1 v 45 5 [P 24 A 19 32 (average recall,
AP 79.54  55.68 39.54 44.70 51.26 0.320

FEASTN 6 019 NEATRAS, 5 Kitt BEHEAR], NuScenes 3
YaE—Bed FH Nuscenes #6534 ( NuScenes detection score
NDS) /ol E s

i3 75 NuScenes BAi ML T FGAS RCNN LA IE
ARIOTERZAE . 32 4 F2 4t Tl A SO I SR G
FHWSERH PR E 3 SR, = H4K5 B ( mean average

AR) F1 2D #0321k BE X FGAS-RCNN, Stereo-RCNN il
Faster-RCNN 47 F# . 1% W03 24 5 FH A (] A9 - 0
LA FRAE Al SR

FEFR S o ARSCRE T ARG T R 45, JE S B i
ST RN TR T IR E 2 NMS Kb B 5 B b 440
P, IFPVEHE T LLE R GS RPN ZE 380/ B [E] JE #E
B RIS T8 0 4 [l 32 A BT 22 R 7 ik, AR 3
T3 2D KGR E e R 1. 34%

F£5 300 MERKFEHBOE (AR, , % ) F12D RMFEHHEE (AP, %) LR

Table 5 Comparison of average recall rate of 300 samples (AR,, , %) and average precision of 2D detection (AP,,, %) %

AP,
ARy
Tk 7 ral RYALN
7= H RYALN [ LR PRI X A HL GRS PRI ¥ [ LR PRI e
Faster RCNN'Y 86. 08 - - 98.57 89. 01 71.54 - - - - - -
Stereo RCNNS) 85.50  85.56  74.60  98.73 88.48  71.26  98.71 88.50  71.28  98.53 88.27  71.14
ATk 87.30 87.33 75. 81 99. 16 89.27 72.53 99.32 88. 69 72.51 98. 87 88.37  72.13
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Table 6 Experimental results of different location
threshold ¢,

£7 AERZEF IoU EMNIHLER
Table 7 Experimental results of different proposals and
IoU threshold

o7 lipevatby AR 60/ %  AR3p0/% AR 000/% FPS/Hz WIES okt loU,, AP/%  APso/%  AP35/%
0 75 583(100. 00% ) 59.2 65.2 68.5 7.8 1 000 0.5 36.7 58.7 39.4
0.01 20 283(26.84% ) 59.2 65.2 68. 4 8.2 i 1 000 0.6 37.4 57.2 40.5
Stereo-RPN'*)
0. 05 4 662(6.16% ) 59.1 64.8 68.2 8.4 300 0.5 36.3 57.6 39.0
0.10 2247(2.97% ) 58.9 64.6 67.5 8.4 300 0.6 37.2 56.2 39.7
1 000 0.5 37.7 60. 1 39.8
50T RPN 1 000 0.6 39.1  58.9 425
GS-RPN
40 300 0.5 37.9 59.7 40.6
g 30 300 0.6 39.8 59.2 43.5
®
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Fig. 10 IoU distribution for RPN, Stereo-RPN, and GS-RPN ~®-YOLO-V3 4
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Fig. 11 PR curve of ROI classification
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Table 8 Comparison of 3D detection evaluation with or without key point constraints on the Kitti validation set %

pap— w/ 0 Key-point w/ Key-point w/ Key-pointNet
i AR UE
] . % P X [ES % Z3pis (RS HhaE Z3pii3
AP 85.21 65.23 55.75 85.84 66. 28 57.24 87.47 68. 86 58. 46
APY) 46. 58 30.29 25.07 54.11 36. 69 31.07 58.34 37.43 33.61

(EAR T AR AR SO R A PR P 4 B o i
(5] SRS DK 2, I EL AT L ) i 7 20 A PR b A v Do
PR MICH M BIMT . 1258 RPN 2 4E T 3h
H 757 T GS-RPN 2 AT 51 Sy Ik, Wigl 12 fr

7N, FHECTF RPN, GS-RPN [HAHAE B 4L Hh7E AT 5 H s L,
2.4 ELERFEEWK

R T BRSO AR SORTE SRR RO
AT T ESEEK, WA 13 Fos,%°F- 6 h 2L RS
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Fig. 12 RPN proposal (top) and GS-RPN proposal ( bottom)
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Fig. 13 Vehicle-mounted experimental platform
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Table 9 Performance comparison on 3D object detection

for car, van and bus %
WiRES IR AP, APy, AP, mAP
Stereo RCNN'* Stereo 72.78  69.38 61.70 67.95

PointPillars'®'!  Mono+Lidar  82.67 77.81  68.83  76.44
Point-RCNN'% Lidar 84.76  78.47 70.14  77.79
F-Pointnet'”! Lidar 81.48 74.54 69.52 75.18

ARSI Stereo 86.25 79.57 73.60 79.81
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Fig. 14 Average precision under different standards
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Fig. 15  Visual inspection results
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