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CGA-MAE: Camera-Guided Alignment to Auxiliary Point Cloud

Masked Autoencoders for 3D Object Detection
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Abstract: Masked Autoencoders have demonstrated remarkable proficiency in acquiring robust visual representations and
achieving cutting-edge outcomes across diverse independent modalities, However, only a handful of studies have delved into
their efficacy within multi-modality environments. In this work, we focus on LiDAR point cloud and Camera image, two modali-
ties commonly coexistent in real-world scenarios, aiming to explore their intricate interactions. To improve upon the cross-modal
synergy in existing works, we project the feature in the bird’s eye view(BEV) plane to receive more geometry information and
propose CGA-MAE, a simple and effective cross-modal fusion self-supervised pretraining method based on Camera-Guided
Alignment (CGA), which can bridge the BEV feature learning gap between LiDAR and Camera. We initially recognize the sig-
nificance of masking strategies between these sources, leveraging a projection module, we harmonize the alignment of masks and
visible tokens inherent in both modalities. Then, we propose a new Modality Feature Fusion Model called MFFM to promote the
interaction between the LiDAR feature and the Camera Feature. Through extensive experiments performed on large NuScenes
Dataset, we discover it is nontrivial to interactively learn LIDAR-Camera features, where Our approach significantly advances
the State-Of-The-Art (SOTA), achieving a mean Average Precision (mAP) of 67.8% and a nuScenes Detection Score (NDS) of

71.0%.

Key Words: Masked Autoencoder, LIDAR-Camera, Feature Alignment, Multi-Modality and Feature Fusion

1 Introduction

With the proliferation of autonomous driving technology,
the need for effectively sensing 3D environments has be-
come paramount. While LiDAR-based methods have made
significant advancements, outdoor point cloud data acquired
via radar still lacks several crucial geometric attributes at a
fine-grained level. Furthermore, unlike pixel data, the num-
ber of points within different data frames is variable, which
results in a mismatch in the degree of correlation between
discrete point clouds due to temporal shifts in spatial align-
ment. This, in turn, leads to a reduction in the model’s gener-
alization capacity and a subsequent decrease in the accuracy
of the validation set. As a result, there is ample room for im-
provement in current point cloud target detection algorithms.

A straightforward approach to improving LiDAR-based
3D object detection involves enhancing feature extraction
through methods such as Fartherest Pointing Sampling (FPS)
and Pillar Feature Extracting method, etc. These techniques
aim to constrain the correlation between features in point
clouds, providing a more robust representation of point cloud
sequences depicting the same object with varying morpholo-
gies. However, these algorithms will have to increase the
computational effort of the whole work, while the geometry-
level clues will still not be fully captured. Another strat-
egy involves fusing pixel information from cameras to match
point cloud features, utilizing pixel data to correlate with
the spatial position information of the point cloud. Unfor-
tunately, this approach is both more resource-intensive and
less effective. Relying solely on a single feature alignment
or fusion method restricts the model’s ability to fully com-
prehend the potential features or representations of objects.

This work was supported by Robotics Institute of Zhejiang University
under Grant K12201. 1: Equal first authorship. *: Corresponding author
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Fig. 1: Camera-Guided Alignment (CGA) mask strategy.
Compared with the traditional MAE masking method, CGA-
MAE can utilize the special pixel information and feature
geometry information brought by the image to obtain better
reconstruction results for the point cloud.

As an alternative, the Bird’s-Eye-View (BEV) based
framework has gained considerable attention for providing a
comprehensive feature representation space. This approach
framework is drawing extensive attention to offer a holis-
tic feature representation space from multi-camera images
and has made substantial improvements. The BEV-based ap-
proach is capable of fusing information from multi-camera
images into the BEV space, and many works have already
utilized BEV for the analysis of multi-camera images and Li-
DAR points. Camera images and LiDAR point clouds, and
the results have verified that the method can indeed make up
for the better spatial correlation of LiDAR point clouds. Im-
portantly, the output from the BEV-based framework proves
highly applicable to downstream task predictions. Despite
the advancement achieved in this field, a distinct perfor-
mance gap remains between multi-camera BEV and LiDAR-
based 3D object detection. The original intention of doing
multi-modal fusion at the BEV level is to obtain better fea-
ture representation and associated point cloud objects How-
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