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Abstract

The objective of this paper is to learn context- and depth-
aware feature representation to solve the problem of monoc-
ular 3D object detection. We make following contributions:
(i) rather than appealing to the complicated pseudo-LiDAR
based approach, we propose a depth-conditioned dynamic
message propagation (DDMP) network to effectively in-
tegrate the multi-scale depth information with the image
context; (ii) this is achieved by first adaptively sampling
context-aware nodes in the image context and then dynam-
ically predicting hybrid depth-dependent filter weights and
affinity matrices for propagating information; (iii) by aug-
menting a center-aware depth encoding (CDE) task, our
method successfully alleviates the inaccurate depth prior;
(iv) we thoroughly demonstrate the effectiveness of our pro-
posed approach and show state-of-the-art results among
the monocular-based approaches on the KITTI benchmark
dataset. Particularly, we rank 1 in the highly competitive
KITTI monocular 3D object detection track on the submis-
sion day (November 16th, 2020). Code and models are re-
leased at https://github.com/fudan—zvg/DDMP

1. Introduction

Object detection is a fundamental problem in computer
vision. Although promising progress in 2D object detection
has been made [16, 24, 33, 39, 42] with convolutional neu-
ral networks (CNNs) in recent years, 3D object detection
that perceives 3D object location, physical dimension, and
orientation, still remains challenging and critical in appli-
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Figure 1. Left: DDMP adaptively samples context-aware nodes
(top) in the image context and dynamically predicting hybrid
depth-dependent filter weights and affinity matrices (bottom) for
propagating information. Right: the improvement of DDMP-3D
(red) over the baseline (yellow) via center-aware depth encoding.

cations such as autonomous driving [10, 14], robotic grasp
and navigation [9,40], and Mixed Reality (MR) [38].

LiDAR point cloud based methods [11, 20, 35,45, 52]
have excelled in 3D object detection and achieve superior
performance, however, they still depend on the expensive
LiDAR sensors and sparse data representation to make them
scalable. Cheaper alternative such as perceiving RGB im-
ages that are captured by the monocular camera is draw-
ing increasing attention. Some image-only based meth-
ods [1,2,6,23,27] aim to explore the 2D-3D geometric
consistency for recovering reasonable 3D detection. Nev-
ertheless, the performance is still far from satisfactory. This
is because (i) scale variance caused by the perspective pro-
jection. The monocular views at far and near distance cause
significant changes in object scales. It is difficult for con-
ventional CNNs (e.g., 2D conv) to process objects of differ-
ent scales. (ii) lack of depth cues for the CNNs to capture
the depth-aware feature for 3D reasoning.

Recent efforts have been made to pursue pseudo-LiDAR
based approaches [25,43,44,48]. The pseudo-LiDAR ap-
proaches first transform depth maps estimated from 2D im-
ages to point cloud data representations and then adopt ex-
isting LIDAR-based 3D detectors for prediction. Although
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