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To realize safe automatic driving, an accurate object detector that can also provide the basis for detection decisions is necessary. Therefore, we

adopt a multimodal method, which is currently becoming the mainstream. First, we investigate the influence of each modality on detection

results. Furthermore, a perturbation-based basis visualization method for object detection is modified for the multimodal method to show which

parts of the image and point cloud are important.
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Fig.1 : Detection rate of Car, Pedestrian, Traffic cone, and Barrier

classes for each method

-~-trailer_L
——trailer_LC
-=-bus_L
——bus_LC
-=-truck_L
——truck_LC

Distance[m]

Fig.2 : Detection rate of Trailer, Bus, and Truck classes for

each method

Fig.3 : Examples of visualization of detection results for each
method
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(c) Cloudy

(d)Night

Fig.4 : Example of projecting a point cloud onto a mask-processed

image
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Fig.5 : Mean IoU by distance for different
modalities in Sunny
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Fig.6 : Mean IoU by distance for different
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Fig.7 : Mean IoU by distance for different
modalities in Cloudy
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Fig.8 : Mean IoU by distance for different

modalities in Night
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Fig.9 : Example of visualization of detection results for
different modalities used in Sunny

Fig.10 : Example of visualization of detection results for
different modalities used in Rainy

Fig.11 : Example of visualization of detection results for
different modalities used in Cloudy

Fig.12 : Example of visualization of detection results for
different modalities used in Night

Fig.13 : Example of projecting a PointCloud onto a mask-

processed image
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Fig.14 : Importance of each modal in a scene with a

sparse point cloud of objects
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Fig.15 : Importance of each modal in a scene with a dense

Point Cloud of objects
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