TRE AL R S5 H. 2025, 33(4) Lo
e 262 - Computer Measurement & Control 1*1 -l'-l-"lg_ }Eﬁ

NEHS:1671 -4598(2025)04 - 0262 - 08 DOI:10. 16526/j. cnki. 11-4762/tp. 2025. 04. 035 hE 5 ES:TP391. 4 X EkARIRAD : A

ETHHZZENREZRRE
HiTEEHR

XM, # K, ORISR, RLER, WS
(L BWkF A 5158 TR, L 2004445
2. WHLAEZ 5 RS RA T, BUM 310051

WE: LHREEAMARHAA ML, ZRI7E, A TANSEA T Zn s T8 8RR
e T 0 T — M ) S 2 0 R el 8 O 2% A £ 3 B0 Gk U A S A R R AR [ R TR AR MR T — AT DAAE 1 G A
S TR BEAG T B0 R4 A s I A A SR ) 5 2 U Y e T g SRk 2 AR B T 0 o A AL i 00 A0 AR M BT B
A g RORIBD 1 BB S AT i o B 3 1 A T 19X 2% ) I - A T 0 4% 1 o L A B 5 3 o R B AT R
RGN 5 s LIRSS R R, N A MR SR T 8200, THEE IR T 9200, fE KITTI $did 4 ik 5]
TR bEfE . JF HAE Jetson TX2 FHEFLH A% T 50 FPS,

KRR WA REMN; A% RE: BEKRE: HEM%

Research on Fast Monocular Depth Estimation Algorithm
Based on Edge Devices
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2. Zhejiang Huayun Information Technology Company, Hangzhou 310051, China)

Abstract: Monocular depth estimation, employing a single camera with easy installation, is widely applied in the fields of
robotics and unmanned aerial vehicles. However, it adopts complex depth neural network structures based on encoder-decod-
er architectures in monocular depth estimation algorithms, which results in lower real-time inference efficiency on edge de-
vices. Consequently, a network architecture is proposed to enable real-time depth estimation on edge devices. This architec-
ture adopts an encoder designed with inverted residual blocks and a decoder redesigned with residual depth-wise separable
convolution and nearest neighbor interpolation, significantly reducing the model's parameters and computational load. Moreo-
ver, through cross-layer connections, the features from the encoder and decoder networks are fused to enhance the represen-
tation of fine-grained edge details in the depth map. Experimental results show that the proposed network structure has an
reduction of 82% in model parameters and a reduction of 92% in computational load, achieving state-of-the-art performance
on the KITTI dataset. Notably, the proposed architecture achieves a real-time inference speed of 50 frames per second (FPS)
on the Jetson TX2 platform.
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