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Abstract

Deep learning performs well in monocular depth estimation tasks, estimating the depth of an im-
age by learning the mapping relationship between a single image and a depth image. However, the
current research on monocular depth estimation only focuses on natural images. When it is applied
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to unnatural images, such as painting images, they have low texture, sharp cutting edges, and rela-
tively few smooth transitions. In depth estimation, the layering of different objects before and after
is not obvious, and the depth of the same object is inconsistent. Based on such images, this paper de-
signs a refined monocular depth estimation network RefineDepth, consisting of a monocular depth
estimation module and a RGB image-guided refinement module to improve the above problems.
Meanwhile, due to the lack of corresponding depth information in the painting image, we render im-
ages in a cartoon style of 3D scenes to simulate the way of painting unnatural images to make two
painting image datasets SSMO and SU3D, and build a real landscape painting test set. The experi-
mental results show that the model has achieved excellent results on the tested datasets. Finally, the
painting image is rendered based on the depth image, and the three-dimensional effect is dynam-
ically synthesized.
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1. 5|

B VR, AR S ARMHIL, BRI SRR R IE T SO B SN TR BT W 3D M
LU TG RS, R SLARAGIE AT DUR R T 5 A8 m SR, b i i 744 A P 4 ke 5 B0 B8
M E AR . B B SIARA SEI T O 88 42 B4R 5 . M4 5a 54 3% (Neural Radiance Field, NeRF) [2]4,
Hodb i H R FE A% 1 (Monocular Depth Estimation, MDE)-2 M 5 G A 1 B, 38 i 35000~ 1 G 4
AME R IR ARSI P T B SLAR 35 . AR TN EANE RAEGMWEL 7, B MR ERA, B
HRIWA ERMIRES ), #AET BARIE.

FEEAER, T TeflfemEg, AR T @R 5 BT E R SR B, A R B R T
FLYME(Ground Truth, GT). [FIRF, ZrEEEAEE RAEFRSEL, YIIABHR]. TP s &R s, a0
PRI T B AR MG AR R TR BRI, AR 2 IR FE A T AT B AS R R I B USR8, LU ] —
Potd b IR AN — B )

BRI i), ARSCHREH T — AN E E AR MR 5T Transformer 45 [3]1161 5 H IR BEAG T4 . 1
de, AN IR B T L A T I RREE A A, AT s IR R Bk, R AL
5IN7T RGB E14&45 S5 411k (RGB-Guided Refinement, RGR)f5H, it 5 #f iy ¥k 52 751 P fiti vt A v e
RIVSIRFNLGE . FIH R EWE TR S, AR EE R T B SHE/E  H AR TS 404k, 39 I0vR B
PIATTE 7, DAERTH AR R . ok, A8 2R TR EUE VE 44 (Depth Image Based Rendering, DIBR)#;
R[4 S IR G R P AR 28 P38 i A e R SO IS, SE IR MR I B A B e

X T2 ER T RS R S, ASAEAE AT DB 1 o RGBSR B [ T4
FEMTH L SE, A REFINELHIRE, WRKEANNIW . XX —RE, AR =450F
TR AR T A5 B 1 GRS 2 | 2 R B AR G, DL serh B IR FE AR B E IR FEAE SR v I il 4
TS . BARLE I 5 o)X Se R 5 P R AR UGN B R BE B DG 2, SR il T 0 MR FRIVR
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flo [, ASCr i 1A 2 0 KRR U . SEIR S5 R, B4 Bik
B VW EAR

2. XTE

B E IR A TR 5@ W AR R BIRE[5]. T R R [6]155 B R EEAT 1B . RTT, SX 8 b iR 2 #08 H
FHREEM LR, HIEE R AR, Sk, BETENAERERE, =Y 72T TR
REIRERL, 540 R A AR AE AR 4 (Scale-Invariant Feature Transform, SIFT) [7]. 2&f:BfiHL3%(Conditional
Random Field, CRF) [8]411 & /R 7] KB WL 1% (Markov Random Field, MRF) [9], R iX £6 4% Gt AL 5% 2 =) J71%
P H AR T EURSORE R, TRINSS R = A % .

FEVRFE A EImMEZEh, B R4 M 2% (Convolutional Neural Networks, CNN) ] PL H B £ 7R3
SRR BE 7S [BRHE, AEA—MRTm Mg, S&5 075G, e DU A 1 2 400 R] I BUR B2 RRAE A
AR, R O BEGORIR BE ER R lS O0 FR RN GRAE Y, SB e i, Bt S m] ol i B 3R A5 4%
RUERRIIRE B . Eigen 25 AN [10] 85 XA CNN SRACEE B H R Al 1. e bFEat -, Wang 25 A[11]5H
T 2 R R RN SRR AR A T R R FE TR . J5 oK, Godard 5 A [12]42 H ST X H EUE H T il &
B PRPEAS TR LS, Gl A T H S 2 AR H BHE A X E g, ARRIE SR H EE, JF HAES
I BSOS () S7AR AR AN SLARKAR AT LS B B IR FE Al TH B I 25 . filt, Transformer 4% DL 58K )
PEREAETT FHUALSE AR B T 32 %k, b s s IR AL Th . Yang %5 A [13]3did 5 ¢ FE 7 i 2 Ak
AL Transformer (Vision Transformer, ViT), i % Transformer £k Fi#hfE 8, LARAEH—AMER R
TS al G Z JURHE. Bhat &8 A\[14]14 Hi& M A SR M A T KRR AL, I HAE MRS 2% 2 J5 LA
B HERARN . Ranftl 25 A [15] 5 SE TR0 1) 1 Bt R, 454 Transformer, I FH R RUASE 170 20 B4 (1 185
Bl 42 7 AT AR, 765 H PR FE AR TR AR R0 . DA b X S Bk B A T B AR MR IR L A o
FEE B R BUE B RO AN AE i

EEXTEUR RGN IR, 2 BUIR 5 ST I 45 e PR B AR TN SK SE 3. RefineNet W 45[16], FIHAFEE
RFIER 58 BB S . Faad A 72, A AP I RRAE SR A il s 7 HE R R . Zhang 58 A [17]3EF4%
BT 21 PO B AN 55, R EANB BO — AME 55 1B B, RGOSR 440 73— AME % IIHFIE . Zhou
SEF[18]3E I 7y B AT 55 R AR S5 AR, 5838 TR BRI A, TSR EUE B o A2 5B (1 240 15 Pk 52 7 7
H1, Hu S5 N[19]FIH T Fre i s, DIHERCAIR S, il Rk 4ii it T 2/ = R .

3. HENE

RefineDepth 171 f— > 8 H 1R B At H R H (MDE module) LA & —> RGB K14 45 S kS 40 AL (RGR
module) H B 2R (] 1), dRJ5, it DIBR, K )5t AN SRAG ) fs 2608 B2 Ve e 3D AR EIR . B H IR
FEMG TR, 57 57 MR 6.2 0 P45 A ik TR 58 5 000 RS FRIIR P2 6] RGB BB R T RS A AR, DA
JE4 1t RGB i EURAE N Ta T, K RS (1 R B RS AP AR B, D 52 o0 %2 () MR IR FE YT, 3RAS S U (R
FEMGTERUR

B EHRBEMATER(E 2): RIEKE DPT, ASCNFHIREMGTHRIA, SRR TEHEA VIT 4504
ViT-base FlEAN ki i 4% B A R SC L5 H IR FEAS TF 10 n] Be 1 o ZEACAL e N\ 5t IEE 2 %10 16 x 16 1)
AT PR H /16 xW /16 , H W g RGB K4 IR i Al 5 o i 1X et 22 1 R R SR HURAS 2 H /16 xW /16
A1 x 11 768 4Ebric, X EIBEIN T —AMSL bR e, HT RS UL EARCEE S N — AR BEG g =
PFERTE . HT AR ICRELEE K TR AR R R EE, Xyl Lse s 2 S R BEE B . Sibr b,
B N TR BR A IE A2 DU 3R ARG B B (R RAAE R AT AT AE ViT-base $ HURE B ol X B8 510 3% AN 7E
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ImageNet [20]_EFill Zhid A 5 Transformer Ho 7E W28 il B 7 12 |21 Transformer, J:7E54{3, 6, 9, 12}
JERINT — A3, AR BB RRAE 2R 26 N\ 4H (Recast) i .

Depth 3D

Figure 1. Overall framework of RefineDepth model
1. RefineDepth R A EE (K HE[E]

XEERHER B AP ATA S, FERPEGMEGE R S, XERHT CNN A, (REA
[FIR B (¥ Transformer (RFAEZRIE, TR EAA FIFERE RO BUGAHTS, LCTEGF MU fh TH7 SR FE . X SURFIE RIS
A LA J5 B AR AN il & JURE .

FEE ARG, KRE (H/16xW /16 +1)x D /BT B RE A H/16xW /16 xD (D Jybric KI4E )
RIE R XL hrid Aok, MREANRHMERIEN R —N R, PR R I e — NMRHIER A, X ™
A2 T R AVRAAE BEE — ST EMR ORI RS s PR RFIER IR 2 — A 1 x 1 BRI B 256 4E/)
Fla . BRIz A, BT —AMHER, ERNESERRE E—-ZEASMANRER R REZ
HERMRHERIL s F1 E—A B EATUE NN, ERZ 5 ELE BRI, FE0 Bl
g REAT 2 £ FoREE, B LI N TRE S IURHE, B8 R ot N R — 1 R IE R b 5t BIR
J% ¥ 4 (Depth Reconstruction) sk rh . SRR Hl — AN FRFEEEIG SCERRAL R, i R RS
RGB J5 K A R EZ[RI4ESE .

Feature
Extraction

Depth Prediction

Recast ma Recast

Figure 2. MDE module
2. MDE #&i#

RGB BB FHREAMEIR(E 3): /5 HIREEAS TH A TR FERIN g, BT 350h B ia %
SRR NS, R R AR IR B AT A — 3, REBORE NS, 2EEE, BT
HARI B SR BRI YA P, AR T B ARGk UL, R O S AN S A (E BT R
L P S5 B AR AT, TR AS SEINHERR I 50k B . DRI, 3R RN RGB R EI1E /RS,
I IR B SR I T 3, FEIR R GRS AL IR o R b S L AT

MR 2, 5 — 70 & RGB JR IS, ¥ IS BIKEENZ G4 id —A 3 x 3 B RIRHE
B, FRRRFE NS 2R s 58 8o, werh 17— B B0 I [ A R RAE I 4 kRS At 1]
BT, SRR T W EHR E AR S, R . ARSUEH Wang 55 A [21]32 1 5k 22 5% 5 Bk
(Residualin Residual Dense Block, RRDB) K44 i /4% . 2% Hi 3t 24 4~ RRDB B, 43Jjl#E% 5. 10, 15.
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20 NHUSTHDN_EAN P SCRIRHERR G, IR R IEE N A eh . RERERHMERE R, BARcRUL ek
XARHEAFERER, SA)5H 55— RRDB HURIH S5 Rk 5 g 5 44 1) SR A4F1IE

e wa (X X ] —a> 00 ——> LA X e

RRDB Block
RRDB Block
Conv
RRDB Block
Restored Image

Depth Prediction

RGB

Conv

Figure 3. RGR module
3. RGR &k

4. BUREHIE

SSMO (Shot on Super Mario Odyssey) B3R (E 4): AT GHIZ T H B A ZE) X F*k ik
T 13 R, AHEVDBI. BRI S IR A CEAN RIS S DA TR A A O S R i
Bl 2R LA BT N7 R 3 %t R P PR TR 3k 1344 %, S HEE 9 1280 x 720 185, N T AR
i R SI80R, R TP A, SFE IR T AN [R5 5 o Rk R B R 1 X

Figure 4. SSMO dataset (from left to right): RGB, manga, corresponding GT depth, line draft
[ 4. SSMO #iE&E R I(MZEIAR): RGB. BE. XK GT RE. %&in
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SU3D (Shot on Unity3D)¥t# 4 (& 5): A SCHIA Unity3D M T KB =4 AR T —&
HUEMIREERERS, MHZRGRELIEE. 5MNELYSh REREEIEMLL, ZHERA5
THE, 5TRE. BB, BRATRAGEZMR A RIEHEEAFERWY 5, Bl
WA R SRTSITH . B, BRSNS, [FR, ol CUEEEARNLAE, MR AR5, 8
SR AR AT S I OO, AN [P 3 55 o SREBCK B0 I (2K 5080 - 7 2 e v mT DURRRE 75 ZEE B 55t
ES s POV ARNLISATPIE . BRI, DARE IO [E] (AR B S A AT 40 4%, DAE3REL RGB
B, [E, iR EA, MEiFmst. PUERMMA)E, eI RGB B, %0l g et
BENR AR IR H AR, BInT15 3] RGB B 6 Mt SR B I o EAR S SEGH, AR
T RGB MG RNV % 3% 1000 5, FEUE 53R M 640 x 480 153 1EInE 1, ARSCHGEET 10 4N E
PR T B R X REE, R SR AR ATIE . 2 B H AR 255 . 5 R4 SSMO Hidls &2 HH 4L,
ARSCAERAE SU3D Hdi 42 1 B2 TR EEAT 7 05 (1P

N T IRA S AT A 22 B LRI RCR, DUIRIEIZ (MR R DL, ASCUREE T 165 Fk mi{ i il
PE T KA ( 6), EME 1% 1280 x 720 4% .

Bribz A, ASCREH T HAAEIE NYUv2 i 5E[22]35 1449 5k, #HF% K 640 x 480 4%, BHEE
HOTHT FL SRR A GT, DA A ST B E B SR IR R I

Figure 5. (a) The maininterface of the track camera depth map acquisition system; (b) Example of indoor scene
tracks; (c) Examples of a SU3D dataset: the first and third columns are the original image, and the second and fourth
columns are the corresponding GT depth

E 5. (a) FLUEBHNAEERERZERAE; (b) ERNHRPUERA]; (c) SUD HIRERAI: 5 1.3 7 AFRE,
E 2. 45T AN AR GT IRE
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Figure 6. Painting image test set
6. LREEHRNIRE

5. SCLE
5.1. #&E)IL

T 5 H R Al T RORS 404 S5 AR P AT 4 BAR AR SL, Sh T SE RIS, AR SCK AN E S TR
Yk B J7 AT SSMO A1 SU3D HEAEIR A, HAORE 70%MEHEEIENIIZE, 10%/ER5IESE, H
R 20%1E Sy IR LE .

76 DPT 1, fE#H CIRAE, 78 KBS EE S ARG VIT B Bh T4 4 22 2166, IRk
EEZ I ImageNet TYIZR VIT 1E 3 atbe v FHAE M 48 B, BT 3R BRSO SR BR £ BoR X
Al PRz R A AT ZREE BRI . A ST B R OK /)N batch_size 79 8, {8 2 AMAE IR
O HSAUAS [F] (1) 2 2] FOR NGRS . BARSRE, A SO AR S O SR BB RIS 28 MR ZRI 28, T )
—AMRAGEE Oy KB . X T O, ASSCAH A Adam [23]4846 88, 2#>1% K3 x107° W T 0y, AC[EREE
FI Adam, 2] FBEE N 1 x 107, 7£ 300 /> epoch FFiIIZRASC REAL . S T 5 H G BE Al R G, ek
BB AA R, A SO SN BUR AT 50%BEL K- B4 . 30% Pt LB F1 20%BE AL Ie # (5 K A B 10
FEYHEATHCHR G5, BGOSR SIREAR AR, DRI 1 S

RGB #5 S MG 4L, AR SCAEF H T PERR BT Y RRDB 3, R SN SR e dtAT iR 4K, JF
8 L1 loss YIRS o B T4 N\ G B br R ER 2 [F) 73 E 28, AR SOK X 1 & #R #3528 64 x 64, batchsize
BEE N 8 BN, TN ZR T ) PSNR BRI S HYIA A it . S RYIERE N 2 x 107, &
IR x 1077, ARt 2.5 x 10* OB EENR 2 £, %A 1.0 x 10° RS . AL Adam i g%, L E
N0, FEHISEp BEE N 0.9, FFIEAR 1000 WK Hd .

B Il Zrid R E Windows 11 RS #5411 12 GB NVIDIARTX 3060 A1 2.5 GH zInteli7-11700 CPU
5ER, 1E Pytorch-GPU 11.6.0 #1355 N ff ] Python 3.6 SZ3L 1B,

5.2. ER5HR

5.2.1. ELERHESE L ELE

NTHATEMMIS L, RATEASCHEERS CNN v EF M %1 Monodepth2 (mono) Fl LA
Transformer AE T, 7E45 H BRI TR €A1 DPT. GCN MZSHRY, (EACHE H 1) 4 1m 14
BEIEEE PSR E FIR DA T X B, PRBILAT 3 AR AL 1 2 2] e

1. 24T 5B 3. A AT RN FIRE AL AE SSMO Kl 2E . SU3D K 45 T 45 Sxt (1 7). FRATTE
%<3, monodepth2 Hi -4 1 T 2% B OCVE TR R BB AR TN 55, 1B Sl vt T BHR SO AT 4R L
#, HEERRIAEE M, GCN F DPT B Transformer 2252 T+ 1 %t B 1) 4 R 1 R0 S S0 B4 1 1)
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4R, (H R4 i GO PO T D 1 5, TEAS T S L R B IR — B . MERT SO
MO RLIG &, AN SCHR H ARSI RS AT DL JEE P mp 25 38 B e (0 R B4 5 0 5 A M VK 52 TR P MR Y SO AL 2545
B, I I 21 Afl R 3% S TR T

eAh, % monodepth2. GCN F1 DPT fE £z i G Kt S U1 Zimi Al 25 5 i 3 o AT 7 0 bl (&
8). TEVRFEAN I A ey 4 B b 3 Rl SR/ M 3 TE, BT UUE A SSIM X — e b (BB B KRR
PRI M T S S X HEBR G AT BAL (R 1) FTRUEH, fEASCSE BUEEHRE LG s, AR
RS 225 ) 3 5 () FRUI B 1 R $2 T

Input

Figure 7. Performance of different models after training on the painting dataset

E 7. FRIRR L EHIEE D)IZGERRM

Mono retrained Mono

Figure 8. Comparison of different models on the painting dataset after training and before training

E 8. TEMRAE L E RIS LIIGESUIZRIR L

Table 1. Average SSIM metrics of different models on the painting dataset
= 1. TRREELERIESE LAYT SSIM 545

Retrained Retrained Retrained
Mono mono GCN GCN DPT DPT Ours
SSMO & SU3D 0.60 0.65 0.63 0.70 0.66 0.71 0.92

DOI: 10.12677/csa.2023.134070 715 HEHLUREE 5 R


https://doi.org/10.12677/csa.2023.134070

R, BRI

FETHRESER T, ARSCRE T RGB 183 AAF4IL(RGR)FEHAE IR LA vh A I/ FH (] 9). [RIFELL SSIM
TESdabR, 23 AT SR AL BT FRE A0 AL 5 1 45 R . LIRS a010 5 UGRS3 A A R EE 4 T, SSIM
(At MRS ARG AT ) 0.70 $2TH SRS 40405 11 0.9,

Figure 9. Visual comparison of images before and after the RGR module: (a) before passing through the
RGR module; (b) after passing through the RGR module

[ 9. RGR #HERHATFEIGEMXTLL: (a) £33 RGR #RAT; (b) £33 RGR #EiRfE

5.2.2. FELLZKE A & L3 EL ek

ARSCAE LK R A IR T 7 4 G o 4R b SR I 45 A BB A T 4G SR () 10), JFHEYS
B EHIGRRBAGEAT X (&) 1) S5 RFRI, A SCIRLTE I Ath 2 i AR F A0 SR T LA 47 b A 7R
Ik B IR MG SO L A5 R, WER TR SRR . AR, A SO A 2 m s SR A IR AR
K& b B IR iz At

Input Mono GCN DPT Ours

Figure 10. Comparison results of different models on the landscape painting test set
10. AEMEEIFE LK B 88 3T EE 45 5R
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Mono retrained Mono GCN retrained GCN DPT retralned DPT Ours

Figure 11. Comparison of different models on the landscape painting test set after training and before training

11. FRIERE KB EINGE SIIGRIRT

5.2.3. ZFEREGR LHAREE

N T MRASCBRAE FAR B B RREL, R BEIAE NY U2 Bl 4k BRI ORI (14 12). 45 R &
s AEEARER AT DRAS HO i i S AR LA THE R, DK SSIM Ty 0.88, Ui B A SR AE [
REE EABRERIF IR R A T, AR .

Figure 12. The effect of model in this paper on the NYUv2 dataset: (a) original image; (b) depth estimation image; (c) GT
12. ASRBITE NYUV2 BiiRE ERIR: (a) RE; (b) REMITE; () GT

Figure 13. Dynamic effect display: (a) RGB image; (b) depth image; (c) red and blue image
13. BIEMRRR: (Q RGBEl; (b) REE; (c) 4k
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5.2.4. &£F DIBR MBS REIE

)5, FIH DIBR A, ¥ RGB 5 A SCHRLA TH IR B BT h AR I, Ok R BRI L AL 45
Fo HFXERNGEERSIEBR, A FHRE BT XU warp BERALA, SKELGWE, @A
F L B A AN 2 R RIS, 2L B s (] 13). ARSORERY & sl S mT i 28 R v 18] b 40 06 A
R, VLAY e I IEAT BN & AT 5SS, ARSI UG ) UK R -

6. B&

ACHE Y RefineDepth 45 3k 2% 3] A AR MG AE 5 H ERFEAG U1 A3 I, AR 22 i UG I e A BB
T T RGB 455 (R 4 AL B 5 H AR BEAG TF 10 45 AT 5 b3 . SEIG s AR, 5L HIRE
TR L, A B R e 4 i BAS 3 T S AR AN 4 R — BT, £3d DIBR ZJE, A&
SCH TN &5 AL T ARG P UG SRR [FIR, ARSI AR AR RIS T AR L. Btk
ZAh, WA HNE P2 BB AR, BFELEHHE S SSMO Al SU3D DL LK IREE, B T B H IR
TS 24, IR AT AN T R IE RS . DSk 5458, BAA RS HANME . SEARRUR BRI
54 A JFE W https://github.com/PapillonY u/Depth-Estimation-and-Dynamic-Synthesis..
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