1.1 Title

SOOD: Towards Semi-Supervised Oriented Object Detection

Wei Hua*!, Dingkang Liang*!, Jingyu Li', Xiaolong Liu', Zhikang Zou?, Xiaoqing Ye?, Xiang Bai'’

'Huazhong University of Science and Technology, { whua_hust, dkliang, xbai} @hust.edu.cn
2 Baidu Inc., China
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(a) Arbitrary rotating objects (b) Small and dense objects
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(2) Oriented Object Detection
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1.2 Background

(4) Optimal transport SAtiE4H
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E 1.3 Contribution

- Proposes the first Semi-supervised Oriented Object
Detection method

- Two simple yet effective losses that enforce the instance-
level and set-level consistency between the students and the
teacher’ s predictions.




I .1 Pipeline

Dense Pseudo Labels
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E2.2 Rotation-aware Adaptive Weighting Loss
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The orientation difference can be used to
dynamically adjust the unsupervised loss.
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E2.2 Global Consistency Loss
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3.1 Experiment

1. #i#g&:. DOTA-v1.5, which contains 2806 large aerial images and 402,089 annotated
oriented objects,

2. detector: FCOS

3. backbone: ResNet-50 with FPN

Setting Method Publication 10% 20% 30%
Supervised Faster R-CNN* [31] NeurIPS 2016 43.43 51.32 53.14
et FCOS¥ [3¢] ICCV 2019 42.78 50.11 54.79
Unbiased Teacher* [25] ICLR 2021 44.51 52.80 53.33

Soft Teacher* [45] ICCV 2021 48.46 54.89 57.83

Semi-supervised Dense Teachert [51] ECCV 2022 46.90 53.93 57.86

SOODfT (ours) - 48.63 55.58 59.23




Method Publication mAP

Unbiased Teacher® [25] ICLR 2021 66.12 —=275 64.85

Soft Teacher* [45] ICCV 2021 66.12 =222, 66.40
Dense Teachert [51] ECCV 2022 65.46 -5 66,38
+2.24

SOODY (ours) - 65.46 ——— 67.70




3.1 Experiment

Setting Distance Score mAP
I - - 47.82

II - v 48.10
111 v - 47.94
v v v 48.63

mAP
Setting RAW GC
10% 20% 30%
[ - - 47.24 54.07 57.74
v - 47.82 55.21 58.93
III - v 47.71 54.72 58.70
vV v v 48.63 55.58 59.23
(1)
Setting a mAP
I 1 47.77
10 47.87
I11 50 48.63
IV 100 47.95
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3.1 Experiment

supervised Dense Teacher SOOD
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