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Visual Attention-Based Self-Supervised Monocular Depth Estimation
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Abstract: To solve the problem of poor prediction of complex texture areas with existing monocular depth
estimation methods. We propose a visual attention-based self-supervised monocular depth estimation
method. Firstly, this method provides better fusion of multiple features by fusing multi-scale source images as
input to the encoder. Then through parallel intermediate attention modules interacted across regions, we mod-
elled semantic dependencies in the spatial dimension and channel dimension respectively, to obtain rich con-
textual information. In addition, the continuous external attentional feature aggregation module was used to
form the decoder part, which effectively used contextual information to solve the maladjustment problem in
complex regions. Experimental results on KITTI and Cityscapes datasets show that our method is better than
the current mainstream methods, with better depth prediction performance in complex texture regions. In the
KITTI dataset, RMS and RMSIn reached 4.486 and 0.181, respectively.
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Klingner %1% M+Se 0.113 0.835 4.693 0.191 0.879 0.961 0.981
Lee %500 M+Se 0.112 0.777 4772 0.191 0.872 0.959 0.982
Poggi %17 M 0.111 0.863 4.756 0.188 0.881 0.961 0.982
ResNetl8  Patil 251 M 0.111 0.821 4.650 0.187 0.883 0.961 0.982
Choi %5 M+Se 0.112 0.788 4.582 0.187 0.878 0.963 0.983
B AR AR M 0.108 0.756 4.677 0.186 0.882 0.961 0.983
Wang %541 M 0.109 0.792 4.632 0.185 0.884 0.962 0.983
Yan %121 M 0.110 0.812 4.686 0.187 0.882 0.962 0.983
Jung 250 M+Se 0.105 0.722 4.547 0.182 0.886 0.964 0.984
AR M+Se 0.105 0.750 4.486 0.181 0.891 0.965 0.984
Klingner %% M+Se 0.112 0.833 4.688 0.190 0.884 0.961 0.981
Godard % M 0.110 0.831 4.642 0.187 0.883 0.962 0.982
Lu %504 M 0.117 0.900 4.826 0.196 0.873 0.967 0.980
ResNet50  Shu 45042 M 0.104 0.792 4.481 0.179 0.893 0.965 0.984
Yan %121 M 0.105 0.769 4.535 0.181 0.892 0.964 0.983
Jung 250 M+Se 0.102 0.675 4.393 0.178 0.893 0.966 0.984
AR M+Se 0.102 0.705 4.390 0.176 0.896 0.967 0.985
PackNet Guizilini 2 M 0.111 0.785 4.601 0.189 0.878 0.960 0.984

. HRF R B, FRIZFER IR, AbsRel, SqRel, RMS, RMSIn {H il /MR, o B PR
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Fz2 KITTIH#FEE LAHERISIINER

Tk MFI  EAFF IAM AbsRel | SqRel | RMS | RMSIn | 5<125 1 5<125° 1 §5<1251
Baseline 0.105 0.722 4.547 0.182 0.886 0.964 0.984
N 0.107 0.762 4.501 0.181 0.889 0.964 0.984
v 0.106 0.738 4.496 0.181 0.887 0.964 0.984
VAMF
v N v 0.105 0.750 4.486 0.181 0.891 0.965 0.984
N v 0.106 0.754 4.498 0.181 0.891 0.965 0.984

. MR F R AL, AbsRel, SqRel, RMS, RMSIn {28 /NG BT, & [HB RO BT
F3 KITTI HEE L ARIFENERATEER

SPAM CAM AbsRel | SqRel | RMS | RMSIn | 5<125 1 5<125% 1 5<125 1
0.107 0.762 4.501 0.181 0.889 0.965 0.984
J 0.107 0.759 4.486 0.180 0.888 0.964 0.984
J 0.106 0.764 4.496 0.182 0.890 0.965 0.984
J J 0.105 0.750 4.486 0.181 0.891 0.965 0.984

. MR E R L. AbsRel, SqRel, RMS, RMSIn {28 /NG BT, & [HB RO

WO RS, TR 2 ANVE R BHORB R TR, L B, 55 AR B3 T ORI R M AT T L
RMSIn $5ERE/MIHR S A B A FF AT S5 BRI LU AN e MR IR (5 3 A 8 7519

T3l HRCR. HEBR). T[El 6 FF T o U R TR A
3.43  EMESHY T, SCHR[S] S EHEMBR, Ky
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c. AR
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