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Abstract

Effective and accurate depth information can accurately perceive the geometry of the scene. At
present, LiDAR sensors are mainly used. But due to the limited number of scanning lines, the den-
sity of depth information is very low. Therefore, a depth completion task is proposed to estimate
the dense depth information based on the given sparse depth map. In order to solve the problems
of boundary blur and mixed depth in previous depth completion tasks, this paper proposes a depth
completion network between single image and sparse LiDAR data with multiple attention and
nonlocal feature. The fusion of image and LiDAR data realizes the complementary advantages of
multimodal data, and richer features can be learned through the network. Experiments show that
this network can effectively reduce the error, improving the effect of depth completion, and greatly
improve the accuracy of tasks such as target recognition, target tracking, path planning and so on.
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SRR BE AN A BE[S] [610UE BB FEAEAE NN o« B T8 Z 3 545 BRI A AR FE AN o 1)
i, A S PR 5 R R PR A AR A2 5 OB R i N B v FE A I R 1 0L T TGV e k42 56 1l f. H T RGB
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RlE RGB EMGONIR B % 1 A UR B A A SR [ 7106 F RGB MG ARG i - FE EIVE N, A6 PR
#0125 X 4% (Convolutional Neural Network, CNN) EL#2 7 Hi B 2 8 B 1 . 5 R HARTR FEfh = SRE A L,
RS RA T RESE. SR, ENASTEROL IR E D S5 A BB R . 7R3 2R
JIH 2 VR AEAL R K e, 3 o) A DA LR [8]. I 2 ) SRR AR G R HsE AE, JRIE Mgk
TREETIN, S 2 T FR 5 R P AR 1 S AR o (ELR s S]] A% 7 TN 4% [ 91 W 7 [ e 119 i 38 408 4k P 4%
o [ E IR AR EOE B A AR IE R, ERHMEERE S, 2 RE0TEME SO RIREER S, Rl
SEREN R . R, FEREANAT S P AN AT IR S IR I R

g b, RN S AAAE D G AR SR R R A R, DA SO TR 2 3R B A 2 iR
f) E g #E 5 F (Self-Calibrated Convolutions, SC-Conv) i B #h 4= 25, FEF F =IE JR SR AL 37 9 25 164 R A
AHIUR TR EE TN, 15 21 5 RE i (0 8 25 VR B 1
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Figure 1. Framework of the proposed method
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Figure 2. Self-calibration convolution depth completion network with multiple attention
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Figure 3. Basic structure of SC-block
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Figure 4. Algorithm flow of SC-Conv [10]
4. BRESRAERIE[0]

HIARFE: X

DOI: 10.12677/gst.2022.102011 114 Mzl


https://doi.org/10.12677/gst.2022.102011

5
i
4

2.1.2. ZEFAEDIFENE
ZEVER NS 5 PR, I8 IE S BN () R U R ) 7 SUInAE B R
YRR MR 2 1], 4558 — PP TR AR B, V6 000 A 2 1 9 0 P A Y e L R 3 AR, ) ) S
YEFE A LAERE B2 SRR, A8 )G -5 SRR A SRSk 0 RpAE HEAT 1 3 R T %2
Wy =)
WS

=
F,

|

|

[

IO
SC-block : —

|

[

SC-block

|
|
|
T
|
|
|

Figure 5. The design of multiple attention mechanism
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Figure 6. Channel attention (left) and spatial attention (right) [11]
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Figure 7. Non-Local spatial propagation network
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Figure 9. Experiment results of NYU Depth v2
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Table 1. Experiment results of KITTI
F L KITTI LIRLER

} R (EUIGELLT)
Hik 5 X
RMSE (mm) MAE iRMSE iIMAE
CSPN [8] 1019.64 279.46 2.93 1.15
DeepLiDAR [12] 758.38 226.50 2.56 1.15
DepthNormal [13] 777.05 235.17 2.42 1.13
AITTE 741.89 221.19 2.34 1.10
Table 2. Experiment results of NYU Depth v2
5% 2. NYU Depth v2 SLIG4ER
ik R (BRI LT) LR 26 (B i R )
RMSE REL 5<1.25 5<1.25? 5<1.25°
CSPN [8] 0.117 0.016 99.2 99.9 100.0
DeepLiDAR [12] 0.115 0.022 99.3 99.9 100.0
DepthNormal [13] 0.112 0.018 99.5 99.9 100.0
AICTT 0.093 0.012 99.5 99.9 100.0
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Pi4E -5 DepthNormal (145 AR, 3577 AR RZE FI-F- 3 AH 0 15 22 43 I FEAR T 17.0% 71 33.3%
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