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Abstract: The proposal of MonoDepth2 has made significant progress in self-supervised monocular depth
estimation, but the prediction effect of the network in large non semantic regions and boundaries is not i-
deal. The main reason is that the basic U-Net framework does not make full use of multi-scale feature
information, resulting in poor depth estimation from large gradient regions. To address this problem, this
paper proposed an improved DepthNet, a hierarchical integration net ( HINet). The U-Net network
structure is optimized so that the encoder side can generate feature information of different scales at each
layer, thus allowing the decoder side to fully fuse multi-scale features at each layer. Since the feature in-
formation of different scales contributes to a specific decoder layer to different degrees,the hierarchical
integration (HINet) algorithm proposed in this paper also adds a channel attention module to enhance
the weight of important feature scales. When stereo pairs are used for training, this paper preprocesses
the data and adds a depth-implying loss function for stereo pairs. The experimental results on the KITTI
dataset show that all indicators are improved to varying degrees,in which the absolute relative error is
reduced by 0. 09 and the squared relative error is reduced by 0. 093.

Key words: monocular depth; feature extraction; U-Net; self-supervisied; hierarchical integration (HI-

Net)

*  E-mail: fenghuawang(@upc. edu. cn
o B #:2022-01-27 81T A #:2022-02-20
BEEUA HRK A RPLAHRLE (52074341, 51874340) Fl vh s i3 KL AR Al 55 91 e B 4 B¢ B (19CX02030A) B¢ By 1 H



+ 926 -

1 5]

TR E A T T L A — T — el
TSR, B R R S B R R,
it 25 I 4 76 B0 VR BE A T 40 38k L 7 4w B T A%
G r=C. SR, HAl iR 2 e 8k 0 0 R B
WBE g X B W RN %A R
T R B B I 2R B 4 T B M T L S AR
25 B b VE S DRI A 4R AR R 2 — S R BT TR B AT
5. MAWEMING T XN ETARE, RKBEMRKT
HEBAT 55 09 M B . AN 2 7 AR S L B H A
WEMWMAEMSE SHITER, TR S A EE
HARAMBE LR, Bt KRZH KA %E 3R
HUR BE Al T30 R T A IS 2 o ) U AT £ 1 g
) U-Net 1 b 5 fifi 1 26 2844, K HRE 25 & T 1%
Iy HERAG B RO R HIRIMR ) LS A& T &
oy HE AR B R AR W A AR .

FE R T AE A GODARD 28 8 1 4 i s
PR AT BB R A N 2R 07 L o 5] A
I AT VR BE — B AR P A T T AR MR Ok
0 AEE RN g A A A8 W 45, b i A 2 N S
iy 2% B P T M Al iR 25 0% B2 L X RE T DALk N 4% e
O3 f B RRAE R AR . SR T e /b S7 MR AR ML A BR
il s ZHOU 2500 35 e 45 1 F PoseCNN A 3 4 4
Wt TR] 0 A XA S . 3 I TR A R 4% 58 4 AR R T
H K% 5 3471 2. SIMLearner” #F — 2 F
AT 31 v 3 6 ot ) 4 B 2E AT TR B R A T 45 1Y)
AU, Bl T 537 89 W B 7 v A4 0 1
BE AR, FEX I TAE P e H R 22 DL T ik
K 5ot B k0 R ESh S Wi H sl
P10 5 A0 T 22 ) 9 AT Y 0 A A S B A O
AR RE W i & F. MonoDepth2!™ i 1 £ /)
b4 5 Bt K, 7R AR R R B b i e 7 G Y [n)
[ R S48 T R X 3 S A HL A2 Bl 1 @ sl Y R
0 T T bR sh AW R TR B A B IR L % O ik
BHWESRE TEHRS T - mE. EikE
) T AE o, PackNet-SIM' 3 3t i A & 41 19 18 X 43
F AL R Ok B B I 2R TR B A6 1T W 4% . GUIZILINI
ZEUSIB]NT WA I 2 0 3 SC 43 B0 4 RR 2 A &
N AL, 5] 5 R B W g it — 25 R E X fE R . 1
XS T AR — A SR G 0 TR 0 AR AR
UG B0 S8 . i Hr-depth™ 76 78 38 fin % 41 24
GO N i - i g NS G R A B YN TR
TR R ORS A E

25 AT, EE Rl U-Net 19 M 4% 38/ % 76
Gy R A — A ROBE 9 B9 4845 8, OF L 4 i 75 4%
W R AE A AE 3 X 2E 00 A A s il i 25 1], AR 3

[l

Ye BB X - B S 2022%F %¥33%

e 2 B i B JF H WA B & 1k RE Y Mo-
noDepth2'™ JEfili |- B7 82 1 U-Net i 7% £ Jr .
ASCHRUET R I 3 A D5 1) e g A A
R 45 4 o 1 HG 7 25 A 4% S B9 A — 2 AR BE T AR AN T
RT3 AE A5 S O L gk % 5% i v] LAY 2503t B
Z R MR A B 5 2) B 1 3l 18 i O Bk
FH T v R AR B AR 5 3) 24l Sz R X kAT
YNGRt 3 7 R R R A 740K SR
S5 W] AR SCAT LUAE AN 38 Tl Sy ik ) 69w g R
B A 4 e 0 4% 1 RS JEE
2 ERMERIE

SR R 22 K 00 265 40 2 B T 4 A B g e A
AN A (R A 2 45 K R A T A X 5 A 249 RO
MBS TR R AR T X7 — @R Lk T AR
(0L i

A S o g3 A R A R R 25 A e BRI SR Y
Fefil U-Net A 3018 1o 2 1 A% i 2E 17 22 ] A9 45k
S I P I 2o A 6 g v 12 2P 0B SRR R A B P R
BN AR B A W 25 AR RS AL . ROk U X TR
iE £ Y B, ¥ U2 45 4 T L T P A5 ) — 2 i B Y
FRAE - LTS B TR )= S5 A I O A2 B R T
S EREEZ T RETUR R B — 28 N 1 1
HEIE . B AR A R

PR e A4 S B 1 T 9 2% 1Y 3 4 O =X il L g
S AN ] JOBE B AR A 6L . Sl 2o K 2 A% 2% S
89 JIT A7 R A0 R 3 5i1) 32 4 B figp B 4% I 09 A TR 2 B ik
P 2% 22 o BIR— 2 B0 R AIE 2 B AT A e 2 3 3 BT A
BT AN 1 P s B 2% A5 A . TR I o L EE B Ak
fifi i) U-Net {Ul ] — 45 FUZ 52 B R 22 7 4. A g
AR H ) JH 25 1) £ 2R3 SCAR R PRI AR SCER i
TR 2R . BT A RE B v AR AT RS Y 2K
R REHE — W A SRR R AL T A A
FR 2 4 o A0 22 RORE A7 46 AR 18 19 45 g 52 20 ]
FHHEMC R Y 2 ROBERRAE 42 TH T 0028 BORS T2

Encoder ' -

!
1

I

1 Up-sample

N F

B 1 MK

Fig. 1 Network structure



S50 RSB AE - IR TR SRR AE RS B B E IR R A B R

2.1 ZEREZERNRBSER

FURT . R 22 80 B 5 TR B2 Al T 0 199 46 42 248
HOR LA 9 U-Net 2%, {08 i 4 — 2 E 895k 22
PR AT O A A A 00 R PR R S BOORAE — E TR R
e figp R TR R T R R 2R A R Ak ) L (H TG 9k S 4 R
A RZ R B HRAE , 5 B07E B — )2 I RRAE AR B 8
BT 368 T R A B Y TR 9%

BT L. Dy 1A B I SRS AE Y TR A
ARSI S B R0 23 18] 45 B T 05 T X 1 5 AT
Haam . RO AT MBS IE ] T (D A SCfF BT B
A TR 2 30 22 18] B 40 B o /b R O3 2 3k R B TR A
TR 22, (2) 25 A5 B ) DL 1 90 2% 1 fife 30 57 0 s
SRV NI 5 X R UE N

M T 4% 25 1% 4 2 U-Net M0 41k, H EH
B 2 K 2 7R T SR AR I B b BT R B0 fF R . A L T

Encoder

Res connection

« 927 -

o Gt A i i B — J2 A 43 ) 5 A A i AH T £ O
AR RREE B U725 2 . [R5 5 ) A 10 48 it
B R IE TR 2 28 3k R o 14 45 RS B8 T A5 B A T O A
it 25 v (14 AR A1E A I, 15 4 % 288 s 1) e AF {7 J80 T RE A7 7
Rt Y22 M B AH T BE 43 0 S I 45 R A
ARFIFE o R T W e g 0 3R i 8 22 T 0 22 5, %2
# IBTEHAZ" [ J8 & A SCHIA T Btk i 5% 25 3%
Hz o IR 1T B Hb K R AE LA G 05 4 3 2 ) i A 4%
M S e 28 i A ok 22 e i B U2 SR )5 1
SRR AR AR . W) PR T U RUR 1 A A A A
RRAE PR S22 B /N, i DL FE AS [R) )2 B SR i) 5% 2%
HEHEANBRBAF, B EREEE TN 2R
J2 s HE— 25 457N T G R 2 R AE T A 1 22 B S5 A
e 2 s,

» ————» Decoder

1x1 3X3 .
Conv ‘ Conv (@ Addition

B2 REZEELEH

Fig. 2 Residual connection structure

2.2 ZREBROVBIESEER

i RS 28 1) 5 AT 55 2 1 00 G S 5 o 1) R AE LA
B8 G PR RS B S 2 A R TR R . {H
T B 25 s $2 B T AN 6] R SE B R AE S BRI T 4% i
2 RE flt - i A B X BEERAE

TE SR A U-Net 4244 b, 38 2 76 A 15 45 I 4K UK
P 3 X3 4 )2 ok b 342 0 B i R 4E B . IE
i SZEGEDY 25U Ffi B ;X A4S 3 X3 Bl |
RHNEPR ERMT 5X5 BRUEE . Fa kR Incep-

Input

RN

tion" " ZEF 5] AT Inception S, &I FIA A A% K
/NE A BUZ I AT M Ak R B AN [R] R JRE (A5 e ) G
FEAE B R . DRI IR A JEL I Ak B 22 03 Bk SRR AR Y
RTINS 3 X3 BRIBR . TXT HEREBHE 5
X5 BRBE T4 A .

{ELHhy T — 2 i B 85 A A Ak B R BN [R] RS
FRRFAE I 7E IR AT R 5 A US04 5 BRZ A K s 3
T NAFR R . ASCHE— R T 80 /D 1 % 4%
J7 3 B S R 2 FHE 3 3 X 3 4 B Bk

Output

////

~y

y

1x1 3X3 5X5
’ Conv Conv Conv

7X7 Concatenation
Conv II:] operation

@ Addition

3 BEMESEN

Fig. 3 Feature fusion structure



+ 928 -

B A A R AT T 5 X5 fl 7T X7 BREEE,
P B 3 A SR i PR — i TR A A
IFi) JRUBE (1425 [ FRAE
2.3 HENIZSRREE

T A SCHT R 10 22 J2 SFCRRAE IR I 3 4 2 1 —

Ye BB X - B S 2022%F %¥33%

JE T B b B 02 e AT B R 2% )1 2 R IR
BEXF I I L, A SR T T VR R, R R
AAHE IR A 9 4 1) 2 HC i T HL R MG i 20 G Y
FUEE L 11 W 25 BE B 50 0 M R B B RE AL L 45 A
4 PR,

> >

1
nput Average pool

& 4

Fig. 4 Channel attention module

S E 2 B B8 B ARAE 8] H X W X C i 3 42 J5 S 1
A2 A B 2 B AL 1 X 1 X CL R R 15 R
AR SR R 48 1 T T A AR B T R 1 A
FHE [] BF ) 55 1 A B 2 AR AR A . R Je R —
Sigmoid PR Kk I & A ANFRRAE B4 5 B IF [R] I m A,
B S I BR/NE R AR I . e 2Rl ) U-
Net [ 2% b it % 5 Bl 5 2 % % AL R B 09 45 ik 2
Bty

Cio X Coue X K? 4 Cou s Q)
s G, S Han A3l T8 B BE L Coy S22 i H T 3 110 2R
L KO B R/ o T 28 3 G T T 1 R ) A R
Ja s B RO AE N -

% X C A4 (Co +1) X Con»

s r SRR EE B A2 AR SO B D 16, 0 He X (D
M)A UUE NS BRI R TR 53 EEMNIT
TE M — 4 JR T ) i) ALl 2 ke =2 580 4 10 i il 22
P TS B 2 R BB 2 R AL R BUz A
RETI B2 . IR — Sk 58 FUR G T &5 B 4% 25
] SRR T 3l . B W B R B R R I R G ™
& AR A5 22 0 T (R £k 249 TR0 o 1 £ D 5T 152 22 A3k B Ak
THRL2E . AR I B a0 2 2 PE L B ER 2 1A A X
JOE 5 AR » DT 451 35 A A i

24 R JH S A TG X S A I 2R I s ol BR Al A9 #
WCSE T o PR X P AL IR JH P AT BAR PL A 48 1 42
TER B AT 1) i DT BRI % A A K -7 1) s T L AT
Sibu g o Wy L SR | B e BN TRE i
B PENG 5 1 i & AT 55 R HI T B8 DF 32 10 4
Y 77 5o G AR DA B A AN R SO PSR 4
e — & T LAAT R0 3 22 fige 3k J3E DC T XU » O 5 Jaly 45 7
TEAN BRI 2 A0 1 DL T S0 4 o R T o A B BT

(2

fe

* Output

Reshape Sigmoid

1 SR

. [ EE WATSON 280 5IE B X6 38 45 46 A 34 Y
M5 7% 5 2 9 A ) FH S A o PRGN 2 st A A L IR
Peon &l 2 4 R PE R (semi-global block matching,
SGM) FIEN Az e iy
2.4 WMRRE

3 3 5 2 R HI0OGT AR AR 0 AT O Ak — A A T
B BR YT S g 14 J8Y S pR 0T K R AR R A R A M
MR B H R e 5 R 5 ST R T AR 4 A I 2k
i 25 O Xk SR B B AR T, AR SCR S Mo-
noDepth2 A [Fl (1 32 14 2% F- ¥ 5 2% 130 i o 132 461 2K
IR EEAMG R L LB AL R RT3

L, = > pell, I, (3)

I,., =1, <projy(D,,T. ., ,P) >, 4
Aorp, <> ERFEFFLL M EAREIR L I ER R
H bR BRI R . P oA MIHLN 2 T NTERE 44, D,
S I, b R EE L pe S R R 22 R I

pe(I,,I,) = %(1 —SSIM(I, ., I,)+ A —a) || I, —

L. (5)
KAESNG « R 0.85, NG TFIgHL N,
Ls=|ad; | el 4]ad |e!hl, (6

IG5 T5 20 2R 1 S7 AR BSOS SR O B 4
IR IR JEE 4 7 451 2R T A4S RUBE b 1 SF- 22 (i 1 A7 458
etk

1
I — WZJeD(LP(d) +L,(d)),

Hrpr

log(| h; —d,; [+ 1).if 1,1, 1), < 1,(I,D),
L,(d) ,

0,otherwise

7

(€]
2, I 3 il VR B B A LT



S50 RSB AE - IR TR SRR AE RS B B E IR R A B R

3 XWEHER

HiEE
£ KITTT 37 AR 5086 5 B VFAl T A SCi iy,
KITTI 3 e )72 T IR E A, RCRAT
Eigen 18450 %, 3 R H T GODARD 2 B # 24 i
Bk . BT 39810 Sk EMRFEAT ISR 4 424
sk F 50 0E, 697 5K FEAL . Ah, X BT ER A
FHAR TR 1 P9 70 38 K A BIL A 8 5 15 B R R s
W RS Sy KITTI thirf fE B F 81 . X 57
TIN5 W T A S A it 22 i) ) 728 e 15 B Ry ] 5 K
14 2l 7K SFSF- 8% o IR A TR) 1 25040 348 e A R B 4/
3.2 ERHTHRSHIRE

WATE PyTorch FaZEUAR SCH MR, JE— &
Telsa V100s GPU EIIZREAT. FHHH Adam Opti-
P AL . B =0. 9.8, =0. 999, DepthNet I
PoseNet #{ 14 T 20 420, Al 12 4. 7 4d 5
H R4 G I 25 B 1 A I 45 11 40 B 2 ) SRR & 1 X
107 e At ST A RGO BE AT U B 0 0 27 2]
WER1X10 ", JfFHABFE 15 Nl = 1 10
f5 . INGRFa o3 e gL G 4Ll %8 SSIM #L
HEHHRa=0.85, FIFHMANE R A=1X10 ", HH
ResNet-18 fE R 4 fih i, 4 A~ FUEE 19 0 22 B ¥ F T
SRt BFETH I . O T VAN AR SO R K
FUBE S8R J fit FH L2k P 460 6 V81 € O b TG B S TR 43
3.3

3.1

mizer

WS IE R

T RERE E O3 MY BB RS B2 L [ RE S S 2
Tt 1 AORS B X b AR SCfdE T Eigen w4 B PEAN 4R
P o 30K A 2 DS 1 U BAV R IR ORS B YA B o
5 ¥ iR 22 (root-mean-square error, RMSE) .

+ 929 -

ror,RMSE log) . 4a %} #1 %} 1% 22 (absolute relative er-
ror,Abs Rel) .77 1 %} i% 22 (square relative error,

Sq Rel), HAEWMT .
1 e
RMSE = \/mzé\ ld, —d: |?, (9
RMSElog =
1 . 2
«/szew | log(d,) —log(d ) || * . (10)
! N 1 | d; —d; |
Abs Rel—x/i| N|2’€N —a (11D
_ 1 ldi—d |I”
Sq Rel = 1 Din pE ¢
o d, d;
Accuracies = %of d; s. t. max(df,df) = 6 < thr,
(13)

Krf.d, BBEEWEMEREM. " BRRENE
SAE N R HEHA BHIE B R D thr EE.,
(13) 1Y B {EORG BE 1+ 5 2 0 2 R B A R R o
S0 B L R R B R SR B L I MR KA B
JE ¥ R Z 6. GEit o /AN T HMH thr MRER AL
B 2 500 1) BP Sk IE B 0% (CAccuracies) , 45 B
MR T RO A chr— EHUCR L. 2501, 225,
1.235,
3.4 EHERDAT

T eE KITTT i 4 56 ik 285 A 0 1 6, JF X
AT T 2m WA ST . Wk 1 PR O HI-
Net 538 1 iy 3 W A W B o H IR AL 1 7
AT T WAL UE 3 AN T8 4R o E B 2 BUE BB A7)
53R W, HINet 76 fr A 6 b5 L AR T M Ag A9 B &
Jiik . 5RLE AN A L, A ST R X IR Y
JrkAE 0<<1.25 bk T 0.013, Jf H 1 HINet

X #s 6] °F 19 34 05 AR 1R 22 (log-root-mean-square er- I VAR FE LA — A GO Y1 25 58 i A8 AU AL o
x1 ZIRHER
Tab.1 Experimental result
Method Supervision HXW AbsRel SqRel RMSE RMSE log 6<1.25 §<1.25°% §<<1.25°
EPCH + M 640>X192 0.141  1.029 5.350  0.216 0.816 0.941 0.976
Struct2Depth!*] M 640X192 0.141  1.026  5.291 0.215 0.816 0.945 0.979
MonoDepth2!® M 640X192 0.115 0.903  4.863  0.193 0.877 0.959 0.981
Ours M 640192 0.113 0.887 4.799  0.189 0.878 0. 960 0. 982
MonoDepthR507! S 640X192 0.133  1.142  5.533  0.230 0.830 0.936 0.970
MonoDepth2"- S 640X192 0.109  0.873  4.960  0.209 0. 864 0.948 0.975
Ours S 640192 0.101 0.780 4.544  0.185 0. 884 0.961 0. 982
3.5 HRAEE FIAB AR B 1 AF AT T I Ao A . S5 Rk 2
R Tk 2D PR AR N 4% A A P R e R FroR o B Y S 6 A5 R AR A AT R0



+ 930 -

B 25 AR R (Res) Y TTRR : O 17 6l A% 25 A5 4 1

it i i 22 (B) ) 28 S, AR SO A O A 5 4% 22 TR) A O
AT 6 B VARSI 0 5% 26 1 4 o 38 G 9 i 4 25
MG AR LA e nT Lyl /) G A% g LA A A A ik 2 []
x2

Ye BB X - B S 2022%F %¥33%

W T S I B B 8% 25 3% 452 0T LA ) 4% 2 )

AR EINA Sy o AR SR 45 R h 2 K BR Ak 2 i R AR

Yt ,Sq Rel R4 T 0.014,RSME TF&T 0,049,
i VR R B (SED 1) 51k - 8 0ok g ad gk 2

R SRR

Tab.2 Ablation experiment

Method Res SE MR DC Supervision Abs Rel SqRel RMSE RMSE log 6<1.25 §<1.25* §<<1.25°
Baseline S 0.109 0.873 4.960 0. 209 0. 864 0.948 0.975
HINet . .
(woDC) N N N S 0.102 0. 807 4,573 0.184 0. 886 0.962 0.982
HINet . _
(woMR) N N N S 0.102 0.788 4.605 0.186 0. 880 0.961 0.982
HINet <
(woSE) N N N S 0.116 0. 829 4.614 0.186 0. 884 0.963 0.983
HINet < -
(woRes) N N < S 0.101 0.794 4.593 0.185 0. 885 0.961 0.982
R N A AN s 0.101 0.780 4.544  0.185  0.884 0.961  0.982
T HE IR AE S A B 38 G R RS, nT LG i o 2 P,
4 —] B 2y ; P N b Z A 2
FEAE AR, W) B v 3 B8 0 280 R Rl b 8 4 Bk =
oI AWM S8 3 — DR S NS Pk he . 78 50 00 45 1 [1] FUH.GONG M M,WANG C H.et al. Deep ordinal regres-
FR, Y B B T R AL BR Y, Abs Rel [ f B sion network for monocular depth estimation[ C]//2018
B, FE A K E AN EERE {E%T{#;ﬁ SR IEEE Conference on Computer Vision and Pattern Recog-
e B 2. nition (CVPR) , June 19-21, 2018, Salt Lake City, Utah,
gﬁﬁ%%*ﬁﬁ%(MR) E‘Jjﬁf‘#ﬂ(@ﬂgﬁﬂiﬁ*ﬁﬁ% USA.NewYork:|IEEE,2018:2002-2011.
ﬂé*ﬁ%ﬂ 3X3,5X5 M 7X7 %*ﬁé@%ﬁ_}@ﬁ’ﬁﬁ//b [2] RANFTL R,LASINGER K,HAFNER D, et al. Towards ro-
SRR F T LA A M A & N RS AE . 7E bust monocular depth estimati(En ;]mixing datasets for ze-
W . ro-shot cross-dataset transfer| J . IEEE Transactions on
S s S M B & T R BB RMSE FRE T , forlJJ. !
0.012 Pattern Analysis and Machine Intelligence, 2022,44(3) .
012 - I o 1623-1637.
AR (DO [ TTHR - 1 2 185 8 3 1) 45— [3] BHAT S F,ALHASHIM I, WONKA P. Adabins: depth esti-
=1 )k 4 > 3 b v 11 H A A
J2ARFAE A T e B Aok 75 20 0 T Ao A % % 19 ! mation using adaptive bins[C]//2021 IEEE Conference
}%Z&%ﬁﬁﬁ oy I 22 ROBE R A sl S e i 19 AN 58 on Computer Visionand Pattern Recognition(CVPR) , June
FUR . F — 20 52 U8 B DU ARG ME L 7E SE I 19-25, 2021, Nashville. TN, USA. New York: IEEE. 2021 ;
gERp Y LR SRR, SqRel TRET 4009-4018.
0.027, FREFEEE e N BH i . [4] GODARD C,AODHA O M,BROSTOW G J. Unsupervised
o A monocular depth estimation with left-right consistency
4 =H e [C]//IEEE Computer Vision& Pattern Recognition, July
jiiﬁﬁé}%*ﬁ%gf*ﬁﬂ%%ﬁﬂivE%ﬁ&‘ﬁ‘ 21-26, 2017, Honolulu, HI, USA. New York: IEEE 2017
g N . i R 6602-6611.
TR JEEA SN TR HNe g
N . S e b e v e L P 5 ZHOU T, BROWN M, SNAVELY N, et al. Unsupervised
AN [ B R AR 3% 422, JF 38 ook 1 R B A RE AR ik , _ _
e e 1 . e learning of depth and ego-motion from video[ C]//2017
FI3E T T R A, 78 o R R A2 0 R AR B . .
o B M A T T U ] IEEE Conference on Computer Vision and Pattern Recog-
It i i 2 H 50 i B E — 2 il T 4% b nition. July 21-26. 2017, Honolulu, HI. USA. New York:
?E ’JEH:J:H:E//{T %’%ﬁﬁﬁégfﬁﬂ‘o é?j%%[ﬁjﬁjﬁ‘ |EEE,2017:6612-6619.
EE - MR MRS TR SR AR, (6] GODARD C.AODHA O M.FIRMAN M. et al. Digging into

I H AT LLFD — e A7 B A B PR AN T O ik AT
FeA.

self-supervised monocular depth estimation[ CJ//IEEE/

CVF International Conference on Computer Vision, Octo-



S50 RSB AE - IR TR SRR AE RS B B E IR R A B R

[7]

L8]

[9]

[10]

[11]

[12]

[13]

ber 27-November 2, 2019, Seoul, South Korea. New
York:IEEE,2019:3828-3838.

GUIZILINI V, AMBRUS R, PILLAI S, et al. PackNet-SfM:
3D Packing for self-supervised monocular depth estima-
tion[ C]//IEEE/CVF Conference on Computer Vision and
Pattern Recognition, June 13-19,2020, Seattle, WA ,USA.
New York:IEEE,2020:2485-2494.

GUIZILINI V,HOU R, LI J,et al. Semantically-guided rep-
resentation learning for self-supervised monocular depth
[EB/OL ]. (2020-02-27) [2021-01-27 ]. https://arxiv.
org/abs/2002.12319.

LUO C X,YANG Z H,WANG P, et al. Every pixel counts+
-+ . Joint learning of geometry and motion with 3D holistic
understanding[ J]. IEEE Transactionson Pattern Analysi-
sand Machine Intelligence.2018,45(2) :2624-2641.
IBTEHAZ N,RAHMAN M S. MultiResUNet: Rethinking the
U-Net architecture for multimodal biomedical image seg-
mentation[ J]. Neural Networks,2020,121(2) ;74-87.
SZEGEDY C,VANHOUCKE V., IOFFE S,et al. Rethinking
the inception architecture for computer vision[ C]//IEEE
Conference on Computer Vision and Pattern Recognition,
June 27-30,2016,Las Vegas,NV,USA. New York: IEEE,
2016.2818-2826.

SZEGEDY C, LIU W, JIA' Y Q, et al. Going deeper with
convolutions[ C]//IEEE Conference on Computer Vision
and Pattern Recognition, June 7-12, 2015, Boston. MA,
USA.New York:IEEE,2015:1-9.

PENG R,WANG R G, LAl Y L.,et al. Excavating the po-

[14]

[15]

[16]

[17]

1E& =
FX 4L
AKX R

+ 931 -

tential capacity of self-supervised monocular depth esti-
mation [ C]//IEEE International Conferenceon Computer
Vision (ICCV), October 11-17, 2021, Montreal, Canada.
Berlin: Springer,2021:15560-15569.

WATSON J,FIRMAN M,BROSTOW G J.et al. Self-super-
vised monocular depth hints[C]//2019 IEEE/CVF Inter-
national Conference on Computer Vision (ICCV) ,October
27-November 02,2019, Seoul s Korea (South) . New York::
IEEE,2019:2162-2171.

HIRSCHMOUER H. Stereo processing by semiglobal

matching and mutual information[ J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2008,30(2) .
328-341.

CASSER V,PIRK S,MAHJOURIAN R, et al. Depth predic-
tion without the sensors:leveraging structure for unsuper-
vised learning from monocular videos[ C]//AAAI Confer-
ence on Artificial Intelligence, January 27-February 01,
2019, Honolulu, Hawaii, USA. Menlo Park: AAAI Press,
2019:8001-8008.

GODARD C,AOOHA O M,BROSTOW G J. Unsupervised
monocular depth estimation with left-right consistency
[C]//2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR) , July 21-26,2017, Honolulu,
HI,USA.New York:IEEE,2017:17355313.

I

1979 =), J3  H -, PR, 328 A 35 P 4% 4 28 45 485 20500 L
STt I mE oY .



