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Self-supervised monocular depth estimation based on improved

densenet and wavelet decomposition
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Abstract: The traditional self-supervised monocular depth estimation model has limitations in extracting
and fusing shallow features, leading to issues such as omission detection of small objects and blurring of
object edges. To address these problems, a self-supervised monocular depth estimation model based on
improved dense network and wavelet decomposition is proposed in this paper. The whole framework of the
model follows the structure of U-net, in which the encoder adopts the improved densenet to improve the
ability of feature extraction and fusion. A detail enhancement module is introduced in the skipping

connections to further refine and integrate the multi—scale features generated by the encoder. The decoder
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incorporates wavelet decomposition, enabling better focus on high—frequency information during decoding

to achieve precise edge refinement. Experimental results demonstrate that our method exhibits stronger

capability in capturing depth estimation for small objects, resulting in clearer and more accurate edges in the

generated depth map.

Key words: signal and information processing; depth estimation; self-supervision; densenet; wavelet

decomposition; detail enhancement
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Fig.1 The deep estimation network architecture in this paper
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Table 1 Encoder network structure parameters
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Fig.3 Inverse discrete wavelet transform
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Garg™ S 0.152 1.226 5.849 0.246 0.784 0.921 0.967
Monodepth R50"! S 0.133 1.142 5.533 0.230 0.830 0.936 0.970
StrAT!® S 0.128 1.019 5.403 0.227 0.827 0.935 0.971
3Net R50% S 0.129 0.996 5.281 0.223 0.831 0.939 0.974
3Net VGG S 0.119 1.201 5.888 0.208 0.844 0.941 0.978
Super[)eplh 3] S 0.112 0.875 4.958 0.207 0.852 0.947 0.977
VA-Depth'*° M 0.112 0.864 4.804 0.190 0.877 0.959 0.982
Zeeshan'"! M 0.113 0.903 4.863 0.193 0.877 0.959 0.981
STDepthFormer "’ M 0.110 0.805 4.678 0.187 0.878 0.961 0.983
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A3 (HD) S 0.097 0.726 4.531 0.195 0.884 0.955 0.978
Monodepth2™® MS 0.106 0.818 4.750 0.196 0.874 0.957 0.979
WaveletMonodepth'*!’ MS 0.109 0.814 4.808 0.198 0.868 0.955 0.980
S 0.100 0.731 4.536 0.190 0.882 0.959 0.980
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Fig.5 Comparison of visualization results on the KITTI dataset
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Fig. 6 Comparison of visualization results on the CityScapes dataset
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Table 3 Migration test results on the CityScapes

dataset
RIRES AbsRel SqRel RMSE RMSElog
Monodepth R50"! 0.210  2.230  9.430 0.311
Monodepth2'™ 0.182  1.880  8.870 0.253
WaveletMonodepth?  0.185  1.950  8.659 0.248
A3 0.175  1.831  8.590 0.242
3.4 HELSEIS

38 3V il S 0 — 20 B IR 25 AR B A Rk
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FHR B I/ 27 o 5 SCHR 8T Ry 7 i A S 4k
i (R AR 1) 8 R LA /N o fife 0 ik i 2%
e s 2, 45 R KW, &1 1) DenseNet-D
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KU TERE . LR SLE 2 FISC S 34 AR AT LLE

DEM fg 6 75 — & B2 B b A7 25088 U8 BE A 1 19 2%
BORE B o I LA S 80 2 FN S8l 4 $5 4 T LA A
SR A T R, XU A RIS
DenseNet—D [ 2% 1 g it #5 g 06 % 5 ik 17 50 47
R R AE B2 B, 44 TR R B Ak ot P 4% 0 TR R L R A
HEAE T, AT w3 R B A TR BE T BEAR R 22 . I
Hb AH T8 ResNet £E 2 4 15 4% , DenseNet=D
9 2 B AL 6.95 M, i /b T ResNetl8 #
11.2 M,
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TR, B A 19 DenseNet P 4% 25 44 B #e
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Table 4 Ablation experiment of modules

R4 AXBRBERIE

S8 Densenet-D  DEM  Wavelet  AbsRel ~ SqRel ~ RMSE ~ RMSElog  6<C1.25  §<C{1.25° §<1.25°
1 X X X 0.108 0.842 4.891 0.207 0.865 0.949 0.976
2 X X N 0.110 0.876 4.916 0.206 0.864 0.950 0.976
3 X N J 0.107 0.865 4.891 0.204 0.867 0.950 0.976
4 N, X J 0.105 0.810 4.739 0.202 0.876 0.952 0.976
5 N, N/ N 0.103 0.801 4.727 0.201 0.877 0.953 0.976

x5 AXHEIR[EITHMER
Table 5 Ablation experiment of encoder design
SEH D AbsRel SqRel RMSE RMSElog 0<1.25 6<1.25" 0<1.25°
1 DenseNet121 0.106 0.862 4.882 0.203 0.872 0.951 0.976
2 DenseNet169 0.108 0.892 4.972 0.205 0.871 0.950 0.976
3 DenseNet121-D 0.103 0.801 4.727 0.201 0.877 0.953 0.976
4 DenseNet169-D 0.102 0.797 4.745 0.200 0.879 0.953 0.976

4 ZEfE
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FEAE B HIF ) A% B 5 78 Bk BRGE b ¥t T DEM,

T2 REDGRAESE— P M85 ik
IDW T 36 U214 HH 388 2o 390 000 /N g 2R 40 R 3k AR
JRUREE . SEUG 2 AR AT A Ik AT
P AE KITTI Ml CityScapes ¥ ¥ 4 52 B T 8 /)
) 15 22 R I 2 A A B 5 78 KIT TR CityScapes %1
P 5 1 00 AT AR AR 45 AR R, 3RS T IRDIR T 1 X
Sl NSV A A T TR B X3 2 TR] 320 % TV R
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