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Figure 2. An overview of CentripetalNet. As the corner prediction and feature adaption of top-left corner and bottom-right corner are
similar, we only draw top-left corner module for simplicity. Centripetal shift module gets predicted corners and adapted features, then it
predicts the centripetal shift of each corner and performs corner matching based on the predicted corners and centripetal shifts. During
matching, if the positions of the shifted corners are close enough, they form a bounding box with a high score.

(a) Source Only (b) SWDA (CVPR 2019) (¢) HTCN (Ours)
Figure 5: Illustration of the detection results on the target domain. First and second rows: Cityscapes — Foggy-Cityscapes.

Third and fourth rows: Sim10K—Cityscapes. Best view in color.
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(a) Image (b) Semantic Segmentation

(d) Panoptic Segméntazion

(c) Instance Segmentation
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Frame t-1 with target bboxes {b*, ;} Optical Flow t-1—t
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Figure 2. The overall view of Flow-Fuse-Tracker (FFT) for multiple object tracking. FlowTracker and FuseTracker (in bold grey boxes)
are the two DNN modules of our FFT network. In the FlowTracker, the optical flow is generated from two sequential frames, and the
target bboxes {bf_,} (zreen dashed bboxes) at frame ¢ — 1 are regressed to the bboxes {bf } at frame ¢ through the optical flow. In the
FuseTracker, the bboxes from both {bf} and public detections D (red bboxes) at frame # are refined and fused. The FuseTracker outputs
the final tracking results (21ccn bboxes with shadow). (Best viewed in color)
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