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MonoDI: Monocular 3D object detection based on fusing depth instances
Ke Zhao, HaoRan Dong, Ning Ye

(College of Information Science and Technology & Atrtificial Intelligence, Nanjing Forestry University, Nanjing210037, China)

Abstract: Monocular 3D object detection aims to locate the 3D bounding boxes of objects in a single 2D input image,
which is an extremely challenging task in the absence of image depth information. To address the issues of poor
detection performance due to the absence of depth information during inference on 2D images and background noise
interference in depth maps, this paper proposes a monocular 3D object detection method called MonoDI, which
integrates depth instances. The key idea is to utilize depth information generated by an effective depth estimation
network and combine it with instance segmentation masks to obtain depth instances, and then integrate the depth
instances with 2D image information to aid in regressing 3D object information. To better use the depth instance
information, this paper designs an Iterative Depth-Aware Attention Fusion module (iterative depth aware attention fusion
module, iDAAFM), integrating depth instance feature with 2D image feature to obtain a feature representation with
clear object boundaries and depth information. Subsequently, a residual convolutional structure is introduced during
training and inference to replace the general single convolutional structure to ensure stability and efficiency of the
network when processing fused information. At the same time, we design a 3D bounding box uncertainty auxiliary task
to assist task help in learning the generation of bounding boxes in training and improving the accuracy of monocular 3D
object detection. Finally, the effectiveness of the method is validated on the KITTI dataset and experimental results show
that the proposed method improves the average precision of vehicle category detection under moderate difficulty on the
KITTI dataset by 4.41 percentage points compared to the baseline method, and outperforms comparative methods such
as MonoCon and MonoLSS, and it also achieves superior results on the KITTI-nuScenes cross-dataset evaluation.
Keywords: monocular 3D object detection; Instance segmentation; feature fusion; residual convolution; auxiliary
learning
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Tab. 2 Performance Comparison of MonoDI and other Methods based on Bird’s Eye View and 3D Bounding Boxes

o AP35 (10U=0.7|R40) APgey (10U=0.7|R40) Runtime (ms)
Easy Mod Hard Easy Mod Har
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Tab. 3 Ablation study results

S AP35 (10U=0.7|R40) APgey (10U=0.7|R40)
Easy Mod Hard Easy Mod Hard
ek 23.31 17. 66 15. 05 32.06 23.69 20. 48
+@ 24. 61 17.92 15. 19 33.76 24.19 20.78
+© 25.55 18. 47 15. 57 33.97 24.52 21.06
+D+2 26.72 19.13 15. 97 34. 43 25. 42 21.95
+D+2+B) 28. 46 21.15 17.23 38.25 27.68 23.18
+D+@+@ 27.09 19. 36 16. 28 37.02 26. 16 22.69
+C>:E%+C> 29.53 22.07 17.74 39. 37 28. 52 23.91
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Tab. 4 Cross—dataset evaluation results

. KITTI Val nuScenes frontal Val

Sk 020 2040 40 ALL 020 2040 40 ALL
M3D-RPNE! 0.56 1.33 2.73 1.26 0.94 3.06 10.36 2.67
MonoRCNNE® 0,46  1.27 2.59 1.14 0.94 2.84 865  2.39

GUPNetE 0.45 1.10 1.85 0.89 0.82 1.70 6. 20 1.45
MonoLSs!? 0.35 0.89 1.77 0.82 0.59 2.01 5. 40 1.42
MonoDI 0.33 0.8 1.62 0.77 0.68 1.72 4.35  1.27

M 4 7] LUR ARSI AR RN BB 7y B B P I AR ZZE A TR, Rl iR AE 40-oo BRES 73 Bt biR
ZERRARE R, XU WA SO 7 iR R R AR e R 8 H AR (R IR SN BE 0 B B IR T T
2.7 ARLER IR



~ (b) MonoCon J73% (o) AXAE

3 ArMALEs

Fig. 3 Visualization results
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