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Monocular 3D object detection algorithm combining depth guidance and

multi-scale channel attention mechanism
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(1. School of Computer and Information Engineering, Xiamen University of Technology, Xiamen 361024, Fujian, China; 2.
School of Mathematics and Information Engineering, Longyan University, Longyan 364012, Fujian, China; 3. School of

Mathematical Sciences, Xiamen University, Xiamen 361005, Fujian, China)

Abstract: For issues where the absence of essential spatial structure signals makes it highly challenging to estimate 3D bounding
boxes accurately from a single picture, a monocular 3D object detection algorithm is proposed based on a multi-scale channel
attention mechanism plus depth guidance to conquer these challenges. To introduce 3D data and effectively capture spatial
information from different scales of feature maps, the depth maps and monocular image feature maps are pre-processed in the feature
extraction module using a pyramid split algorithm, respectively, and then on the basic of the weight using the channel-wise attention
module to calibrate the corresponding feature vectors to generate a refined feature map which is richer in multi-scale feature
information. A depth-guided dynamic local convolution network is suggested for applying depth maps as specific kernels that contain
spatial structure signals to monocular image feature maps. This method mitigates error accumulation from direct fusion and addresses
the scale sensitivity issue of objects looking larger or smaller with distance. The model’s performance is assessed and also compared
using various evaluation metrics. Experimental results demonstrate that the method proposed in this paper improves the 3D detection
accuracy for cars, pedestrians and cyclists in the autonomous driving datasets when compared to other algorithms.
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Fig.1 Tllustration of a monocular 3D object detection algorithm combining depth guidance and
multi-scale channel attention mechanism
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Table 1 Settings of the difficulty level for object detection on the KITTI dataset
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Table 2 Comparison of the average precision based on 11-point interpolation for car 3D detection
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f o 13.88 20.27 20.77 6.55 18.15 10.53 23.24 26.95 24.90
g 10.19 17.06 16.86 5.07 14.26 5.69 13.35 18.68 19.53
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Table 3 Comparison of the average precision based on Table 4 Comparison of the average precision based on
40 recall positions for car 3D detection 11-point interpolation for car BEV detection
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Table 6 Comparison of the average precision for multi-class Table 7 Comparison of the average precision for
BEV detection multi-class 3D detection
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Table 8 Comparison of various attention methods on ImageNet ( parameters (in millions) .GFLOPs and accuracy (% ) )
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Fig.2 Accuracy comparison for the classification on the KITTI dataset between ResNet and MSANet
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Table 9 Comparisons of the average precision based on Table 10 Comparisons of the average precision based on 40
11-point interpolation of different convolutional modules recall positions of different convolutional modules
for car 3D detection for car 3D detection
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Fig.3 Comparison of different parameters of the real depth map and the predicted depth map during training
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Fig.4 Typical sample scenarios in KITTI datasets
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Fig.5 Comparison of visualization results for 3D detection boxes
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Fig.6 Comparison of visualization results for bird’s eye view detection boxes
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