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Abstract The mainstream monocular 3D object detection algorithms typically rely on a keypoint-
based paradigm. While widely adopted, these approaches often face challenges in accurately
predicting keypoints and estimating depth, which ultimately limit the performance of monocular
3D detectors. The core problem lies in the inherent difficulty of generating precise keypoints and
depth values from a single 2D image. This paper introduces a novel solution to these issues,
which is a monocular 3D detector named MonoAux that incorporates multi-keypoint constraints
and depth estimation assistance. Traditional monocular 3D detection algorithms generally use the
center projection point of the 3D bounding box as the primary keypoint for detection and
localization tasks. However, relying solely on this center point often leads to suboptimal results,
as it doesn’t fully capture the spatial characteristics of the object. To improve the precision of
keypoint prediction, MonoAux introduces multiple keypoints into the process. Specifically, it
uses the corner points of the 3D bounding box and the center points of both the upper and lower

surfaces of the bounding box. These additional keypoints serve as supplementary constraints to
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improve the prediction of keypoint prediction, and thus enhance the algorithm’s ability to
accurately estimate the object’s orientation and shape in 3D space. By improving the prediction of
these keypoints, MonoAux is able to generate more accurate 3D bounding boxes. which in turn
improves the object detection performance. In addition to the multi-keypoint constraints,
MonoAux introduces a novel approach to depth estimation that operates entirely without the use of
LiDAR data. Many state-of-the-art (SOTA) 3D object detection methods rely on LiDAR point
clouds to obtain accurate depth information, but this can be computationally expensive and
requires specialized hardware. MonoAux tackles this challenge by proposing a LiDAR-free
decoupling depth estimation method. which enhances the accuracy of depth estimation using only
the geometric relationships inherent in the scene. This approach provides auxiliary supervision
signals to improve the accuracy of depth prediction, even without the need for LIDAR data. As a
result, the algorithm can estimate depth more accurately while maintaining efficiency and
eliminating the need for expensive sensors. One of the key strengths of MonoAux is that the
additional multi-keypoint constraints and depth estimation assistance are only applied during the
training phase. This means that during the inference phase. there is no additional computational
cost. The effectiveness of MonoAux is validated through experiments conducted on the KITTI3D
object detection validation set and test set. These results show a substantial improvement in
performance, with MonoAux achieving a 3. 87% and 4. 64% increase in object detection accuracy
compared to the baseline network MonoDLE. Moreover. when compared to other state-of-the-
art methods, MonoAux demonstrates significant performance advantages. It even outperforms
some methods that rely on additional data, further proving its robustness and efficiency. In
summary, MonoAux offers a significant advancement in monocular 3D object detection by
addressing the core challenges of keypoint prediction and depth estimation. Its innovative use of
multi-keypoint constraints and LiDAR-free depth estimation assistance not only improves
accuracy but also ensures efficiency during the inference phase. The results on benchmark datasets
underscore its potential to outperform existing methods, making it a promising solution for a range

of applications.
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PR RIE EAR . A T hn 24 e R A
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4.07.14. 06vs. 11. 99) . UEBA T 5| A5 s 5 Bh =%~
TAE S5 Re AT A0 R AR T . (EAR VR B2 . X
FIA B 55 R SRR 1 T AT 55
Jei BRI SR I R A PERE IR T A SR AR
TR FRATT R B P AE T R BRI SR ar 3
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5 AW A% 2 TO0I A9 2 = X [ B 4> 435 AT A
B J B O R TEORS o ) OC A TN 2 A6r Mg L DA
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Background

3D object detection can provide information such as object
center point coordinates, object size and deviation angle , making
it an indispensable capability for autonomous driving, robot
navigation, etc. Compared to binocular cameras, monocular
cameras have advantages such as simple structure, low
economic costs and convenient calibration, therefore,
monocular 3D object detection has received increasing attention.
However, due to the lack of accurate depth estimation, the
accuracy of 3D object detection methods without LiDAR point
clouds is still very low, which cannot meet the needs of practical
applications.

The existing mainstream monocular 3D object detection
algorithms adopt the keypoint-based paradigm, and this paradigm
results in inaccurate key-point prediction and depth estimation,
which hinder the performance of monocular 3D detectors. In
order to overcome the bottleneck issues of inaccurate keypoint-
based prediction and depth estimation, which affect the accuracy
of monocular 3D object detection. this paper proposes a novel
monocular 3D detector called MonoAux with multi-keypoint
constraints and depth estimation assistance. MonoAux adopts the

corner projection points of the 3D detection bounding box, as well
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as the center projection points of the upper and lower surfaces as
supplements for the center projection points of the 3D bounding
box, and thus the constraint of multiple keypoints improves the
precision of keypoint prediction. Additionally, a LiDAR-Free
decoupling depth estimation method is proposed to enhance the
accuracy of depth estimation, which provides more auxiliary
supervision signals for depth estimation by exploiting geometric
relationships, even without introducing additional LiDAR point
cloud data. Mult-keypoint constraints and depth estimation
assistance are only used during the training phase, and do not
introduce additional computational costs during the inference
phase. The results on the KITTI3D object detection validation
set and test set show that the proposed MonoAux algorithm
improves 3D object detection accuracy by 3.87% and 4.64%
compared to the baseline network MonoDLE. Furthermore,
compared with other SOTA methods, the proposed method also
has significant performance advantages, even better than some
methods that use additional data.

Our group is investigating 3D object detection. Aiming at
the low accuracy of existing binocular stereo matching and depth
estimation methods, we propose a multi-scale binocular stereo

matching network based on semantic association. In view of the
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accuracy of existing 3D object detection algorithms based on
Pseudo-LiDAR is far lower than that based on real LIDAR, we
study the reconstruction of Pseudo-LiDAR and proposes a 3D
object detection algorithm suitable for Pseudo-LLiIDAR. Furthermore,
we propose MonoSKD, a novel knowledge distillation framework

for monocular 3D detection based on Spearman correlation

coefficient, to learn the relative correlation between cross-modal
features. Our method achieves state-of-the-art performance until
submission with no additional inference computational cost. In
fact, the combination of MonoAux proposed in this paper and
MonoSKD achieved Rank 1 on the official KITTI3D test set

when it was submitted.



