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A two-stage lightweight approach for depth estimation

DING Chengwei',  WEI Guoliang®

(1. School of Optical—Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China; 2. Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: To address the issues in traditional monocular depth estimation —where relative
estimation methods lose scale information, metric estimation methods suffer from insufficient edge
precision, and existing depth networks have large parameter counts and high computational
costs—a two-stage fusion framework called LacDepth was proposed. This framework aimed to fuse
metric and relative estimation methods through two stages. In the first stage, the deep residual pyramid
module adopted a multi-scale Laplacian residual compensation mechanism and effectively improved the

geometric fidelity of edge contours via a high-frequency feature enhancement strategy. In the second
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stage, the lightweight attractor-driven classifier constructed a three-level cascaded depth interval

prediction network, established a pixel-level probability density function based on the conditional log-

binomial distribution, and realized sub-interval fine-tuning of relative depth values through

differentiable weighting. Experimental results show that LacDepth achieves the best comprehensive

performance on the KITTI dataset, with an average relative error of 0.059 and a parameter count of

9.8x10°, demonstrating significant advantages in balancing precision and efficiency.

Keywords: depth estimation; multi-scale feature fusion; feature enhancement; lightweight network;

classification strategy
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Tab.1 Quantitative comparison of non-lightweight methods on the KITTI dataset
Jrik E e Abs Rel Sq Rel RMSE RMSELog 6<1.25 5<1.25 §<1.25°
Geonet™ 31.6x10° 0.149 1.06 5.567 0226 0.796 0.935 0.975
Monoformer”” 23.9x10° 0.108 0.806 4594 0.184 0.806 0.963 0.983
LocalBins'"! 36.0x10° 0.059 0.269 2.405 0.075 0.97 0.96 0.99
Depth Anything™ 24.8x10° 0.047 1.928 0.125 0.071 0.981 0.998 1.000
X2 BERAFEREKTTIHRE LHEBERILE
Tab.2 Quantitative comparison of lightweight methods on the KITTI dataset
Tk E e Abs Rel Sq Rel RMSE RMSELog 0<1.25 0<1.25" 0<1.25°
R-MSFM6™" 3.8x10° 0.126 0.944 4981 0.204 0.857 0.952 0978
Lite-Depth™” 3.1x10° 0.116 0.845 4841 0.190 0.866 0.957 0.982
Lite-Mono®" 8.7x10° 0.101 0.729 4.454 0.098 0.897 0.965 0.983
PrimeDepth”” 9.0x10° 0.069 — — 0.102 0.913 0.968 0.980
ESS 9.8x10° 0.059 0.208 2.415 0.091 0.959 0.995 0.980
*3 AEMAETE NYU Depth V2 HiEE L EEERILE
Tab.3 Quantitative comparison of different methods on the NYU Depth V2 dataset
it Abs Rel RMSE RMSELog 5<1.25 <125 <125’
AdaBins'""! 0.103 0.364 0.044 0.903 0.984 0.997
Depth Anything™” 0.056 0.206 0.024 0.984 0.998 1.000
Lite-Mono'™"! 0.101 0.454 0.078 0.897 0.965 0.983
PrimeDepth'™ 0.058 — 0.030 0.966 0.998 0.999
A 0.0787 0.287 0.033 0.953 0.995 0.999

AdaBins

Mh o] I W S

2 2

Monodepth2

Lite-Mono

6 AREFFIETE KITTI 5 £ 8 FNR & B R F)
Fig.6 Prediction depth map examples of different methods on the KITTI dataset
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Tab.4 Performance comparison of different backbones on the KITTI dataset

2t SRk /(s ) Abs Rel Sq Rel RMSE RMSELog 9<1.25 9<1.25° 0<1.25°
MobileNetV2 15.7 38.6 0.072 0.284 2.76 0.109 0.941 0.99 0.998
VGGI19 239 34.1 0.066 0.242 2.619 0.098 0.95 0.992 0.998
InceptionV3 17.7 36.7 0.063 0.232 2.563 0.095 0.955 0.993 0.999
ResNet-101 73.5 32.1 0.059 0.212 2.446 0.091 0.964 0.994 0.999
x5 KITTI HEE L AEREREZERE R ERE LR
Tab.5 Performance comparison of residual module levels at different depths on the KITTI dataset
e SA Abs Rel Sq Rel RMSE RMSELog <125 <125’ 0<1.25’
BRI 0.080 0.315 3.174 0.123 0.921 0.972 0.992
%32 0.065 0.239 2.695 0.107 0.950 0.989 0.997
2 0.059 0.208 2.415 0.090 0.964 0.994 0.999
%6)= 0.058 0.206 2.396 0.089 0.964 0.995 0.999
FE 0.058 0.205 2.350 0.086 0.964 0.995 0.999
6 KITTI & EARE ERESFEEMEERELLE
Tab.6 Performance comparison of different upsampling pyramid structures on the KITTI dataset
Lt Abs Rel RMSE RMSELog 6<1.25 <125’ <125’
No Pyramid 0.062 3.174 0.223 0.891 0.962 0.992
Residual 0.061 2.434 0.205 0.892 0.952 0.992
Dense 0.060 2.431 0.203 0.895 0.955 0.990
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Tab.7 Performance comparison of different classification
strategies on the KITTI dataset

WRZS eSS Config REL RMSE
Naive — — 0.062 2.65
splitter factor=2 0.060 2.49
{8,8,3,8} 0.061 2.51
Metric {16,2,2,16} 0.061 2.48
attractor
{1,48,16} 0.061 2.44
{16,8,4,1} 0.059 241

ZAEXH B IR e . 3 e A 9 AR OB AL AE
KITTI b FH 2% A4 % 50 351 53 475 F1 softmax MR (1
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Rel &y 2.41) {8 # softmax(Abs Rel & 2.44) 5 3 45
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