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Abstract  Depth estimation plays a crucial role in scene perception and understanding, which
aims to predict distances between camera and real-world pixels from single or multiple images. It
is a popular research field in computer vision, applying as an important step in many practical
tasks such as 3D reconstruction. In recent years, depth estimation methods have drawn increasing
attention and intensive research as a low-level vision task. Traditional methods use lidar to obtain
high-precision depth information but cannot be widely used in practice due to the high cost of
obtaining dense and accurate depth maps. In contrast, image-based depth estimation methods
directly estimate depth based on input RGB images without expensive equipment, yielding more
favor in applications. Specifically, image-based depth estimation methods can be divided into the
multi-view and monocular estimation according to the number of required input pictures. Since
the monocular camera has the advantages of low cost, more standard equipment, and convenient
image acquisitions, compared with multi-view depth estimation methods, estimating depth
information from monocular images is currently a more popular research field. With the rapid
development of deep learning, monocular depth estimation based on deep neural networks has
been widely studied, and many excellent methods have been proposed. This paper provides an
overview of thestate-of-the-art on monocular depth estimation methods. First, the definition of
monocular depth estimation, commonly used datasets, evaluation metrics, and applications are

introduced. Then, we review representative methods according to different training manners:
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supervised, unsupervised and semi-supervised. The existing methods based on different learning
manners are divided into several types, respectively. We summarize supervised methods and
classify them into enhancing framework, introducing auxiliary information, improving loss
function, classification-based methods, applying conditional random field, applying generative
adversarial network, and methods based on partial depth labels. As for unsupervised methods,
we classify them into models trained by image pairs and monocular videos. Improving strategies
are divided into mask-based methods, applying visual odometry, applying generative adversarial
network, and methods towards fast and light runtime performance. In terms of semi-supervised
methods, they are similarly trained on image pairs or monocular videos. The proposed methods
are classified into methods that apply a generative adversarial network and introduce semantic
information, respectively. The ideas, advantages, and disadvantages of each type of methods are
analyzed in detail. Finally, we sort out trends of future development and key technologies of
monocular depth estimation methods based on deep learning. We aim to inspire readers to make
further breakthroughs based on existing research summarized in this paper. Compared with the
previous overviews, our paper mainly focuses on deep learning methods. We elaborated methods
more comprehensively, point out ideas and characteristics of each method and use a more fine-
grained and more accurate classification criterion, which is more helpful for readers to understand
the overall research progress of depth estimation methods. Moreover, we provide detailed
comparison results among all kinds of methods for quick investigation in tables. We also discuss
the technical difficulties and development trends in monocular depth estimation, hoping to further
inspire readers.
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K IX 054 51 AR B AR T 1 SC L A AT A 25 2R —
51K T E TN Transformer 4544 (1 18 2% , 40 o
BT NS TR AL 119 Transformer 4544 J& 55
W — R R TT

M) £ ) HY % Bhat 25 AP Transformer
PRy — A 23 [ T T B 5 A AATT B A 22 s AT
(07— 248 T Transformer 33X il 9 25 25 14 1)
W7 s IRl SFIE B Y 2 ) 3 2 ) AL ek B B R B A
T EERE.

— SRR Ry A 1 T 0 ) 4% a5 R i R AR
CESEN V& G NS R DOl s R BITE 37
WA WG ATREEAG T 55 b, A0 AT 78 T8 B il T 403
B3R 55 R A 2 A AT — 20 R 4.

B H R B A TSR g AR A A T
PETHEL (Y R AR AR BURE ) L2 R A5 B R N RE ). AT
PLTBUOL Bl A5 TR B 2 2 B i — 20 R e B 2 i 1 55 4
T ZRRL R B4 s R T 0 24 5 A Ik 1) O AT AR A
AR R & =3 ).

3.2 SINWBMERENAE

TR i 22 I 45 1 52 ROk I T N Il o 8 T 7Y 2
S VG: e S R SR RSN U €1l 7 e s S N .
AR S K. 2 N R IR B H IR B A AT 55 ), A
i 23 2545 B o A TR A 1 2600 38 B I 0 3R T I
UL 22 75 T Y 37 5 5 B AT IR BEAG T, 2RI TR &
PR P 2% WF T B 10 O TR AN T I — 2637 B A
KB SEE BAE N 5 By, 5| AR AT TR A T LA
AT EAFROR.

T 5 BN AL 22 07 T N A < R B Al 1T 30 25 1]
LA DG R B SUAE B RAEAS [F) SR Y SR
2 ] SR B A (] TG R A X BT AR S
JEEILERIMRA B R SCE R XA A R A
& TR 243 80y ik 00 700 223808 R W) 1 3
SR B R R BE AL 1

Eigen 4 \U“ 7E3CHRLO M SE 2 1 &3 F T =
AN RUBE B 0 28 Ay, = )22 I 45 328 J= kb 75 1R B 1 4
W RATE T RS AL T2 R AN AT B R IR
FEAGTE R O L35 53 8 = A F ) @25 5
T AT 2 6] A 2 B R — 2D R TS R Y OR . A SE
Lo SR (W73 R 7 o e 1 v B w1 9 = e U
AR PERE X BN IR T3 26 4 B AT: 55 2 (8] 09 0 A7 7
WRA AR HE T AT RS 5 B A B AT TR R A
2 — DA
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FESE A8 SUAE B J gk e e I s g
ARFMERJE Jiao 55 A2 42 MY TAE . LA 48 i
TURBEAF B B 43 A ek s B X T K 2 8 52 b
Y i s IR AR HOE A R0 — /N Ay RER
3 DX A T B A R I % TR B ] 2 B IRRE
JEAE AR R 325 o 50 AL S ) 4 b AR IR B2 . []
FEH 5 o3 BT 55 WA 2R LAY 15 D0, BT X0 31X A 1)
R AEF BT T — A PR 2% K TR BE Al 1 5 1R
FIPIAT: 55 45 G ek W 5 T 5L AT DATE R A 2 (8]
Frah 8545 8. e AME 58 1130 25 07 3K 3h L i 48 3 A
RUYN L5, B S ol st 1 R R X e B 25 4 A 1 i R

AT 1o B, SCRRL76 J4& T[] Bif
FHF R B2 AL 5 1 2% ) 62 A 3 i JL AT 28 Y 2%
3 ok TUART 24 oA A 2 AR08 B TR AR B S P T )
S, ] LUK i 78000t LA — B IR S T T )
AR R S AT T ) AE R R IR A S
WkL73,77,84].

R TSR B E B RE 0 B Rl 5| AR
HATREEAL I 2 AR T — AR AR O
LT SCHERCT3 IR 2 AT 55 51 5 ok v 2 4 T
W 28 25 48y G A 7 A 1 ep R BT 55 . 2 ) H bR dR
MERSFEE. HE¥ TGN T2 B8 0 W 42
AR PRISE 1Y) 32 32 B 2% > 10 & SCHRL 74 148 24 56 ™)
28 R U R 00 TR B Al T M 4 5 1 S I 4
S5G fdAE A 2% [ I 228 PR RE T R A R R
AFN TR EE AR

T — e B 3 S B U B 2 A — S At A 5%
1R B WA B T IR AL 1. SCHRES85-87 4 ih
(975 15 4 K A ML AR SR LR S B VIR 5 )
A h G A5 B AREARL, 5 AN [ 19 4 B 05 5 5 3 IR
BEAS T AR ARAS T T AR 1 R B A T 25 L

ot SEE R DA R B, R 28O T IS B e
07 1 B G A R 1 3 SR ANE B B
il R 5 T S ORI E BT R A £
GiE77B 0 SN 0 AN T [N 775 = 9 ;1 D N ]
HAWAH KA BAE B FAE 5 1 & Rt s. Wi,
BTl B A5 500 5 vk AR T 0 4 A5 R ) Ak L 3 o
B b A A5 M RE 70 o o ) i — 2B SR Y
KA.

3.3 MHMKRIYAAIE

% BRI B SR I 2L Y L il R T T A N L S
8 2Z 8] /) 22 0. 76 I 2R R, FRATTAS B % AR T35
it PRI B 1 B 0 D0 AL B30 i /N 451 % bR B 38 W 3
SRS TR BE A THRE 7. 5 2% oR BOUR B0 T B A Y A

b FUAR 2 VR B2 2 2 SR R G Ak 1 G B R 2 1Y
VREE AR T Ak 7 I 80 & T 48R sR B AL R 48 L A
AN L R LA R AR K R O SRk A T
Pk

Lo A5 S8 TR BE 2 20 (1 IR 3 % 7 R B Ak
TR, B R 4 2 v S T T 2 B AR R 2
BRMAGTTZE R, B TR EE R B, 2505
F AR TR A, 2 B0 B A A R
REEFBIN AUE L, 128 9 R4 36, Laina 58 A
TEABATT ) T AF o £ 3 8 ] 3% Huber #1 2% (berHu
loss) AR TR LY Lo B2k

J\d,—d,"' |, \d,—d; | <c
Liwer =4 (d, —d )+ ¢ . (8)
1T’ |di—d; | >c

Horbre Y'E R 1/5max (d—d ™) B | d—d [ =c
I IZIRR SN T LR G d—d [ > I I35
HrF Lo 5 2%, 185 Huber $ K45 17 Lo Lo 9 Ff 45
KEBCARTE T ERZE R R BGE  MXHMGR 2B R
i T S A A Lok )z O T R A 4
g Leess o0l

H TR B & A 45 4 £ L R RE AT DL T Rm e )2
W X, Wang 5 NWU ST — B0 4y 2 K AR
(Hierarchical Embedding Loss) , #f — 4 i 10 1 & 44
THE5 5 FUSH Z 0] 35 s RN BE . A, IR i
JEAG TSV 22 i A [R] 45 2% 1R 550, AN [] 43 2% 22 1)
(A B B — > SC B . Lee 55 AV 4R T —
Filr 1 2y 349 45 45 T 451 2 BT 04 J5 0k A 43 1Y S ik W
TAZITIE WA S D TR A T % R BB 4R it
T L

AT — AN BE s N 2R oE T DAAR B b 2% A
PR PN B R 22 D ) R R R B S T A S L 4 A T
B 0 S AL B 4 PR UG AT 38 T A b &
Tl ik 22 [] R AR O 2R |l I A 7 A T — Rl Ay O
FEAG T LB ol AR R TR B B A A B 4 I R
o 28 DT {688 LA Ak o RH X R BE 14 8 T 8 2 X AH
XFTRFE {5 S0 5 46 45 B 07 5 T DL 1 1 2600
VeI,

Zoran AR T — MHESL MR R Z 1Y
ARRE OC FR BEAT AL T L 2 J5 4 3 BB AR ) 56 R i
L AR W IR B MR 5 A T g — a5 48 0 IR
FA LG o Ad T RO AR AE X OC R A LR LG A Al T
KT R AFDRT G 2% T Jom 7 B AH 2 T S 2 ) L ] PR
A N ZETEAR R OC AR (0] A AR 4 il ok A TR
A58 RO B AR TE T BR 42 R RIS I 1T RS iy
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i —2 b, Chen 2 N5 M3 T — A4S 4 X I
JE B 5 2E - Depth in the Wild. & 5K & A AU AR T
PR Bt AL B ARG R BE 1 B AI R 2 %8 O T A ER
S B H R BE AR T PR B AR TR TR B A BR 1Y
PN RZS) . CE [F B T — RN A
Sefd FHE R it 2% (Rank Loss) V1| 25 45 A4 7500 & 1% F
PSR BE U 56 3 1Y B ) - 2 05 45 0 i A TR I
SEAE T o3 2 s UM A B % 22 [) ) 0 56 R L
I SR R 2 RGN T ) 5C R b A R
o 3 AT A P O DN I, BT P 9 A6 22 () AT RE A
TE B 9 & 2 o A TR B I BE P (H R i TR A
() BE LA AT 00 J7 ¥ BT RE 7 A Dl . 7R i R il 2
B SCHRL94 D4 B0 75 v K A 980 RH 0 I8 B A R X 4R
SIEREEESUE NS BUE SRR R D]
7R

XRTTEM G Tl AT — MR & HLH B 45
PP A v e IR A 5 B 5 A ATL B 00 o ok R S o e fit
TR A AR SCHERC94 T 42 i ot g vk
RVE T RE A 5B A RO A W) & BLh 4 T R b
TYRMD S, 3 — LW T N8 8 7 L. B
& W 2R T7 AT A AR B B < 75 21 1) TR &1 A 25 AR NS
TR BEAR B, ) B 515 3 9 24 015 B AN HEAf
P2 NE Rl A R S O R — A AT I R R T
DR SRS A WNE = F DSy i
L L O R R A DA DT R I S0 B D TR AR ]
T VR 0 SR pR R (ELI L A AT DL K i R R T IR A
TERCR A4 5% BRI T BARNS W i BT T B TEME
ERTHIH.
3.4 BETFHEMAE

FE TR BE 2 S (0 5 H AL T 5 vk R AR —
AR A () B Y BE A B AL i
K7L MG & P28 4540 H 85 52 4% H R BE T R
TR TNAS i B T B N R TR B A A S )L Ol T e IR
TX PRI, — 2 o 0N R R S AL L 1T )
U A Sy 53 2 0] A

SCHR 96 J e 7 5t Al %8 B2 Bk 2 IO 4% fie ol R 32
Sy R T . EiE— i h TIRIEE ARG AT
(S o N TR A 2 I AT DL IE 45 o — A 7 1T
[a] {81 (Ordinal Regression). & by TR B 69 A 16 €
P I A T R 1) 38 R T 8 O 0 A K T B P T LA
FOVFAE XA R 158 25 B O R Y 34 ) 43 B
(UD) JFATE TV 3 42t 1 0] 08 B 22 184 i (X 2%
23 () 35943 B 4 B SR g (SID) . A AT 2 A 3% 14k 9] 2%

SERY AT 3 O FRAE B I, 3 BB A ] H = OB
B, b 3y 55 AR L SCRT DL A3 A SR 4 R G A5 2
ASPP B 8530 38 7 5 ) 2 = Ay

TEGy SR b R DL s 1 45 A7 Ok Bl i) ASPP
PRI RS B LR B 22 R SR AR S B 23 ARG
IR . X b SR AL TE AU 2 A5 B Rl A T B R i
AR 1 235 0 % 42 R B AT SR AT S5 2 1 R AIE 1.
R it — 20 A 4 SR g B g U 2 B B R I AR
PEB B T — 87 10 G i 2 45 04 o 283 ol A 9 s
TIE PR N 4 3 2 )2 34 2 B 485

A TFAL G W) o R R 484t softmax JZ2 IH—14k
S A8 P 58 SR e B D 452k A e [ A X R
BRI BCHEAT 18 0 A 3 4 40 2K o B8E SO EUR B A 1R
R K

L(IM?)Z*%E E\I’(w,h,x,ﬁ)

w=0 h=0

Hop o MRES LW REMGR TR, H RGBS,
BHAKEBEE RN v,

(9

1w, h)—1

?(w;h«vf’ﬁ): 2 lnPEfL)‘.h)

k=0

+ KZ)I (1—InP", )
e (10

Hr 2, (w, ) SRR R A (v h) 16 BB TR BE T 91
JITAb 1 067 B K SRy IXCTR]EE, P o B AR R
TR EEAE R T 25 B IR BE e 91 vh 5 ke A1 1 (L AR ARE 6
763‘@./..62&) gy G2k D)
Hrb y(w, by 2k) 2R R H (o h) TEA T 1] H i
INAE S i T IR A P e TR (2 4 R T El
ST R A EE L A/NT R kA BAE P XA 51
2R BRI AL T = 4 2 [ J880 1) 43 2K R B

WINE R R T VR 2 A0 AR B owi iR EE Al
47 1 (the State of the Art, Sota), Adabins®"
LR B T 2 — MR SCRRLS T 482 1 23 BESR
s 2P R i F = P A R 1% 0= & | W 1 € E ]
RO Huynh 58 AW700 53X R oA 7R 5 Ak B0 B 0 JE
2 T W 45 B9 I 25, Saha 8 7Y KA
PESIE UG B R R ] TR IE AL 5. Lee
S NPEE JyF B H E A E HX ) RORE AX

SCHERLS 1 H A SCoE MU AT KITTT s 4R
T AT IR T I BT R S AL T
BT PERE A1 AR B 1A R W R A H R 45 4
Fo R i ORVE AR R DG Gk A BB LA K.

IG5 2K I 8 £y B SR TR B Al g — MR IS b iy
R A X P 7 i 3 A7 AR HEAR R BRI ny 1) . PR 3
AR Y 2 — Y0 LN Y B A O H T —

P(/:)
Cw,h)

an
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AFTR] %) DX a) rp {3 M A 25 7 AR 1R 25 VR R L H
JESCERLS T R 8 s i 5 AT SR JRAS T Be dr i Ak 145
AR T A 1] H T gk A TR R A 48R G
PE A ar ik — 252 4 A Y (8] 05 78 R B2 Al 48 E Y
T — AR AT & Ry P SR JLR T Z N
FH TR B 2 ] U O 5 A T 33X A 06 Ak 0 =0
THREMEATRRR B4 AL a3 FE
PE B J 25 [ AN Qi & T R SR A A A
B3 P 1 S8

3.5 [EREZHREIENAE

i FH— A5 2 A W 25 00 A0 TR B Al 1 25 R 815
BB TR, — B2 3 Ay SRR A8 {8 T TE RS T Y O i
SE R B B gk (Refine). 254 FE #1325 (Conditional
Random Field,CRF) & 7€ &y /R 7] R B ML 3% (Markov
Random Field, MRF) By il I & & ok 19 7%, &
A DA AR AR5 s I 2R 5 A W 37 1 45 B0 JRy
TS VBT i A 5 o AT BB A B AR I AR ST 5%
1FBE B LE T8 43 0 00 3R BLAR 75 o R B2 A 11 1) i
R SR EE N SR IREAE SRR, A
AT B AR R b AR 304 45 4 Bt AL 37 1o P T o8 TR B A
TSR AT B g e Oy ) JLAS b B ARk
5 .

Liu S8 NI T NS S B & AR
TE G0 — R FE A FRRE S v 2 o] 3 22 25 R PL S 1 — T
PN R AT HOE AR B R S B IR T4 e
TR PS5 (B 1) 3% 232 P o ABE 3 %8 B ok 5K v 1) 4 DX o AT LA
BEAT BT TR R, T A0UAT AR 3 AL B AT figk ke ot £ A0
SRACAR IR R, Ay 1 4 v T B8 2k 8 L 4 v 000 1) o
P, SCHRC102 7 SCBRL 101 R 6 Atk | L 4 i fF AR R
R B E DO 245 v i k. TRAR L SR OCHOY 4R
FHUR FE A 28 190 245 % R AR 22 ROBE A TR BE 2R A7 1m1 055 4R
Ja 2 REAL AT AL BE B S S A B R B ER
JIE B TR BE 3 26 5 1 AR A AR B 4 2R X =R S0
S B B SR A BRI 37 1 ] T R B A e ) A
BELGE T 3XANJ7 ) 0 A B S AR TR 2 B T AT
AL TT .

5 3.2 W RS I ERLL B A AT R
20 BE B9 AR . SCER[104 142
BT AE SR R AL B LA L 3K S I 2R S A E R TR
FEARTHPANAT 55 19 5 . 2 TR B B 518 U An 2
() (%) 5 48— 35V 38 2 1 S0 ) AR B2 AR R Z 18] A
AR B SR AT RO TR EE A TR LAy EIME
5515 N R W BHE S L R I 2

1, < N
L:N( Z(logd,.—logd( )E) —

N
L3 logP 1)) (12)
eXp(ZI‘,[’ )
PUH) =" (13)
2 exp(z,,/l )
!

Horb 17 RO BT AR 130 TO /4 18 U
2 sexp ey ) RN TR SO R A St AL ATT o $2 1
T AR F A AL A7 B 78 LA 5 0 TR 40 . SCik[104 ]
Pt AR U2 5 1 BE AL 3 15 R TE 1 S 53 1 28 ) B 1
I A TSR AR 25, O T D IX A4S [R] A8, Mousavian
S NEOO 1 S 43 RN UR BE AL T 4%k 5w 2
fiE » P s 32 3 (99 1 25 07 2045 ) 1Ak T R B A
RORBEAF AR O 1 (4G B 5 B RE98 S 4r s 5| =
BRI G, X 556 N0 75 s 31 3 5% 14 Bl AL 425 452 700 1)
FAl ERIAT S B )T A 1 5RO Ny
fiE 22 1] 19 5 2 4.

5% AT BE LA AL R S, — S 5T o 22 il ]
525 BRI 2 A0 A 45 1Y 58 Il R B ARG A AT 55, STk
[107-108 173 54 ti 1 {5 FH ik 5 375 Bl AL AR Ak 4 TH IR
JE Ak 125 5 0 VR BE 1Y T k.

ZATHEAL S 1E AT 55 R B R AT B gl A F)
WA U AR T ASHE 18508, 2L TAE R
A SCHRL109-113 ] 38 3 S 4, ] DLA5 3 3 F 45 1 fifl
BL 0 J5 5 1 4 R B < 1 S SCHRL 101 14 i 17 AR
T3 3 ORSCHRL102 I3 M A ] B8 52 2 i 45 4, S
BkL104-106 1 T B AL F 51 A Z 8 B 45 5 STk
[107-108 ]2 32X ff FH G Al 286 L 4% 14 BB HIL 373 1) O 125 %
W AT Ak,

R AL T 5 LB Rk S — Rl LT 2t A Y
g Jr i B JLAE B T i 7 b
3.6 FEREMANIMEZNTE

A 35 BT B 2% (Generative Adversarial Net-
works, GAN) J& 52 555 Al /R K2 ) Goodfellow % A
F 2014 AR —Fh AR OB RS R Z R SR T
WL B AT T2 0 5 5T

T 4Ca) A Bl 20X 30 P 45 B A= B 7 (Generator)
553 51 2% ( Discriminator) 28 i, » 75 Y1l 25 1 72 o3l 1t
L2 Rt L A v R R G B s B S B
FIAFAE S AR A AR A R SR 50 FOR A T2 W RE
AR S by A4 B 3T L S B30 10 AR 0 ) 4 G 12 IX
A R R R S B SR R B R B SR
P o o A U A BRI BE A DI 2 e A o ) p Ak
HAR Al LIE ARG R I
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(a) GAN fystAtEzE ™

(b) T FGAN 2 B IR A HAEZR"

Co) R B I O RE 2

P4 ol A X T 0 4 5 15 ) S A HE 2

arggnin arggnaxE,.Npm LlogD(2) J+E; _p,, [logD(2) ]
14

T PBEAG TE A AR B b2 R AR AT 55 R Ut
Jung % ANORE A R 3O P 4% 25 A 51 AR BE A
THAUEL A B U RGB MR A o0t iz iy 98 B2 14
53] S ) T P P R A Ay LSRR AR R A
4(b).

PASCHRLTT4 D82 0 i B A 240 Sy Bl 772 A2 T 2
T Y 4 A R T R 2% B AT ) 12 A P AR TR
i858, A MR A (T HE B 1 A2 i e
M 2% (Stacked GAN) fy 3Cifik [ 116 ] CJC Wi B . fH 4 it
HATE]SEARD L flf 2% 18 A= L% B I 4% (Conditional
GAN) i SCHRL117-118 145 At AT HE M AHESE 5 1 4 (b)
FEARL o HR I A TR B A T A T IR A ] R

BT A LR BT I 28 1 Ty 1 Y T SR R
A ) BAARER (] A [ R 5 ROk e Ak Sy — A TR R
G e 80 S T AR A A i XX e I 4% 1) T K A i R
52 BUTR L LA T 3k T A =0 Bt 09 2% 1 O 12— A
E R RA G AR EWSCR. H2 A
XL 1 25 1) e TR ME 36 5 35— S A% > 45 3L 17 L 75
ME DL A 5 Y 45

AN s Az B R0 ) 48 TE Al 3 I A7 TE AN E
AR AR 22 WO 2 J7 B AN IS T — 28 5
EME ARG G

it A 1 OB I 45 16 5 — A B 2 S BT
B, BT W 2~ 0 5 B IR A T J7 R AR DI R
R i FCIRE L X AR AR ME AR AR Y, — A i e Y
Jr S8 N T AR B %4 (Synthetic Data).

{ER AR I 5 S R HE 22 TA) A A MG 22
T o A ORI I 5 ) A B A ST R AR A sk
RIFABAR 22 T 2 51 A A= 780 He kg 2% 52 )
AR S Sk ) L S B e B S R L AT AR IE H A
BCECHE I 25t i BB (937 AL BE ). Al A AL A 4
(o) i 7+ 308 5 A il e 1 0 52 T S 0000 O A I # AR
JCERAIE J3 A o SR A A KR DI 2 v A 1Y gt T LA
28 H B I ) S R R A

FRAE i S AR 0 XA 3T B8 R 1 38 B 2

] () 3% & , Atapour-Abarghouei 2 A1 42 4 T i
JEVAE B8 A= 1% 38 19 2% (Cycele GANDY 58 i Az il 4L
I 21 1 S FURAE 9 XUAK O RS o AR 2R AL el
XoF Bk 0 A B X e I 2% 2 B s 78 I 2R B I ) ) )
P LI ) ) Sl 45 2k — BorE B gk 3 ) 21 R
5% 51 SRR BEAT Y 25, U R85 B . Al ] 4 T
LS BSCHE B A RO 1 A= O B R 25 6 RGB &
BT BT R AT IR LA 1T, 7E AR |, Chen
G o EUE BAE S S i — B AT
ST R s ) TR B AR SRR 123 - 124 1 2 28 AL Ay £l
FH A AR 2R AT I 2R 0 O s

BT FREEAHELE HAl— 2B AU T A I T
PREHT Y 29 9 A X8 3 o7 A7 R 1 B 32 Tl
BRI BA W PERE A AL AL, Lopez-Rodriguez
S NP G SCAy B AT 4 2 S UM BAE
gl SRR IR A T RE ). 7E Cycle GAN 1Y
BREHESRZ |, Zhao 5 AV 85 4 VR AN AT 55 A
B JUAT 2 ot i — 20 M B BRI 2R, 32 4 T LAl
X R B A8 O R R A A . i gk — AP A TR
SOy E] A T AT 55 Chen 28 NP TR T
ZAT 55 WS LY 0, T BE— 2D 3R T TRz Ak
fEJ7. Akada 5 AU 7E SOk (129 Y S a1
— B BRGE AN 2 2] B AT AN A2 1 A JL AT R ALE

ST RS AT DA gk 0 A5 AR A I 2 B . B SR
FEWMEBENE T N2 — R =R, X
B R LT XUAR IE RS 10 5 ik R 1 H R B A R
(AIF G 7 [ A 30 2 B 25 FR AT AT AR AR 3] L A 2 T
B2 TREAN GAN FHESL, G2 & i i — 20
R S0 5 K5 TR BEAG T LT R PEAR D A0 B 3 1 B
BT 55 38 O B9 KUK I B8 O 125 2 g U s — 2B ke
JEE 1Y K B
3.7 ETHHaREGEENAE

TE S B 0 H s — S 35 A AT AR BOHR 43 5 5
WEGEE. WE S5 s, B 5 R FEELRE R, H
b 11 23 AR TR T AS R 2 46 AT LAAR A5 3] 1 38 43 R 2
F . TR B 5 (b)) R G R T g s
ETTTEHERS 0 TR BEAE L B S (O RER T B B IR
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(a)

()

5 LA T 7 3 1 1 7R )

FE B GFAE 5 R 3G B 3 50 i B 5 (D 2 0t
R B 5 () K SR TEHE R 20 i TR BE & &1 5
() RHLWERELT T RAELEEWRER,
SCOACHE P AT LAFR 1 5 ot it — X3 ) L 5 %
JE . R PR B2 00 38 4 TR AR L bl 22 9 2% ] LA X
RGB 4 B B8 B HE A7 5 1 M A 3 A< /N 478 X ik
KA 55 b Lo H A AR R LA 17 4.
FLLE 3, FRATT GG e 2 Oy Y A HE 42,
6. fE I ik A2 2 AT IR BEAN 1 2
HI 48 RGB B4R 5 3K 45 ) 38 2 31 58 I B I 0% 42
(Concatenate) 2 , X A gl AT LIKE © 81 A9 &8 7 52
WG B AZREAG . 2 EMTEXNHERM
FeflZ bR T ek B TR 2 A R O

LS URE

i ARGBE% L J TR

v
22 o 2R

6 T4 T VR R By 2 0 A A

SCHR L1 29 T2 5 7 {1 FH IR 2 27 > HE 38 58 il 1t 2
155 107 % AT I RS Y 32 205 T8 T 45 A Z ROt
ARIDUAY TR B A5 B AT TR BE A T, R 5 (D BT i ik (9
THOL AT LB 25 R i T A B SR A XK
TR /DN » TR IEE AR LTI 9 78 0 R ZEASHE S o
s RGB RGO Z P SO 2R IR TR 52 1 i 4 2 Ok
475 35 A REAS B 5 v o 1) DR 2 A 146

T SEMRIX AN R HE A AT 4R A a2 2 TR IR
(Conference Depth Map) 18 77 12 » i 1 45 & 06 #%
A RGB AHBL o LS TR BE A 1] 7 o ORAIE T % 5K [
H R EERER T DL R Z O AR BRI R
513 Z AT = W E K S RGB K4,
B NBENR A — A~ o B i T 25 205 /) 114 ol 22 I 4% 3
PR BEAL T, ZEVN R o AATTHE 119 453 2% 5 7 2R 40 2%
GhEA IRAS T VR B TR AL TR

TEHE T A0 18] 5 Co) 2 iR 52 9% B (B /Y 9% 2 Al 11
E5 i, e R M J2 Jaritz 55 AP 5 Chen
SENDAR I A k. SOk D63 R i vk B
SCHRC129 12600, Al AT T B8 A HL 4 H RGB B8 5 Fi i
TR B 1% 42 T 2 045 B 0 — N FRAE SR B 2%, OF
PRI R AR JE e e — B AT IR EAG I, O 13RI
R G R 8 A A AT T Rl Y 2% 4 R Oy
LB S BOEGR . TR At AT % 52 36 45 2R 3% W 4 7
A 1) R 42 ) S R R LK A R A )1 T DA A )
BHFRY AR O T 0 AR IR TR R e S
B A 2 TA) o A R, SCHRL 130 14 Hh 0 i i I B2 g A
A J7 T ABATTRE 2 Y B9 R B R S R S,
5 S, WA i E R AR B S 2 AR B KR O
¥ S1.S, \RGB 5 3% # 8 ok E A7 T Al 0 — 28
SRR Y J5 5 AR SCHR 131 00 25 8 4% 5 an AT 3BC 7 Bk AR
DAL THHEZR 5 2 T8 0 R A5 B A RE SR S 1 —
Fof Sl A5, 37 b b o 35 4 T BEE A L 5 B AR IR
JEAGTHHEZE . SCHR 132 0] 3E — 25 1 A 2 HOR Ak
THO7 R A PERE IR R ME A AL T A 30 % 0 B b TR
5 .

N T Z R 5545 A oK . Wang 5 R
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SR AHMEBRNE FZHIERAT 2 F B
Tl ZFP 5 75 B A A R R R R . T HL A
b, 3% 5 X BT W O 1k I S TR A B [ I
HEAT B, TR O R T AR AR AT
S5 7 R BE A T 40 SR A B R B S B0 45 - NY U AN
KITTT G 2 80 m) K 4% % b & M 719 RMSE
bR, BLAh . o NYU S 8 R A & E N,
KITTI 844 R E R =555, it At R WA T
AN I AR AR VBG4 B 3E . — 2 ikt
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Ko NHER P RATE T LRI AW E k2 XET+
NYU 2 N85 K207 it 7 NYU %4
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x4 AEBEHESE
it g5
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[38,39,41,47,51,102,135]
[49.58.72.90,116,133]
[60,63,65,66]
[26,38,46,86,135]
[43,72-75,103,122]
[39,41,51,91,92,94]
[51,66,96-99]
[49,101.107.108,116]

[103,115,116,117,118]
[122-128]
[58,63,129-133]

3o 1 BCHE I 2% 5 4 1Y 05 15

3.2 5l AHHIfE B T5 %

3.3 BCHE K BR BN 77 15
3.4 FET PRIk
3.5 AT RN 0 05 vk

3.6 FH A il Ot ) 2% 1 5 ik
3.7 T B AR B i ik

x5 BUEBAERSG

VRS A FE TR KI5 NYU KITTI
Eigen et al.[¥] 2014 HR 2 M 2% NIPS — 7.156
Eigen et al.[38) 2015 AL S HEL 1ICCV 0. 641 —
Shelhamer et al.t*6] 2015 ZAT S HELR 1ICCV — —
Liu et al.[101] 2015 CRF CVPR — 6. 986
Li et al.[103] 2015 CRF\Z T 55 HE 42 CVPR 0. 635 —
Mancini et al.t*7] 2016 4 25 T 2% IROS — 6. 863
Laina et al.[1] 2016 % 2% M 45 \ berhu i 2 3DV 0.510 —
Chen et al.[3%] 2016 rank i} 2k NIPS 0.17 —
Mayer et al,[26] 2016 AL S HELE CVPR — —
Roy et al,[108] 2016 Fiti L £ e CVPR 0. 744 —
Cao et al,[?%] 2017 RS T CSV 0. 688 6.209
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ViR’S LAY F BTk P NYU KITTI
Jung et al,[115] 2017 Conditional GAN ICIP 0.527 —
Liao et al.[129] 2017 2R B IR R D A A A ICRA — —
Fu et al.lo! 2018 ASPP\H a5 CVPR 0. 509 2.727
He et al.[*3] 2018 DenseNet\ £ i 4 it TIP 0.572 4.014
Li et al.[*%] 2018 231 45 A\ CRF PR 0. 505 4. 687
Liu et al,[7%] 2018 fif B T 45\ 24T S5 HE 2R T NNL 0.628 —
Xu et al.[73] 2018 ZAT S HELR ECCV 0.792 —
Chen et al,[130] 2018 i 88 % b 4 7 ECCV — —
Atapour et al,[120] 2018 e BB T CVPR 0.318 4.726
Jaritz et al.[63] 2018 i R BE B AN 2\ 2 AT 55 3DV — 0.917
Ye et al.[74] 2019 ZAT S5 HELR\ 5 19 2% CVPR 0. 687 —
Chang et al.[86] 2019 TR EE 62 Iccv 0.433 1. 928
Chen et al.[?0] 2019 LSTM PLES A — 4.933
Chen et al.[122] 2019 A B I 2R\ 24T 45 HE R IcCv — —
Wang et al,[133] 2019 B Ae B O 2 D A A ICRA 0. 159 2. 975
Eldesokey et al.[135] 2020 NCNN\ #1558 CVPR 0.135 1. 237
Xian et al.[9*] 2020 L5 5] 1Y rank 126 CVPR — —
Ramamonjisoa et al.[107] 2020 TR CVPR 0.352 —
Xia et al.[58] 2020 Gt — BB AN AT 55 CVPR — —
Wang et al,[?!] 2020 SIS TR AN 2 HE 4L ECCV 0.493 —
Lee et al.[92] 2020 ZIZ AR ECCV 0. 430 —
Huynh et al.[97] 2020 IR L ECCV 0.412 —
Wang et al.[113] 2021 BB \CRF MILC — —
Guizilini et al.['3! 2021 Tl AR B A4 CVPR — 0. 909
Imran et al.[132] 2021 RV G TR B b4 U v CVPR 0. 092 0. 840
Bhat et al. (SoTA)L66) 2021 #45 X [A] \ transformer CVPR 0. 364 2. 360
Saha et al.[9%] 2021 85 Bl SRR BE 56 BI85 1] CVPR — —
Lee et al.[?%) 2021 PR A P IR B R R O 3 CVPR 0. 104 0. 867
Ranftl et al.[6%] 2021 Transformer ¥ ff Arxiv 0. 357 2.573
Akada et al.[128] 2021 Bl AXF Ll 2 > #3547 38068 R Arxiv — 5.498
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Wofk et al.l#7 5.6 178 0.604  NYU  fUHE
Zhou et al.[139] 19 52 6. 856 KITTI W
Yin et al.[158] 19 52 5.857 KITTI KW
Wang et al.[11%] 18 55 5.583  KITTI L&
Godard et al.[137] 16 63 5.927 KITTI  TCWE
Casser et all1] 19 52 4.750 KITTI KU
Godard et all19) 16 63 4.863 KITTI FTWE
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[136,137,174,175
[55-57.117,118,139-141,143-149,151,153,154,158-166.168,172,173,176-181]

H T ] i BRI O 1%
T WL ALY T 1k

[140,141,143.144,146-148]
[55,56,116,117,144,149,151,154,155]

Ak 5 CIUNG RN WiRS [55,56,117,146-148.,154,155,158-166,181]
57 1 A= % B R 4 B [56,116,117,155,168,172,173]
T[] S I 5 25 i R O vk [57,134,167]
x8 TUEEBFERLG

ik & A ESE N KR KITTI
Garg et al.[136] 2016 i IG5 I 25 1) 35k A HE 22 ECCV 5. 285
Godard et al.[137] 2017 Bl AL — Bk ICCV 5.093
Zhou et al,[13%] 2017 {5 A A3 )11 S 1) ik AR A 1ccv 6.709
Yang et al.[152] 2018 PR 1 VR B o 4% 438 3¢ -
Mahjourian et al,[141] 2018 LA - RPN IR SR CVPR 5.912
Wang et al.[119] 2018 L U CVPR 5.583
Zhan et al.[154] 2018 A e LA CVPR 5. 585
Yin et al.[158] 2018 ZAT S HESR CVPR 5. 857
Zou et al.[199] 2018 LA 55 HEHL ECCV —
Kumar et al.[168] 2018 GAN ECCV 4.756
Ma et al.[178] 2019 Bk 2 T 4 5 INRUBRITT ML R 40 4.797
Godard et al.[110] 2019 5 /NTE RIS LR A ICCV 4. 863
Bian et al.[113] 2019 B % P s NIPS 5. 439
Wang et al.[114] 2019 AN S A RS 40 ICRA 4. 290
Wang et al.[147] 2019 LA S5 HER B L5 AR T CVPR 3. 404
Li et al.[56] 2019 A W AT .GAN,LSTM ICCV 5. 564
Almalioglu et al.[155] 2019 A SE R .GAN ICRA 5. 448
Wang et al.[5%] 2019 A LSE LR . RNN CVPR -
Feng et al.[116] 2019 A e B3 | stacked GAN RAL 4.003
Casser et al [166] 2019 5l AMIRIZEhEE AAAT 4. 750
Chen et al.[165] 2019 ML Sk 1T 1 24T 55 fE 4L Iccv 1.743
Zhao et al.[171] 2020 FRAE 4 718 WOt 5ot Tk 5. 331
Ding et al.[177] 2020 et D=1 5.562
Wang et al.[116] 2020 AT 55 HE B AWK - 24 17 448 it ArXiv 5.255
Zhao et al.[18] 2020 R — 3 . masked GAN ArXiv 5.536
Dai et al.[151] 2020 ORB-SLAM B 5 Ve T R 6. 432
Hur et al.[160] 2020 AT S HELR ArXiv 4. 877
Guizilini et al.[181] 2020 {1 38 X4 #0555 S IR BE A ArXiv 4. 381
Guizilini et al.[161] 2020 PackNet. 5| A Bf i 3£ JiF CVPR 4. 601
Wang et al.[1%% 2020 i G S48 B9 S IR B Al 1 TR T AR 5 R 5.198
Liu et al.[162] 2020 o AR 6 05 51 S IR BE A 1 -+ 3¢ -
Cen et al.[179] 2020 CIDN S e =kl il IR Tl K 2E AR 4.731
Zhang et al.[37] 2020 TCA D IR AT CVPR 5. 658
Johnston et al.[180] 2020 WAL NN &= CVPR 4.699
Klingner et al.[16%] 2020 15 U E ECCV 4.693
Vankadari et al.[72] 2020 (6] R T A ECCV —
Cheng et al.[178] 2020 i fE B ST ECCV 4. 981
Liu et al.[167] 2020 T W 45 ISPRS 5. 264
Zhang et al.[57) 2020 TEL ¢ > CVPR 0. 867
Watson et al.[176] 2021 it 17 R B A CVPR 4. 261
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Background

Depth estimation plays a crucial role in scene perception
and understanding, which aims to predict distances between
camera and real-world pixels from single or multiple images. It
is a popular research field in computer vision, applying as an
important step in many practical tasks such as 3D reconstruc-
tion. In recent years, depth estimation methods have drawn
increasing attention and intensive research as a low-level vision
task. Traditional methods use lidar to obtain high-precision
depth information but cannot be widely used in practice due
to the high cost of obtaining dense and accurate depth maps.
In contrast, image-based depth estimation methods directly
estimate depth based on input RGB images without expensive

equipment, yielding more favor in applications.
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In this paper, we aim to do a comprehensive survey

about deep-learning based monocular depth estimation
methods. There are few overviews having been conducted.
However, most of them are out of date or vaguely in classifi-
cation. In this paper, we elaborately summarize all kinds of
methods in detail and classify the methods by the training
manner, which is more clear and easy for readers to under-
stand. Moreover, we also analyse the progress of monocular
depth estimation and propose some of the most important
problems and challenges in this field, hoping to enlight readers
for further research. We hope this paper can help readers dig
into this field easier, and further push forward the develop-

ment of this area.





