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Abstract

To address the issue of insufficient depiction of complex scene geometry in monocular self-
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supervised depth estimation due to the lack of accurate ground truth depth, this paper proposes a
GATDepth model based on the existing monocular depth estimation framework using Graph Convo-
lutional Networks (GCN). The Graph Attention Network (GAT) mechanism is introduced into the
model. By adopting graph attention modules in the decoder stage, the model can adaptively assign
different weights to adjacent nodes, thereby more finely preserving the geometric topology and dis-
continuities in the scene. The DepthNet encoder extracts multi-level visual features using CNNs,
while the decoder combines transposed convolutional upsampling and GAT modules to fuse node
features. The model is trained in a self-supervised manner through multiple losses such as photo-
metric, reprojection, and smoothness losses between the target image and the reconstructed image.
The model achieves excellent depth estimation performance on datasets such as KITT]I, especially
in key areas such as distant objects and object edges. Experimental results show that the proposed
method not only better captures key geometric information of the scene while ensuring network
efficiency, but also obtains reliable and fine depth predictions even in the absence of high-quality
ground truth depth.
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1. 53|
1.1, #R

TEN TGRSR, TR S ST AR R FE AN THRD B I B TN ST 25 R A T SRR B, 2 M
T BSR40 1] (21 R IR s Tl [3]. Horr, B IREEAS vF el R AR 5 B SBHRHERT S 5
JUE S, A — DR AR T i . A TS S AR 5 77, B B IR A TR IR B
ZREGIE IS TG R IR 2 HAENLEO Tk, AT ERA SE m i RE . SR, ARl AE sk = AE R [ S AH
IREE RIS DL IR AT 2 — KBk k.

LT B H R BEAL TR 2 SR B B 22 21 U7 [4], 75 0 A & 51 1) 2D/3D WO IS (LIDAR) KA £ 4,
B FH T SO T A0, 5] B G v o R B SR B o X VR I R PRVEAE TR BUAE ORI, =i
R v U I A R AR A SO RUEER S, BB R H IR AT R IE A, XTI
IS LU H AR S S R R B A 45 S 2 ok R I B S, S 1Ok T SRR B ) AR . Y
My, 2838 T AR I SRS RN THR BE RIS, FEAE ISR 72 v e MG IR s 21 H bRt B )
fEEEIRE .

BN Z IR AT LR, T BRI E 4% (Convolutional Neural Network)# H W B FE A 11 HE 85 B
B4 NHERIZER, 2 CNN AR 2L RSk (Euclidean domain)_ b FI#/E, X FERBHESRFEREE
UG HIAESS, CNN BJs R GG B Ak, JUTIREE 22 S SR F 2 1 R E T B RM Z4%
(Graph Convolutional Network, GCN)&# 772, ik M 28 B8 b FEAERR J L LA I 258, WA 7RIS )L
I AR RE 77 o ISR TAE CUERH, K GCN FH TR FEAS v v DUSE S s 4k 3 3 s WD AR TR R 3R 08 &
I H T UAATHRFAE o

SR, AESRBRN A, FRAERT A 485 RUZERMIEAL 3R I () S ZEVEAH R . B3R ) 2% (Graph Attention
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Network, GAT) [6](9H 8L, A FIHUR R A5 B A ARG T S 0% . B AEBUAMI7 R, GAT g T2 3]
PPV R 9 R BOK R 5 0 e 15 S OB IR, 7 58 7 17 S A IR T 4045 A R I AR, AT
o A A B M TR I e

1.2. AXEERHR

Rk, ASCHEJRA ) GCNDepth AE4E A, 3t—20 5] N2 RO I 77 2% (Graph Attention Networks) 5
Pe, B 7B GATDepth B8, DUIHZE 5 B 5 H IR FEAL THE S5 i USRS B ks 2 o ARSI E 2ok

(1) $EH 73T B R 128 (GAT) I I BHR BE T 7732 . AER IR B2 B AR fE e, Jdid 2 )
AT IX 43 AT B B R SR AL R T B B, A AR TR FE TINRS B

(2) TEMIDEZRMZE IR SIN GAT 4514, S AR G R EAFE 2R R AHEE SER T
IIIC, SR MGOR T 250t Bk b R R R S A e

(3) TR T EEERE . EBGEATI A S 2 e s, TR BRI R E . o, E
AT R AT A B AR ), EE A O F TR B ARG S B R TR A 2 e, TR M 2 U AT fR
BE WA 100 25 08/ N SR DX 3R R B A IR

2. BR5MHEXTIHE
2.1. BBRE&

FER FRBEAGTHAIS, PR 2 B AR T B 2 o), 7 A0 A C A i i 08 ) PRLBORT SRl 5
W2, VE 2T T IE R i 2 175 2K 7] RSN S Rk A (81 AR AR S B SR FEEBOR, B A\ 18
RS BN AR L I o SR, T OB A R O B AR, IR ST RAE RS s 2 Y o A 3=
EEG .

22. BEERE AT

AR, B MR RPN T i e 1O SR P A 1) S s, T2 A B A AR R S A
B ZERARAE NGRS T, WEH AT ASLARIIGRA S BN 2. Horp, 5 B AL ZRds 5 o0
AR R 2% R G ANAIBUAL Al THER (0], RHERESL WA NLIZ SI N NIZRILRE,  ATTNER I 27 ST A 3R
BOUAAR . —STAESIAN TGS, IREH—LR. HEERAE, Dt —Pitm el A B
T PERE

23. EBHEMESETE DM

K& FA M 2% (Graph Convolutional Networks) [5]REW7E EIEE FE7 B AE, # 2 NH TR E
HT 55 RN At T EAR R A BT 5. HAZ O B R IE “ARERA HLHIOR 5 0 55 3R A .
SRIM, %40 GON 7E T 1T s REIERT, BRIAG TA0 RS0 AR A (OALEE, TiEARYE Bk b Seelifg s 2= 5k
HATX 5o

PR I 48 X FE GON (RBEA b, SIN T AT 2% ST E R 70 R B0 T4 1 AR IR 1 8BS N (i)
GAT B X BT AL je N (i) tHRER I 8 a, » FRRPITA BJE 5 SRR & HORT IO thO 37 KRR
e, AHXREIA:

h,.:a[ > aijWhjj (1)

JjeN(i)

Horp WO RS SR e, o HUEREIHLHI (B0 — AT ES + Softmax)Zy . TXAE 75 R 24 7E BT
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5 B B B HIR A TP, 5 BEMI GAT XME R 8] AR URE 15 22 5 FE AT SRS VE O T i, A SE 3K
R RAE MR LI, [ R Serh AT AESME SN E .

3. BUHFE

LEARTT R, AT A B3 H AR HEARMESE GATDeptho AR AN £ LG4 %: DepthNet (7
H GAT fEi545)F1 PoseNet. DepthNet 1 57 A4 5l i EUR IR EE ], 1M PoseNet 1t 57 iUl i S8 i 8] ¥ AH
BRI o e, P IR MRS B B AR F i B A 15 22 AT B MUK S0 BRI 2R

3.1. BEENX

L 1eAFHEH RGB EG, XMAIREE D e B RRATEETM A HAR . 7] 58 L—A W5 ok 51
¥, :4—> B, KA A4 FTTERRGB EEBUN BRI B, AXUF:

D(P)="¥,(I,(P)) ©)

For PR BIR R 2 AkbR
N TR H NG R RHARNLER), BB LRBW, - Ax A > R, R EES0 (1,,1,) et
SR AITR R (7,7 ), ENE, , -

E1S»1, =¥, (Is’lt) (3)

TR D MRCAE, |, 5, BRI 7, B E AR L, AR 2, R ERER T, I
LB T, 15 1, 2 IR 2 SRS 46 ) VI 5

3.1.1. BFEHME

TEJ7#5 GCNDepth 1, FAMEH T EEF L (GCON) KA IS 2B Br il & R SE MRS AE . N I b [X
SR ME R ROFEARIER G I B H 2%, ARSI NBIE R TIMZE(GAT). GAT BIRZ L ) BER 1 R
Bay, » FFOSEEARET R T ANE B, AT LR 2% i B A b 3R & 409 mi A5 2

[i] GCNDepth HFIfHE—HE, FRATE Jmht #4552 BRI RFAE IR E — M & N AN SR, AT A
St A I P () — MG B A7 B (B FEALZ A B B o FIURARIEIERE 4 e RN W]l 45 25 10 AR DU B2
EIRIESSSERTEEN
3.1.2. FENG

PR LEHATET R j e N(i), BATHEE ANEARHORE ST mUZRAL b, A0 A, 23 5 WS B4 [F) 2
B, RETHEER T e, o — N WHIEIE A [Wh,. [ Whj] RN A HI 5 ) 285 (B ] FRL R AT 22 2 ) )
JFiE it LeakyReLU 3REX 7% -

e, = LeakyReLU(a" [ Wh, || W, ]) )

X BT 4B JE T 1 e, #E4T Softmax A— LGB ENER ) £l q, :

exo(e,)
= 5
% Z exp(el.k) ©)
keN(i)

3.1.3. BAAHEER
HTERI R o, )5, 178 R AN:
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hq{Zaﬂ%J (6)
JeN(i)
Hort o JEAEZRMEI0E B (W1 ReLU B LeakyReLU).

IR AU, LS TE AR AP BORT DASE IR G “IEBEIE” SCEREE ALE T ISR, TTE
P TR 5 4 R B R I . SN DL S S A LT 45 04

3.2. BI5E CNN-GCN-GAT Bai4insE

3.2.1. DepthNet 47588
57 S5/ GCNDepth 25181, DepthNet B Zmid#s T AN BUE 1, PHEHE REEMSERRIE . FRATR A
CNN (ResNet-50)/E Agmtsay, ESATER fiEA—1b. MASEEAE, [FEIZ AR 5P RHIEE.

3.2.2. DepthNet fiRF5 S

TEfRRS s, FRATEH 2 REE K GON-GAT Bk B AL St AU OB B AR R R . AR
Hy, B EEAE DL B RR:

FRFECEBGR): W L — ERRE BT LR, 15 205 & 7 PR RS IR FE T

P IERHESHEE . SYmiDas Xt BUE RHE BT PfE, e &R S I0Z4075 . GAT Bt Wi
S PRVRFAIE A Ay P 8 ) B0 (T 0o B2 23 TR 3 AR) JE Iy A WL 0 1 ACRFAE AT ST, A B SE A 40 1)
TR B0 .

XFEEJE ERFEIFZ N GAT #:4E, FIEREANREE FE AR kAT T RE . EHEM AL SR &,
7330 FR P P R B L b R B 0 G SRR T LA AN I B2

3.2.3. PoseNet {51188

PoseNet FH-FTMVRE K& 1, 71 H b5 EUE 1, Z [ [)Jie s AP 1Al . PoseNet [FIFF H 4mh 28 Al A RS 25 1)
J, RS EE A ResNet-18, HANEDHHE G IEERX [1,1,] - MRS E M@ — RAVERZ, B4 H
EIX—H, :[rT,tTJ °
33. JURB Sk R

5545 GCNDepth 25181,  FRATTHE B WBHELE R & X LAF 32 B2k pR 5
3.3.1- Em;ﬁ*ﬁﬁlﬂlec

WS EA R L, 5 HEREUR 1, 2 8 15 25 25 57 R 20 AR BE TR0 v P -

Lyge = 2| lee (P)=1,(P)| )

33.2. ERRMAERL,,
N T bR AT T AR LR S AR A, 45 L YOO S A A FE A
1-SSIM (I, 1)

Ly =0.15Y |1, (P)~1,(P)|+0.85) > (8)
3.3.3. FBIRKEY Ly, oo
AR B AINGID SOR KRR, B HIBEAR % L, R4 L,
Ly, =Y Ml vnp)| ©)
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L - Z e—/‘LHVZIS (7 ||V2D (P)" (10)
P

SFHARRIE XA Ly, o = ALy + BLe,, » 3 o A1 B R HL

334, BIRKEH
BIRR Ly ZEN ARG Ly, RRIHR). L, (ERBIOM L, CEHESR).

LFinal = LPI + LRec + LSmooth (1 1)
4. KL
ARTURE JERAE KITTL HR AR RS 4R, IS5 5ERE GCNDepth HEATHLEL, 5T GATDepth
A 2

i 5% E: %I Bigen V)7, TEXRBREESMWE, AEFL 39,810 5k EEG, IIELE 4424 5k, Wl
£ 697 K. BB WIS —H 1024 x 320 153, IRFEJEEIFREI Y 80 2K, I FH v B 4 o0t 50l i gk 47
X5

PEFERR: SRR Z (abs-rel). “FJ7 %R 2 (sqrel)s YRR ZE (rmse) X £ /7 R 1R 2 (rmse-
log) K PF-Aili AL 1Y I £

# 1 J&7r 75 GCNDepth B f%f b . 7TLLE 2], GATDepth £ abs-rel. sq-rel X8 fabr S T
BUEER 1 5O 7T RE, [RIR7E rmse A rmse_log $EA% A BRI . H5RATHIZEHT LAE GCNDepth
FHEE, FIN GAT JG, BEUAE ARz BE B H AR LA K37 55t (383 5 AN e 252 X Sl 5 B ek o

Table 1. Comparison of model performance between this model and GCNDepth model

52 1. ANCHEEIFN GCNDepth HBIAE R4 BE T EE

LT A4 R abs_rel | sq rel | rmse | rmse_log | al 1 a2 t a3t
GCNDepth 0.115 0.882 4.701 0.190 0.879 0.961 0.982
GCN-GATDepth 0.108 0.815 4.689 0.172 0.892 0.972 0.986

) RORBUEBAGEDT;  t RoRBE ST abs_rel BRI HIXTIRZE; sq_rel Kox-F MM RE; mse R
PITHARZ, mmse log TR B RIRZE, al. a2 Fl a3 2 HIFRMHEFHRZE /N T 1.25. 1.252 51 1.253 ({141

Figure 1. Comparison of depth prediction between the present model and GCNDepth model. (a) The
input artwork; (b) The depth map predicted by the benchmark model GCNDepth; (c) The depth map pre-
dicted by the model in this paper

1. ACHREVE GCNDepth HREUREFUMITELE . (2) MIARE]; (b) EERE! GCNDepth 7
METREE; (o) ACREFUMAIREE
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FETESE R : [ 1 XL T GATDepth 528 #E 7 1AL B8 8 70 BRI O ER EE T 1 DL 7T LA HY . GAT
AU 3 B 7R B G s I D AR B AN %, (AR AR AR 2R, AT N DU B s X AT RE A 28] S HE T 1O IR
BEMiTh . GAT HLIAE LR DX rT A  R BN S 38— AT iR T T REAR A L 35 — AT RIS ZE Ry
PIRIA . B8 = AT A VR ZERT 7 EAR A BT SE X 38 A VR ZE AT 77 ROEAR A B 52 X3 S8 D447 Hh /2
MVRZERT 7 FEAR T B A EAEAR NI . SARININ GAT HUHIAR LUTE IR BE B0 1515 S A M1
AR AR T

WHIARSCIIN GAT HUii, BEWSA RV Gl 5 2R MIBLR, SR B RS T4 Ja 40 15 K5 ik 0 Tk R g
71, FTUASEBUR T2 R AR 2 R B SUE R IA A, A RERTHER TR E B A TR S
BARKIZ AP RE

5. &

AICAEJZH GCNDepth HEZLEERE b, 2 — B3R M T 456 BRI 2 10 8 B IR Al T ——
GATDepth. JHILFEZ REMFAGAS TN GAT B, 8R4 RENSE LT m I A I B 38 N b 73 B 4T A
T SERS HE MR 32 37 55 R BT LT R P SG R IR R L ORBEXS B it . SRR AR, GATDepth fE KITTI ¢
PEAE UG T S RO R RO IR LTI, DI R B T IR B R R, 6 R R I B AT S R
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