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Indoor self-supervised monocular depth estimation
based on image edges similarity

KOU Qigi', CHEN Feiyu?, ZHANG Huagiang?, CHENG Degiang?, HAN Chenggong®
(1. College of Computer Science and Technology, China University of Mining and Technology, Xuzhou 221116, China; 2. College of
Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: In this paper, we propose a self-supervised depth estimation network model based on image edge similarity to
address the issue of inaccurate depth inference in indoor monocular depth estimation due to complex structures, severe
edge overlapping, and large rotational components. First, we introduce an image edge similarity loss function as a shape
prior constraint to mitigate performance degradation caused by occlusions and overlaps. Second, we design an adaptive
feature aggregation module to fuse multi-scale features while maintaining contextual consistency, thereby enhancing se-
mantic associations in weakly related scenes. Finally, we propose a rotation optimization module that refines the rota-
tional components in pose estimation by weighted fusion of the vectors from different paths, reducing rotation errors.
Experimental results show that our method achieves depth prediction accuracies of 82.9% and 78.0% on the NYU Depth
V2 and ScanNet datasets, respectively, outperforming existing state-of-the-art methods. The proposed method can re-
cover depth maps with rich details and clear, smooth edges, effectively improving depth estimation in indoor scenes.

Keywords: self-supervision; monocular depth estimation; image edges similarity; feature aggregation; pose optimiza-

tion; indoor scenes; shape priors; contextual consistency
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Table 1 Comparison of experimental results between the proposed network and existing main models on the NYU Depth V2

dataset
- I R bR GBS ) TIPS 0 5 (g )
RMSE AbsRel ~ RMSE Logl0 o<125 o <125 o <125

DORNP? g 0.509 0.115 0.051 0.828 0.965 0.992
Hu Z£64 e 0.530 0.115 0.050 0.866 0.975 0.993
Yin S0 Al 0.416 0.108 0.108 0.875 0.976 0.994
AdaBins? A ilg 0.364 0.103 0.044 0.903 0.984 0.997
Niklaus Z£07 e 0.300 0.080 0.030 0.940 0.990 1.000
MovingIndoor™ F e 0.712 0.208 0.086 0.674 0.900 0.968
TrainFlow"”! HIRE 0.686 0.208 0.086 0.701 0.912 0.978
Monodepth2!'®) F e 0.600 0.161 0.068 0.771 0.948 0.987
SC-Depth™*! F e 0.608 0.159 0.068 0.772 0.939 0.982
P?Net*!! HIRE 0.561 0.150 0.064 0.796 0.948 0.986
P?Net(5framesPP)* F e 0.553 0.147 0.062 0.801 0.951 0.987
Bian 4% F e 0.536 0.147 0.062 0.804 0.950 0.986
PLNet(5frames)“*! HIRE 0.540 0.144 0.061 0.807 0.957 0.990
StructDepth!® F e 0.540 0.142 0.060 0.813 0.954 0.988
SC-DepthV2[+ F B 0.532 0.138 — 0.820 0.956 0.989
TSD-Depth™ A g 0.533 0.139 0.059 0.823 0.956 0.989
Monolndoor™ F e 0.526 0.134 — 0.823 0.958 0.989
SPDepth+PP*! F e 0.579 0.157 0.066 0.781 0.947 0.986
F?Depth+PP™7 A g 0.569 0.153 0.065 0.787 0.950 0.987
StructDepth_50 SRy 0.528 0.137 0.058 0.823 0.958 0.989
AL F e 0.525 0.133 0.057 0.829 0.959 0.990
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Fig. 6 Comparison of predicted depth maps between the proposed network model and existing state-of-the-art models on the

NYU Depth V2 dataset
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Table 2 Comparison of experimental results between the proposed network model and existing state-of-the-art models on
the ScanNet dataset

- Wt R ZEFE bR GRS ) T B 5 (s B )
WIE=Y RMSE Abs Rel RMSE Logl0 o <125 o< 125 o <125

MovingIndoor"® H g 0.483 0.212 0.088 0.650 0.905 0.976
Monodepth2!'® HinE 0.451 0.191 0.080 0.693 0.926 0.983
P?Net!*! FI B 0.420 0.175 0.074 0.740 0.932 0.982
P?Net-finetunet" H g 0.412 0.172 0.073 0.743 0.935 0.984
StructDepth!® HinE 0.400 0.165 0.070 0.754 0.939 0.985
SC-DepthV 2+ F e 0.361 0.159 0.066 0.781 0.947 0.987
TSD-Depth™®! H g 0.406 0.172 0.071 0.754 0.939 0.985
IFMNet*®! HinE 0.402 0.170 0.071 0.758 0.940 0.989
BiGeoDepth!*” F e 0.399 0.164 0.070 0.758 0.943 0.986
GeoDepth®®” F e 0.387 0.161 — 0.769 0.946 0.987
StructDepth_50 HinE 0.388 0.159 0.068 0.770 0.947 0.987
AL H e 0.379 0.157 0.066 0.780 0.947 0.988
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Fig.7 Comparison of predicted depth maps between the proposed network model and state-of-the-art models on the Scan-

Net dataset
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Table 3 Ablation study of various rotation optimization strategies on the NYU Depth v2 dataset

I ) TR ZEFE R GAIGT ) TR B 2% (G e )
A TE it %e
RMSE Abs Rel RMSE Logl0 o<1.25 o <1.25° o< 1.25°
Baseline / 0.528 0.137 0.058 0.823 0.958 0.989
4 0.526 0.136 0.058 0.826 0.959 0.990
. 5 0.527 0.138 0.058 0.825 0.959 0.989
AR
7 0.527 0.137 0.058 0.824 0.959 0.989
8 0.529 0.139 0.059 0.823 0.959 0.990
4+5 0.527 0.137 0.058 0.825 0.959 0.989
. 4+7 0.527 0.136 0.058 0.826 0.959 0.989
e 9E
5+7 0.528 0.138 0.058 0.823 0.959 0.989
5+8 0.529 0.139 0.058 0.822 0.959 0.989
4+5+7 0.528 0.137 0.058 0.825 0.959 0.990
=R 4+5+8 0.528 0.138 0.058 0.823 0.959 0.989
5+7+8 0.529 0.139 0.059 0.822 0.959 0.989
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Table 4 Ablation study of different innovative modules on the NYU Depth V2 dataset

" PRZEEAR b GBITHRS ) IS R CRR A )
et EDGE  ADFA  ROOP ; ;
RMSE ~ AbsRel ~ RMSELogl0  0<125 0<125 0<125
Baseline x x x 0.528 0.137 0.058 0.823 0.958 0.989
1 v x x 0.526 0.134 0.058 0.826 0.959 0.990
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&t

RZESE R GBS ) TROIRT R Gl g e )

A EDGE  ADFA  ROOP
RMSE  AbsRel  RMSE Logl0 6<125 0<125 <125
2 x J x 0.527 0.137 0.058 0.825 0.959 0.989
3 x x \ 0.526 0.136 0.058 0.826 0.959 0.990
4 S S x 0.526 0.136 0.058 0.827 0.959 0.990
5 \ \ 0.525 0.134 0.057 0.828 0.959 0.990
6 x \ \ 0.527 0.136 0.058 0.826 0.959 0.989
7 \ \ \ 0.525 0.133 0.057 0.829 0.959 0.990
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Table 5 comparison of the Params, FLOPs, and speed of different methods

itk fift i SEREARAY
T HE /ms
Params/10° FLOPs/10° Params/10° FLOPs/10° Params/10° FLOPs/10°

Monodepth2!'¢! 11.200 4.500 3.100 3.500 14.300 8.000 14.300

P?Net!*! 11.690 4.019 3.151 3.201 14.841 7.220 6.653

SC-Depthv2H4 11.690 4.019 3.153 3.215 14.843 7.234 7.696

TSD-Depth!*! 25.720 5.180 7.120 4.040 32.840 9.220 17.571

StructDepth!® 4.794 6.146 0.005 0.159 4.799 6.305 17.481

A3 11.177 4.019 3.151 3.201 14.328 7.220 17.628
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