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Abstract Existing self-supervised monocular depth estimation methods have shown considerable
improvement in handling moving objects in outdoor scenes; however, when applied to indoor
environments, they struggle to accurately estimate depth when confronted with densely distributed
dynamic pixels exhibiting disordered and drastic movement in indoor scenes. In indoor
environments, dynamic objects such as pedestrians frequently occupy large proportions of the
image and exhibit complex, irregular motion patterns, causing widespread violations of the
photometric consistency assumption that self-supervised methods fundamentally rely upon. This
challenge is further compounded by the prevalence of motion blur, which degrades depth boundary
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To address this
limitation, this paper proposes a self-supervised monocular depth estimation method based on

information and makes accurate structural estimation particularly difficult.

optical flow decoupling and edge compensation for indoor dynamic scenes. First, an optical flow
decoupling modelling network is designed to decompose the complete three-dimensional optical
flow field into distinct static background and dynamic foreground components, thereby separately
modelling camera motion and dynamic object motion in the scene. As a result, this approach
transforms dynamic pixels that violate photometric consistency into learnable motion entities,
which in turn provide robust self-supervised signals for the depth estimation network. Second, a
geometric edge compensation module is proposed that injects Laplacian operators into the depth
network to extract geometric edge priors. Building on this, these geometric edge priors are then
fused with higher-level depth predictions for edge guidance, thus compensating for depth
boundary information degradation caused by motion blur from dynamic objects. Experimental
results on three indoor datasets—namely Bonn, TUM, and NYUv2—demonstrate that the
proposed method achieves accuracy scores of 0.907, 0.813, and 0.856, respectively, on key
precision evaluation metrics. Specifically, within dynamic regions, the proposed method reaches
scores of 0. 774 and 0. 807 on the Bonn and TUM datasets, respectively, further validating the

effectiveness and robustness of the proposed method for indoor dynamic scene depth estimation.
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AbsRel RMSE 0<_0.125 5<20.125% 5<20.125° AbsRel 0<_0.125 AbsRel 0<C0.125
Monodepth2® 0. 565 2.337 0. 352 0.591 0.728 0.474 0.172 0. 594 0. 383
IndoorDepth, 0. 402 2.141 0. 366 0. 675 0. 830 0.551 0. 255 0. 355 0.393
Manydepth2"'” 0. 264 0. 685 0.671 0. 866 0. 947 0.720 0.153 0.166 0.762
SC-DCpthMSJ 0.272 0.733 0.623 0. 858 0.948 0.704 0. 166 0. 180 0.714
SC*DepthVZM 0.211 0.619 0.714 0.873 0.936 0. 488 0.247 0.152 0.803
SC-DepthV3®! 0.126 0. 379 0. 889 0. 961 0. 980 0. 220 0.720 0.102 0.931
R 0.117 0. 368 0.907 0. 963 0. 982 0.194 0.774 0. 099 0. 936
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UEBH T AR S5 02 sl A A 388 A 350k < FE S8 B

Monodepth2 SC-DepthV2 SC-DepthV3 4 3 Jyis:
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5 {EBONN %G [ 4 R 5 1 09 2 Pt b2

& 1434 . AbsRel M 0. 163 AR 22 0. 146, AH 1%
ZREAK 1. 7% RMSE M 0. 265 835 % 0. 213, A4
Th4. 3% FA IR RE AR R it L # 1A
BUE T A S P S A A . 4R e e L
g AN IE 6 FIT7R » v LASER 5], AR S 1 7E AL B B
BNV FRRE I Ze b 5 a0y L34 L.
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. TEREEIR A X AR IX 4k
Tk AbsRel RMSE 6<C0.125  §<C0.125° §<C0.125°  AbsRel §<C0.125 AbsRel §<C0.125

Monodepth2!® 0.312 1.408 0.474 0.793 0.905 0.431 0.348 0. 262 0.526
IndoorDepth, 0.281 0. 950 0.558 0.841 0. 940 0.409 0.338 0.256 0.605
Manydepth2™” 0.297 1. 862 0.547 0.767 0.858 0.523 0.166 0.227 0. 664
DnD?" 0.175 0.631 0.751 0. 947 0.982 - - - -

SC-Depth™! 0. 257 0.283 0.616 0.814 0.909 0.512 0.274 0.176 0.715
SC-DepthV2 0.223 0.282 0.643 0.862 0.932 0.283 0.494 0. 206 0.686
SC-DepthV3™! 0.163 0.265 0.797 0.882 0.937 0.165 0.796 0.171 0.780
A 0.146 0.214 0.813 0.932 0. 984 0.158 0.807 0. 149 0.793

T MR R L

(DTENYUvV2 55 b8 A SO 25 i 5k
HE 0 J5 1k AT % L, A48 SC-DepthV3™' . GAM-
Depth™ IndoorDepth, &5 , i& & XJ [ 45 5% 3k 3 Jir
AN L W  ROR T B TR B B AR AR A A
B ATLVE M ARSI B B RE Th R

bR S B U B = = R N S5 S s
B KIS bR 0<C0.125 E AR T 0.8, 1 T

1 Fan C. Yin Z, Li Y. et al. Deeper into self-supervised
monocular indoor depth estimation, https: //arxiv. org/abs/2312. 01283,
2023, 12, 3
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AR HETE FE A TR TE AR AR T
Mz AL RE JT s AR SCHEAT T 85 SR SR F R AR 12 A 5K
5. WER 4R A 7 R BONN $E 4 -
YIZRIF A TUM B4 45 b Ar ik, sei g iR %
B FE R FEAR I B A 50T AR SO ik R
5 8 2 78 3 248 XA A . 0 <20, 125 3K
#] 0. 582, M1 # SC-DepthV3" 4 T+ 4. 0% , 7F 5¢ %
FG L) B ii 25 X3th PR Rr T R Mg X R
AR 5305 BT SR FH 1) 6 T Ffe R S 5 00 G A MEE HIL A
REAE A 8502 > BAT Iz AL Be 1 i sh AW ks 8 &
TIE 5 103 45 F REAE o AT B 4 b 358 107 AS [] 2 P9 38
S R PO 75 g o

3 ENYUV2HUIEE F17#MAEHREMGIT &R T

ik - R A B

§<20.125 8<20. 125 §<C0.125° AbsRel log10 RMSE
DORNF N/ 82.8 96.5 99. 2 0.115 0.051 0.509
Fu 259 N, 86.6 97.5 99.3 0.115 0. 050 0.530
ppT! N 90. 4 98.8 99.8 0.110 0.045 0.357
DnD®"! NG 91.0 98.8 99.8 0.098 0. 362
DepthFormer™” N, 9.3 98.9 99.7 0. 094 0. 040 0.329
Monodepth2® X 76.5 93.7 98.3 0.165 0.070 0.686
F?Depth™ X 79.9 94.7 98.7 0.158 0.067 0.583
P?Net™ X 79.6 94.8 98.6 0.150 0. 064 0.561
Manydepth2™ X 79.6 96.0 99.4 0.143 0.061 1.275
StructDepth®? X 81.3 95.4 98.8 0.151 0. 060 0. 540
IFMNet™*! X 82.2 95.8 98.9 0.135 0.058 0.529
MonolIndoor"! X 82.3 95.8 98.9 0.134 0.526
TSD-Depth®” X 82.3 95.6 98.9 0.139 0.059 0.533
MonolIndoor + X 83.4 96. 1 99.0 0.132 0.517
LoFtDepth™ X 83.5 96. 6 99.2 0.130 - 0.498
GAM-Depth® X 83.6 96.0 99.0 0.131 - 0.507
IndoorDepth, X 84.5 96.5 99.1 0.126 0. 054 0. 494
SC-Depthva? X 84.8 96.3 99. 1 0.123 0.053 0. 486
AL X 85.6 9. 6 99.2 0.120 0. 052 0. 466
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4.4 HERLIE
4.4.1 FDMNHIGECM

Sy B3 FDMN #l GECM 945 %t , 76 BONN
PR T U T TR )T S5

W5 FiR 2405 A FDMN ML, 78 3 245
X3k, 0 << 0. 125 ) 0. 720 K # F+ 28 0. 768 AHXTH2

TP SC-DepthV3 A5k FLSEbRSE

K8 e 255 B E P X L 4h

TF4.8%), AbsRel M\ 0. 220 35 F#AK 2 0. 199; 7E58
MG | .0<0. 125 L 0. 889 #2712 0. 904 CHH X4
F+1.5%), AbsRel M 0. 126 B 28 0. 121, % 25 IX 3§,
FIVEREME R RS . X W FDMN 3 i % i s 5
YR8 3 FEA A XA T A
R R T B2 DX IR BE A Ay 8 SO [l R

F4 BHIBEEFERZHIEREITME
. SEREEIR B IX Ik TS X d
ik AbsRel  RMSE ~ §<00.125  §<C0.125%  §<C0.125°  AbsRel  §<C0.125  AbsRel  6<C0.125
Monodepth2!® 0.578 2.568 0. 257 0.458 0. 624 0.906 0. 140 0.483 0.293
SC-Depth™ 0.457 1.892 0. 394 0.671 0. 841 0. 608 0. 360 0.392 0.416
SC-Depthv 2™ 0. 282 1.553 0.525 0.797 0. 905 0. 355 0. 489 0.253 0.541
SC-Depthv3?! 0. 204 1. 646 0.706 0. 856 0. 888 0. 264 0. 542 0.189 0. 746
ES'S 0. 200 1.651 0.719 0. 854 0. 887 0.251 0. 582 0.188 0.747
TE AR IR AR .
=5 BONNHIEE LAREAEMNERMIEER
b FDMN GECM SEREER A X I B X 3k ‘ B A
AbsRel RMSE  §<C0.125 AbsRel 6<C0.125 AbsRel 6<C0.125 ZBHURA 5 RA  FEI/ms
Rk X X 0.126  0.379  0.889 0. 220 0.720 0.102 0.931  14.33M  5.36G 7
N X 0.121  0.376  0.904 0.199 0.768 0.102 0.935  36.43M  16.31G 20
AL X N, 0.120  0.378  0.904 0.199 0.762 0.102 0.935  14.55M 8.21G 15
N N 0.117  0.368  0.907 0.194 0.774 0. 099 0.936  36.65M  19.16G 26
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P T RIALG E N 2l A s W B RE T, 1T IR f B
M REAR N i 2
4.4.2 GECM fSEHLERE RIS L4

F i GECM B S L AR A L 5 DAL T 78
TR i 5 28 AN [\ 2 9 i AAS R i0E GECM B
MR . T GECM FEHe 5 280 R 2 i IR B T )
FEAERG T RS2 4R, K6
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Epoch

K9 A Bonn %l £ b A1 Zdnt 2k 26

K% BUS T A 5 4 i RMSE (0. 375) . H B 4%
BB REE TH AR (6 << 0. 1254 M 0. 759) s 1 1% )2
(1~2, 1~3) it A GECM R4l 2k 35 Z 40715 15 B
o) 32 e s T S Btk ae i sl . A SCRAIM A
ZRARN RN (1-D LA T H 2RI AE A X
BOAE T RAER 6<C0.125(0.762) . ¥ JE GECM
TG AN 240715 TR 2 GECM #4342 Jey i 45 4
LY SE ok 22 ROEERHIE G SC B T B i3l kb
ROR

F6 REJLALGAMER G B SR 2 R
s SEREPEIR _ KR B
AbsRel RMSE 6<20.125 AbsRel 6<0.125 AbsRel 6<20. 125
1 0.123 0.392 0. 895 0.199 0.727 0.107 0.928
2 0. 120 0. 384 0.892 0.201 0.730 0. 104 0.924
3 0.124 0.393 0. 896 0. 200 0.741 0.108 0.928
4 0.122 0. 375 0.901 0.207 0.759 0.101 0.933
1-2 0.124 0.392 0.894 0. 202 0.730 0.107 0.927
1-3 0.122 0. 387 0. 900 0. 204 0.747 0. 105 0.931
1-4 0.120 0.378 0. 904 0.199 0.762 0.102 0.935
VE MR R IR ARA
4.4.3 WAL 4.4.4 HFC5MMN

FRAS T AR R £ 200 0k FDMN IE#i #1713
SR G R . R 7 JRIR T ASRIALEE A, %M fE
IS . SEER 25 RR W] FE TR HE LT (0. 04,0
o) 2% ikt 2 o A DX B2 Bl — B 29 5, 3 A X
0<C0. 125K 0. 725, AU /N, # A I — Bk
Y FAE A R 3 A X 6 < 0. 12540 9 0. 737, 4%
T R ik B PR 0 £6% 1) 328 Bl AR T L S M X B
SYRIMST iE SR, S B X EERE TR Y
Ae=5. OB IR B e LA R , A I 20 R R A 3 29 o)
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S AENLE SRR . ShSIX 6 <<0. 125 36%]
R E 0. 768, AbsRel 4 0. 199, 523 1 iz 8 43 it 4
ISZER T TP

i B FDMN (980 4144 HEC Fil MMN X}
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0. 742, AbsRel M\ 0. 220 FEAK 2 0. 215; £ 52 2 ER
1,6<C0. 125 K 0. 889 X4 T2 0. 895, FHH HFC
T T WX T el &G R R RE T 5] A MMN
Ji » PSR TG SR b 1 R B AL - 76 s 2 X 35
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xR7T BERARMEBSEI N
. SEREER A X I, S X
ik AbsRel RMSE 8<20.125 AbsRel 8<0.125 AbsRel 8<0.125
0.0L, 0.122 0.373 0. 899 0.214 0.725 0. 100 0.937
1oL, 0.123 0.392 0. 892 0.197 0.737 0.107 0.923
3.0L, 0.124 0.373 0.902 0.217 0. 742 0.102 0.938
5.0L, 0.121 0. 376 0. 904 0.199 0.768 0.102 0.935
7.0L, 0.121 0.374 0.899 0. 206 0.746 0.102 0.931
TE AR IR B
#8 HFCEMMNEmLIRER
i e G ZHAS K, FAS X3,
ik HFC MMN
AbsRel RMSE 5<20.125 AbsRel 6<20.125 AbsRel §<20.125
Hek X X 0.126 0.379 0. 889 0. 220 0.720 0. 102 0.931
N X 0.125 0. 380 0. 895 0.215 0. 742 0.103 0.929
ES S
N N 0.121 0.376 0. 904 0.199 0.768 0. 102 0.935
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L, A R TE T X Sl A XSRS TR v Aff 2 o
4.4.5 BT Mg
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) ResNet P 455, SCIG 5 N 9 i . SLg 45 51
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B K F L ResNetl8 1 B (11. 7M) X Ky
ResNet101(44. 5M) 1) 26 % - AH P EAH 24 £ 2= E 4L .
ZEEZ EMERE FIRICR , AR S #E ResNet 184 N8+
D28, FE DRUIE R BEAG T1KG BE 19 [] B DR R A A0 1 A 22
02 Z AT AR, B A S B N

&9 BONNHIEE LARBFTMEHNHEMIBER

e S e A BB RS DX
AbsRel RMSE 0<C0.125 AbsRel 6<C0.125 AbsRel 0<C0.125
ResNet18 11.7M 0.117 0. 368 0. 907 0.194 0.774 0.099 0.936
ResNet34 21.8M 0.121 0.372 0.903 0. 204 0. 760 0.101 0.936
ResNet50 25.6M 0.121 0.375 0.901 0.207 0. 760 0.101 0.934
ResNet101 44. 5M 0.119 0.365 0. 906 0.210 0.751 0. 098 0. 941
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Background

Self-supervised monocular depth estimation represents a
fundamental problem at the intersection of computer vision and
machine learning, aiming to accurately acquire scene depth
information using only monocular video sequences. In outdoor
driving scenarios, the presence of dynamic objects violates multi-
view geometric constraints, leading to photometric consistency
failures. Internationally, methods such as Monodepth2 and
PackNet-SfM have partially mitigated this issue through
dynamic masking and other strategies, enabling outdoor scene
depth estimation to reach practical-level accuracy.

However, depth estimation in indoor dynamic scenes faces
even more severe challenges. The confined nature of indoor
spaces results in complex motion patterns of dynamic objects
with close-range imaging, where motion pixels exhibit
characteristics of extensive disordered and drastic movement.
Currently, specialized methods targeting indoor dynamic scenes
are relatively scarce internationally. While existing approaches
such as SC-DepthV3 and Monolndoor have demonstrated
improvements, they still possess limitations in handling complex
with depth

dynamic motion and boundary preservation,

estimation accuracy in dynamic regions generally remaining
relatively low.

This paper proposes FE-Depth, a method based on optical
flow decoupling and edge compensation that explicitly models
dynamic object motion while introducing geometric edge priors,
elevating indoor dynamic scene depth estimation accuracy to
unprecedented levels. In dynamic regions of the Bonn and TUM
datasets, our method achieves 6<20. 125 accuracies of 0. 774 and
0.807 respectively, significantly surpassing existing state-of-
the-art approaches.

This research 1s supported by the Yunlong Lake Laboratory
for Deep Earth Science and Engineering, the Fundamental
Research Funds for the Central Universities, and the National
Natural Science Foundation of China, holding significant
importance for advancing intelligent perception technologies in
complex environments. Our research team has previously
published multiple high-impact papers in the depth estimation
domain, accumulating extensive experience in multi-scale feature
enhancement, direction-aware enhancement, and pose optimization,

thereby establishing a solid foundation for this study.



