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3D Object Detection

REF: https://www.groundai.com/project/mvx-net-multimodal-voxelnet-for-3d-object-detection/1

Fig. 1: Example 3D detection result from the KITTI validation set 
projected onto an image. 

Fig. 2: A visual representation of the 3D detection 
problem from Bird’s Eye View (BEV).

Recently, 2D vehicle detectiors achieved more than 90% Average Precision

whereas average precision of 3D vehicle detection achieved only 70%
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3D Object Detection Methods

Table 1. Comparison of 3D object detection methods by category

Category Methodology/Advantages Limitations Method

Monocular

Use single RGB images to predict 3D object bounding boxes. Predicts 2D bounding 
boxes on the image plane then extrapolate them to 3D through reprojection 
constraints or bounding box regression.

The lack of explicit depth information on the input format 
limits the accuracy of localization performance.

Mono3D
3DVP
SubCNN
DeepManta

Point-cloud

Projection

Project point clouds into a 2D image and use established architectures for object 
detection on 2D images with extensions to regress 3D bounding boxes.

Projecting the point cloud data inevitably causes 
information loss. It also prevents the explicit encoding of 
spatial information as in raw point cloud data.

VeloFCN
C-YOLO

Volumetric

Generates a 3 dimensional representation of the point cloud in a voxel structure 
and uses FCNs to predict object detections. Shape information is encoded explicitly.

Expensive 3D convolutions increase models inference time. 
The volumetric representation is sparse and 
computationally inefficient.

3DFCN
Vote3Deep

PointNet

Uses feed-forward networks consuming raw 3d point clouds to generate 
predictions on class and estimated bounding boxes.

Considering the whole point cloud as input can increase 
run-time. Difficult establishing region proposals 
considering raw point inputs.

VoxelNet

Fusion
Fuses both front view images and point clouds to generate a robust detections.
Architectures usually consider multiple branches, one per modality, and rely on 
region proposals. Allows modalities to interact and complement each other.

Requires calibration between sensors, and depending on 
the architecture can be computationally expensive.

MV3D
AVOD
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Monocular-based Methods: Mono3D

X. Chen, K. Kundu, Z. Zhang, H. Ma, S. Fidler, and R. Urtasun, “Monocular 3D object detection for autonomous driving,” 

in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jun. 2016, pp. 2147–2156.
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Monocular-based Methods: 3D Voxel Patterns (3DVP)

Y. Xiang, W. Choi, Y. Lin, and S. Savarese, “Data-driven 3D voxel patterns for object category recognition,” in Proc. IEEE 

Conf. Comput. Vis. Pattern Recognit., Jun. 2015, pp. 1903–1911.
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Monocular-based Methods: SubCNN

Y. Xiang, W. Choi, Y. Lin, and S. Savarese, “Subcategory-aware convolutional neural networks for object proposals and 

detection,” in Proc. IEEE Winter Conf. Appl. Comput. Vis. (WACV), Mar. 2017, pp. 924–933.
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Monocular-based Methods: DeepManta

F. Chabot, M. Chaouch, J. Rabarisoa, C. Teulière, and T. Chateau, “Deep MANTA: A coarse-to-fine many-task network for joint 2D 

and 3D vehicle analysis from monocular image,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017, pp. 1827–1836.

Fig 1. Overview of the Deep MANTA approach.
The entire input image is forwarded inside the Deep
MANTA network.
Conv layers with the same color share the same
weights. Moreover, these three convolutional blocks
correspond to the split of existing CNN architecture.
The inference step allows to choose the best
corresponding 3D template using template similarity
Tj and then performs 2D/3D pose computation using
the associated 3D shape.
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Point cloud Projection-based Methods: VeloFCN

B. Li, T. Zhang, and T. Xia, “Vehicle detection from 3D Lidar using fully convolutional network,” in Proc. Robot., Sci. Syst. XII, 

AnnArbor, MI, USA, Jun. 2016. [Online]. Available: http://www.roboticsproceedings.org/rss12/
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Point cloud Projection-based Methods: C-YOLO

M. Simon, S. Milz, K. Amende, and H. Gross. (Mar. 2018). “ComplexYOLO: Real-time 3D object detection on point clouds.” [Online].

Available: https://arxiv.org/abs/1803.06199

Fig. 1. Complex-YOLO is a very efficient model that directly
operates on Lidar only based birds-eye-view RGB-
maps to estimate and localize accurate 3D multiclass
bounding boxes. The upper part of the figure shows a
bird view based on a Velodyne HDL64 point cloud such
as the predicted objects. The lower one outlines the
re-projection of the 3D boxes into image space. Note:
Complex-YOLO needs no camera image as input, it is
Lidar based only.
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Point cloud Volumetric-based Methods: 3DFCN

B. Li, “3D fully convolutional network for vehicle detection in point cloud,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst. (IROS), Sep. 

2017, pp. 1513–1518. 
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Point cloud Volumetric-based Methods: Vote3Deep

B. Li, “3D fully convolutional network for vehicle detection in point cloud,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst. (IROS), Sep. 

2017, pp. 1513–1518. 

Fig. 1. The result of applying Vote3Deep to an unseen point cloud from 
the KITTI dataset, with the corresponding image for reference. 
The CNNs apply sparse convolutions natively in 3D via voting. 
The model detects cars (red), pedestrians (blue), and cyclists (magenta), 
even at long range, and assigns bounding boxes (green) sized by class. 
Best viewed in colour. 
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Point cloud PointNet-based Methods: VoxelNet

Y. Zhou and O. Tuzel. (Nov. 2017). “VoxelNet: End-to-end learning for point cloud based 3D object detection.” [Online]. Available: 

https://arxiv.org/abs/1711.06396
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Fusion-based Methods: MV3D

X. Chen, H. Ma, J. Wan, B. Li, and T. Xia, “Multi-view 3D object detection network for autonomous driving,” in Proc. IEEE Conf. 

Comput. Vis. Pattern Recognit. (CVPR), Jul. 2017, pp. 6526–6534.
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KITTI Test set Results
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