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Depth completion method based on multi-guided structure-aware
networks

SUN Hu'2, JIN Yu-giang"?, ZHANG Wen-an'?, FU Ming-lei":*!

(1. College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023, China; 2. Zhejiang
Provincial United Key Laboratory of Embedded Systems, Hangzhou 310023, China)

Abstract: Aiming at the problem of sparse depth information observation in 3D scenes, this paper proposes a multi-
guided structure-aware network model fused with color images to complement the sparse depth. Using the mapping
relationship between the 3D plane normal vector and the scene gradient information, we design a two-branch backbone
network framework and combine image features and geometric features for depth prediction to fully extract the feature
representation of spatial location information. Secondly, considering the structural differences of different objects in large-
scale scenes, a network channel attention mechanism is designed. A structure-aware module with an adaptive receptive
field is used to characterize information at different scales. Finally, in the process of network upsampling, the predicted
sub-depth maps are filtered and the edge details of objects are repaired with the guidance of images of different sizes.
The experimental results on public datasets show that the designed depth completion algorithm can obtain accurate dense
depth. At the same time, through the in-depth evaluation of two downstream sensing tasks, the results show that the
propsed method can effectively improve the effect of other sensing tasks.
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MAE. %1 ) RMSE &R 1 351 22 LU /DN, (B 3
I 1& E A LK 1% 22 IRMSE Al IMAE 38 i BUR
P45 2 30 AL R FEE A T R AR, X R AN Fi A B
ST FEUT O T AR RAR L DX 3R P55 AR 11 v A 12k

FE KITTI 50 iF 5 &, R B 32 H i MGSAN £ 44
5 3CHR[9, 16, 18-20, 30-33] 34T EL 8¢, % be 45 5 WL 36
1. 377 #R % 2 (RMSE) 8 A &, A8 3 77 1% 5 SCiik
[16] 77 V2 5 A KH 24, T HoAth 77 925 (9042 22 O K 7E S IR
F B2 75 3% 22 (IRMSE) 1T ¥ 4 %6 % 2 (MAE) 1X
PRI AR b, AR SO VSIS T B I 45 3, R A
SCOT PR ZE B /N FE SR O B AR AL X 3511
R PEE AL TRUIN B g o4 i 5 i b SR B ST 38 48 0 iR
# (IMAE), A SCJ5 2 B X — J8 b5 T 2 B 4 149 SC ik
[20] J5 ¥ 50 i, 32 A B4 i o (1) BE2RG B R 22 SR B AR
SOOI R U, ELA S I T R RICR.

R OREHNEFHEBELLR

method iRMSE iMAE RMSE MAE
SCHR[9] 3.76 1.21 1239.84 298.30
SCHRT16] 2.56 1.15 758.38 226.50
SCHR[18] 2.29 1.07 764.61 220.86
SCHR[19] 2.29 1.08 773.90 231.29
SCHR [20] 2.44 1.05 799.31 232.98
SR [30] 2.80 1.07 922.93 249.11
CHR[31] 321 1.35 954.36 288.64
SCHR[32] 4.67 1.52 1268.22 360.28
iR [33] 3.37 1.05 960.05 251.77
MGSAN 2.36 1.00 742.02 216.02

ARSI P A A R 5 A A R 6T T 47 Y
Mol 3 HEAT VR LA 22 i ) 285 R0t L & 6 . AT
LA B, 283 VR B AN A B0 SR A 2 ) WY o,
Ferh SRR [9) 8 F T U 5507345 21 B TR P TR AE A
X IO BT, 12 [ M 5 A7 R 3R 22 3C
Wk [16] 3 T-IR B2 22 ST T IR T G L 7 iR 3
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IR AT S5 FEM BRI MG IREANS 407

PRRCR U, (BB T IAZ 2071 J5 T, A7 AE — SR
BOR X 38 A5 T5 545
R A4S

P b

BB =23 5 O HER, 40

(a) JRURFREL A

iy
o
\

(b) 3CTIER[9]77

o

(c) SCHR[16]77V% (d) A7k
Ee6 REMMERITLL

N T I FEAS [ RO SR (1) 5, 7E KITTT 5 E
£ EXT A AT W R e, 45 R R 2 s, B
185155 SO0 B BRSUER (1) AR AR BURR, 7RI 28 X
o A T K AR 22, 1 ) R R B R P R AR A 3 1
RS E R, SINRE R &5 30 SO T
e RS B (R ERE B TR € B EL A 35 Bl A 0 R 7,
i G 5] 5 08 7 U — 20 P T MR TR
X G321 5 AR RS L ER T ROBE SRR AIE 1Y) S S B K
X sl THE R RS2, £ R R R SN
F) 3 R BT R T W S FE A T A AR

®2 HARSCIREEE

method iRMSE iMAE RMSE MAE
RGB 3.05 1.31 872.10266.78
RGB+ V£ H & 259  1.16 797.17 235.90

RGB+ k& + B4 5] & 251 1.12 790.91 230.58

RGB+ %M & + EBUE 51 5 + 28 2.36 1.00 742.02 216.02

AR EAE KITTLHOHE £ F 9% P 00 285 5 DA &
5 A7 vk B L an B 7 B, B TR 500
J 46 % A\ ) RGB B, SCilk [9,16,18-20,30-33] 52 1Y
48 5 AR SC I 7 1R TR A 21 (0 1R 5 T L, A sk
1) B A 15 2 R, P R SR T i 22 K, AR ST
TEAREE T S0 IR AR T N R AT S5 A
BT BN IR B R

B7 REMBIFENEERRIRE
23 THESERERS O

BT SCVPAG A 1 8 AR AR I T3 5t IR
1B, (6 T 2 40 37 S A A Xk DA 380 9 2% HL i 1)
SR A B, H KITTIEE 242 4L i B AR B o A
ANIE) 5], TEVEA A T b DAk RIS Y . Rt AR S A SE2
B B2 FH 3% 5t R, BRI TR B A A BB X R Ui
E55 (. A5 0, %) T 405 SLAM, RHAE s VL IC 5
PRER T RS FE ) R E R R 2 —, M s IR G
JERT DA Sfe 4 ok ROBE (L SR R AL R A 4 R
X3 At i, B X I 5 b 1 S A AR AT T
W, A m SR SE Bir =4 E RS
AT S 5% 1 R B2 S 38 S4BT =, R ) = 4
5 S RE 0T Ok SE HERA 00 0 B 4 R, R AE R R A
HE RIS, 45 L RTIR, T 3 — B PRl R b A
SCHIARN A A L K BB HE 1 MGS AN LAY B 82 )3 T
RGB-D SLAM Fli# 2% 15 S 53 FIP AN [F R U dL A
MNAESS. FiAF 55 5256 F 4 x2.90 GHz 8 GB Intel Xeon
CPU.NVIDIA GeForce RTX 2080 GPU 523,

2.3.1 RGBD i BEfEit

A SCAE ] H AT T2 B ORB-SLAM2B4 £ 2y
P58 L FE T 52560 % % ORB-SLAM2 1] RGB-D £ 4
BN A — I %) R i RGB UG AN 5 26 B 1R
FE B, — B R B T = A VR B R AL 3 5, 1
7 R B AR 4 1) 77245 145 7K RGB B 5t B IE 5
IR 5, AT DLE KITTL S A8 45 _E 48 RGB-D
B

43 A FH SCRIR [16,19] LA B AR SC 5 1R AR i AEAN P
) %oF N7 R R A R, X T 104 AR 81, 4
TEH H DL RGB-D BLUIZ 17 10 IR, 3R 3 JEoR 1 56 3
FPANEAS RIS, AN TR R 42 53 1P 3 e i 1
ZREE PR ZE S g R TP 5 01 B KE
TCBUHL S SORIAS [ R KN sh A WAk, Bt B 7 1%
BIERER R 7 AT W, B H AU T i AR Rk
SR 22, T 5 FH TR B b A SR AT B MR B IR B TR
Kl J5, RGB-D 12U AT AR TS R 47 (1 58 A 250, 55 S0k
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[16] ALk [9] F7 15 A0 L, A SCTTIEAEAN R 7 41 &
DLECRFR T, TE R 7 50 3R 1 T Sl I ROR. ik
Ab, BT i L BVELE BT A 7 51 ESFIR 2 /N, H R
H A LEBRAR T 2079 % 19 3% 22, 0 T B R T 2 AL
IFE T T A .

8 NN A SCUR FE A 42 7 1k 5 TR o AR T T
ERIERT LG, BT BB RHIE S B U R 6 5 1

*3 EBERTEMREE

ATE(in m) Transl. Mean / ATE(in m) Transl.

Frames

Monocula 3CHR [16] 5% SCHk [9] % ARSCH L

4541  8.45/9.64 1.44/1.52 1.45/1.54  1.30/1.37
1101 / / / /
4661 16.32/22.95  5.39/6.67 4.72/591  5.85/7.44
801 0.79/1.09  0.38/0.42 0.41/0.42  0.40/0.45
271 0.81/0.91 0.28/0.33 0.45/0.52  0.27/0.27
2761  5.50/5.80  0.48/0.54 0.57/0.63  0.61/0.66
1101 13.03/14.97  2.38/2.60 0.82/0.91  2.11/2.29
1101 230252 0.26/0.29 0.37/0.39  0.26/0.28
4071 / 4.67/6.03 430/5.64 3.92/4.84
1590  46.12/53.86  2.52/3.26 3.46/439  3.01/4.01
1200  5.98/7.73 2.39/2.62 248274  2.14/2.41
ERIRZE 9.93/11.95  2.02/2.43 248274  1.99/2.40
PRI T 0/0 0.79/0.79 0.78/0.78  0.80/0.79
500
400t e || — | GT
—— Monocula
E 300 Deeplidar
N200 —— Nonlearn
— Ours
100
0
-300-200-100 O 100 200 300
x/m

8 EREtEMMRIILL

. Al
P N

SCIN S AR BUR, A SR TH G 5 S BB R AT A
BB SRR A R m R A R E, A TS
g BRI AL IR AL T
2.3.2 TEEEIE ArE]

AJIEAT X 3 AG M (free space detection) B[ TE #% 46
M, A H 32 BB RN ) 2 — 30, 0 T Eis 3)
A5 i) A B S AR SO B AR Sk )
SNE-RoadSeg i# #% 7 #| 5035 it — 3P I uE A A A 4%
TR JEE 1A L FH 280 6 KITT A8 6 2 0 50408, 46 A
3 B 3 b A (7] 52 P 0] 57 4 3 % S A 2R S i
1Tk, RAJER T XAREE RS . FRiF 2 R84 T8 %
AITCARVETE 2% 3 Rl 45 1 ST b gh 3. mr i,
TEH 745 B K Fy 1595 MaxF - Y8 FE AvgPrec.
#ERIZ PRE 11 [0 REC. {RF]# FPR. P03 FNR
S5 6N RAR R, HE T AR ST VRS B (R IR R AT
P& BISRAT T IR 45

*4 FERTRREHITERSEIER

SCHR[16) 50k SCHR[9] Sik AR CE:

PERETE bR

um umm uu um umm uu um umm uu

MaxF  95.75 96.48 94.44 93.12 94.47 91.83 97.54 97.43 96.71
AvgPrec 92.41 93.14 91.86 91.87 92.72 91.09 92.50 93.22 92.15
PRE 96.05 96.10 94.56 93.33 93.16 91.58 97.94 97.33 96.57
REC 95.45 96.86 94.32 92.91 95.82 92.08 97.14 97.52 96.85
FPR 085 1.36 094 144 244 1.46 0.44 093 0.59

FNR 4.55 3.10 5.68 7.09 4.18 7.92 2.86 2.48 3.15

2 R R P PO B 73 S 4 SR AT S X B
I3 T, BB 9 PR, b 21 A 3RO A ke
K R 6 T DX, B €00 P8 70 R R AR A0 D T X
PG, 3 (0 3 B T TR TE M 1 DX I AN 20 e
D25 R T LA 31, A5 P AR S5 949 21 IR
BEAT ARG RN FR AR AR, IF H b T B 51 S I o
TR BRI S AT T ORP, IR 0045 21 FRO3E B30 2 5N

(a) Xwk[16] 71k

(b) SCHR[91 V5%
B9 EETEIBIRIILL

(¢) ALHE
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KRR T — RG22 515 45 0 TR I 25 HE 42
SEERR I ) = R TR P R 4, A 4 M BB .
N7 [ 52 B AR AN G 5| S IR i A, 1 ot m o e A
X ET MWLM G 2 AN B A S & T
TR Ak T (0 7 A 1 R 5 e, G 8 g SRR R B B 7 4
FIFH E% RGBS B ANE A 2 L (5 BAE =S (/] i H
ANRRIE, S T IR BE AT ROR AR S, B TR TE
TR I B 3E RS2 IR 20X 2 s A
A U ) H AR IR f e 1 P R 51 3 E A e
SEPR B W () 300 G AT R 37 S S L S 3R T,
BT th 77 25 B 0 A 250Nk 52 2 K L I 1 30 2 B 3
¢, 9 HooT DUR: T HoAth R Ui B A E 55 1, W RGB-D
MY ERFRTE L 8RR S B MR AN TR
WA T ), 7R 5 B s h K LT R RS
B 55 A AT S SR Sms A o W B 5 AR THRS
JE SN AR R 72 7 ).
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