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Progress of visual depth estimation and point cloud mapping
CHEN Yuan-feng”
(Midea Group (Shanghai) Co., Ltd., Shanghai 201799, China)

Abstract: Simultaneous location and mapping (SLAM) is a key technology for autonomous driving ve-
hicles and robots to realize autonomous movement. The lidar currently used in SLAM technology
presents a series of issues, including high cost, low spatial resolution of laser point clouds, and diffi-
culty in obtaining accurate semantic information. In contrast, cameras can effectively avoid the above
problems, but more complex algorithms are required in depth prediction and mapping. In recent
years, with the progress in computing hardware, the continuous expansion of data sets, as well as the
introduction of new computer vision algorithms, the accuracy and efficiency of visual depth prediction
and mapping algorithms have been significantly improved. This article summarizes the existing meth-
ods of visual depth prediction and point cloud mapping and classifies the methodology based on data
collection approach and algorithm design, then analyzes the application scenarios and prospect of
visual depth estimation and point cloud mapping.

Key words: monocular depth detection; binocular depth detection; deep learning; point cloud mapping
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Fig.2 Qualitative comparison of various methods™.(a) RGB images; (b) Eigen et al.; (¢) Zhou et al.; (d)
Garg et al.; (e) Godard et al.; (f)Pilzer et al.; (g)PFN; (h) Ground truth.

RO LY A2 ' INCI RO O D DY S R T
43 590 SE B 5 B0k RS E Bk T REAE 7 A T
b T AR R I R AR o SH ST AR 2k &R
AR IR AR 2R R AR AT R = 4 R HH 8 ik
filt A P 28 (PFND 55 X470 27 2] 3 [m] )1 2l S (A5
TR I,

22 ZEMRFREN

BB H BL5E A 2 AR X 22 B Ao R EE 1
LI R T — RIS, BT 20 ER A
2 /IR AL 3B 3, Anantrasirichai 28 AP $#2 1
e 980 10 R G 1% 3l 285 0 R T 3k R m) A R B
DARE 22 /% B2 WS 1) - 3 P RO B 0 B R OGP R 2



900 W5 B

836 %

WA EE A 2 BRI E B . 4, Mont-
serrat S AV T — B TAE S E N 20
P DT JC 5 R B/ B0 43 B R4 1 T — P fE B
3 R AR e ms . 7 AL B, Liu 2 A58 58 i 51
R JBE 6 30 Xt 2 0 22 W0 Vel R B BT 9 2B i 3D AR
YR58 B AR BN S M 2 o 4R i3 3% S TR B I 1Y
ARGy L 3 2 22 R IR AE 48k R 22 S IR
i Xt 52 L SEER T 5 AR U — Ak B AH 56 B A R E
BV (RS A Ak B

3R 7 RGP AR E LA . Lee #1 Ho

Breakdancers BB Rabbit

Poznan Blocks

SEUVHRI T — R T B 2R
A3 T A e TR B Ak ot O YR AR AR A0 A AR
AT T B AR 52 B o A SR 20 s R
FR LR 2 R /ME . Mieloch % AN 2 T —
P TR AR AR Sk A B 2 A R G IR A I
T3 vkl AE DL B g |G 38 A 3% 42 R T %
H S R GE & G Y TR B Y A IR ] — B
P XA ATI2007 1 R B — Al I T4 A O
5 AR B ] — B0 22 0 1R BE TR A O 12k, T A
3N

Poznan Services

Poznan Fencing2

Pl 3 REE PR DA A R PR

Ca) BRPEAG T b i A0 B8R A 1 A R B 5 (b) Fl DERS £ 580 1) 8 5 1R

J B Co) il P A 0B A T TR 8 T 3 BEEY 5 35 5 (D JRURR AR IBT B )7 BE (BB B9 2 B JLIED 5 (o) JTT DERS A it
8 TR R PR A R L T B s O I B0 7 R AT 1 0 % TR I PR B B

Fig.3 Comparison of depth map and virtual viewpoint synthesis™**’.(a) Fragment of the original view used in

the depth estimation; (b) Fragment of the depth map estimated with DERS; (c¢) Fragment of the

depth map estimated using the proposed method; (d) Fragment of the original view (the reference view

for the synthesis); (e) Fragment of the view synthesized with depth maps estimated with DERS; (f)

Fragment of the view synthesized with depth maps estimated using the proposed method.
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Fig.4 Qualitative performance of depth prediction*’. (a)Image; (b) Ground truth; (¢) MVDepthNet; (d)
GPMVSNet; (e)DPSNet; (f) DELAS.
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