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Abstract: Due to a high number of areas with low texture and lighting in complex indoor scenes, current
self-supervised monocular depth estimation network models suffer from certain issues. These problems in-
clude imprecise depth predictions, noticeable blurriness around object edges in the predictions, and signifi-
cant loss of details. This paper introduces an indoor self-supervised monocular depth estimation network
model based on level feature fusion. First, to enhance the visibility of poorly lit areas and address the issue
of pseudo planes deteriorating the model, the Mapping-Consistent Image Enhancement module was ap-

plied to process indoor images. This module simultaneously maintained brightness consistency. Subse-
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quently, a novel self-supervised monocular depth estimation network model that incorporates the Cross-
Level Feature Adjustment module was proposed, utilizing an attention mechanism. This module effective-
ly fused multilevel feature information from the encoder to the decoder, enhancing the network's ability to
utilize feature information and reducing the semantic gap between predicted depth and true depth. Finally,
the Gram Matrix Similarity Loss function was introduced based on image style features, as an additional
self-supervised signal to further constrain the network model. This addition enhanced the network’s depth
prediction capabilities, leading to improved accuracy. Through training and testing on NYU Depth V2 and
ScanNet indoor datasets, this paper achieves a pixel accuracy rate of 81.9% and 76.0%, respectively.
The experimental results also include a comparative analysis with existing main indoor self-supervised
monocular depth estimation network models. The network model proposed in this paper excels in preserv-
ing object edges and details, effectively enhancing the accuracy of predicted depth.
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Fig. 8 Iterative optimization curve of loss function
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Tab.2 Comparison of experimental results between proposed model and existing main methods on NYU Depth V2 dataset

Method of Su-

Indicator of Error (Lower is better) Accuracy of prediction(Higher is better)

Method pervision RMSE  Abs Rel RMS Logl0 0<<1.25 0<C1.25" 0<C1.25°
DORN" 0. 509 0.115 0.051 0.828 0.965 0.992
Hu et al. ™ 0.530 0.115 0.050 0.866 0.975 0.993
Yin et al. " Supervised 0.416 0.108 0.108 0.875 0.976 0.994
AdaBins™ 0.364  0.103 0.044 0.903 0.984 0.997
Niklaus et al. " 0.300  0.080 0.030 0. 940 0.990 1. 000
MovingIndoor'* 0.712  0.208 0.086 0.674 0. 900 0. 968
TrainFlow'™ 0. 686 0.208 0. 086 0.701 0.912 0.978
Monodepth2""”’ 0. 600 0.161 0.068 0.771 0.948 0.987
SC-Depth™” 0.608  0.159 0.068 0.772 0. 939 0.982
P*Net' 0.561 0.150 0.064 0.796 0.948 0. 986
P’Net(5 frames PP)""”  Self-supervised ~ 0.553 0.147 0.062 0.801 0.951 0.987
Bian et al. '* 0.536 0.147 0.062 0.804 0.950 0. 986
PLNet (5 frames)" 0. 540 0.144 0.061 0. 807 0. 957 0. 990
Zhan et al. " 0.538 0.143 0. 060 0.812 0.951 0. 986
StructDepth™®’ 0.540  0.142 0. 060 0.813 0.954 0.988
Our 0.530  0.138 0.059 0.819 0. 959 0. 990

E R BE A T 07 s, AR SCRE AL AR 4. 3795 BRak i 6 4
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2R SCHE R AT P°Net'!™ | StructDepth™ 455 Y () % F
30 35 SR W] AR 40 P10 B s (R DL 3 L T
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Fig.9 Comparison of predicted depth maps between proposed model and existing main methods on NYU Depth V2 dataset
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Tab.3 Comparison of experimental results between the model in this paper and existing main methods on ScanNet dataset

Method of Su- Indicator of Error (Lower is better)  Accuracy of prediction (Higher is better)
Method o
pervision RMSE AbsRel RMS Logld0 ¢6<C1.25 ¢§6<C1.25% ¢&<C1.25°
MovingIndoor'®! 0.483 0.212 0.088 0. 650 0.905 0.976
Monodepth2 "’ 0.451 0.1911 0.080 0.693 0.926 0.983
P*Net' 0.420 0.175 0.074 0.740 0.932 0.982
Self-supervised
P*Net-finetune ! 0.412 0.172 0.073 0.743 0.935 0.984
StructDepth"*" 0. 400 0.165 0.070 0.754 0.939 0.985

Our 0.391 0.162 0. 069 0.760 0.946 0.987
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Fig. 10 Comparison of predicted depth maps between proposed model and existing main methods on ScanNet dataset
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Tab.4 Ablation experiment of Several Cross-Level feature fusion structure on NYU Depth V2 dataset

Indicator of Error (Lower is better)

Accuracy of prediction (Higher is better)

Method Position :
RMSE  AbsRel RMS Logl0O 0<1.25 0<C1.25° 0<C1.25°
Baseline / 0. 540 0.142 0. 060 0.813 0.954 0.988
F, 0.543 0.143 0.061 0.810 0.953 0.988
F, 0.543 0.142 0.061 0.811 0.954 0.988
Single Level
F, 0. 540 0.142 0.061 0.812 0.954 0. 988
F, 0. 540 0.141 0. 060 0.814 0.955 0.989
F,,F 0. 540 0. 140 0.061 0.815 0.956 0. 988
Double Levels F,F, 0.539 0.140 0. 060 0. 816 0.955 0.989
5, Iy 0.537 0.139 0. 060 0.817 0.955 0.989
Three Levels F,,Fy,F, 0. 540 0.140 0. 060 0. 815 0.955 0.988

5 R IY AL ES FL 2 RO S R B 2%
TS 0 i L) g8 SR, S IR ROR 5 4 A B
B GO 2 R8CR By B I B TR A DG OC & s B
B = 2 9O8 A, SEIR R N s SUZHIE A
ZE LTI BN A F X R %2 90 i U2
G RGO AR Fe 4 5 T OE 8RR L,
TIG R MAR CERA WA F,, FAUZ K
AR T, KA SC H XA F)J2 R AT
4.5.2 4B AEEHIE Bk L

T B R AR SCHR Y 45 AT LR X E N A
W B e H OB A T A A AR SCHE NYU
Depth V2 ¥4ls 42 [ AT T AL S8 . i3k 597
L EEBRCCLFA”, “GMSL” F1“MCIE” 43 %) %} 1

VST )25 SRR A ) R A5 e A or B R 4 AR L P 4
45 bR BRI B B — Bk R R B . RV R
71N S 55 R N s B R AR B, X3RO B S it A
B, 3 b A8 AR EICE M 3R OR 525 B A Y 46
Ko LA ALY AERELEN o<1 25485
L R CLFA”AH EL 2 b Baseline J5 #:—Struct-
Depth™ #5 % 52 56 20 R 42 /& T 0.4%, 5
“GMSL” 4 /& T 0.3%, £ e “MCIE” 4 & T
0. 200 , A SCRT $ i 1) A BT 85 B 1 58 08 A [
B Ml B T I R B ) IE AR R . O H AN R
B 55 e P R AL S N34 2 =3 AL A TR IR BE
PG T S AR i s 9 S RO, Horp = F Al AU
SEE AR AR AR E R 0 << 1. 259845 LA
T0.6%.,

5 NYU Depth V2 HiF&E FRE G FERAHE LI
Tab.5 Ablation experiment of different innovative modules on NYU Depth V2 dataset

Indicator of Error (Lower is better)

Accuracy of prediction (Higher is better)

Method ~CLFA GMSL MCIE : :
RMSE  AbsRel RMSLogl0 ¢<C1.25 ¢<C1.25% §<1.25°

Baseline X X X 0. 540 0.142 0. 060 0.813 0.954 0.988

1 N X X 0.537 0.139 0. 060 0.817 0.955 0. 989

2 X N X 0.536 0. 140 0. 060 0.816 0.956 0. 989

3 X X N 0. 539 0.141 0.061 0.815 0.955 0.988

4 N, N X 0.533 0.138 0.059 0.818 0.957 0.990

5 N/ X N/ 0.536 0.139 0.059 0.817 0.956 0. 989

6 X N N 0.537 0.139 0. 060 0.817 0.955 0.988

7 N, N N, 0.530 0.138 0. 059 0.819 0. 959 0. 990
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