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Doc(woc, hoc, Ooc 3 Woce 2 hoc

B )
Dle (wle, hl67 916) - { Doc(hoca Woc, 906 + 900)-, otherwise

. Dle(wle;hle70le), 0[6 € [—900,00)
Doc(wom hoc; 906) = { Dle(hle, Wie, Ole — 900)’ i herwise

https://zhuanlan.zhihu.com/p/459018810
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Algorithm 1 IoU computation

1: Input: Rectangles Ry, Ro, ..., Ry

2. IoU[1, N][1,N] «+ 0

3: for each pair of R;, R; (i < j) do

4. Pointset PSet «+ 0

5 Add intersection points of R; and R, to PSet
6

7

8

9

Add the vertices of R; inside R; into PSet
Add the vertices of R?; inside R; into PSet
Sort PSet to anti-clockwise order

: Compute intersection I of PSet by triangulation | U _ Area of Overlap
10: IoU(3, j) < (Area(R;) + Area(R;) - 1)/ - ]
O — Area of Union

12: return IoU

https://github.com/open-mmlab/mmcv/pull/1854
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. Offset

—e—1-iou --®- smooth-I1 1-1/(2+In(gwd)) —e- 1-1/(2+sqgrt(gwd)) —e—1-diou

10 12 14 16

45

Angle difference

—e—1-iou --®- smooth-I1 1-1/(1+In(gwd)) =-e-1-1/(2+In(gwd)) =-e=-1-1/(3+In(gwd))
-e-1-1/(5+In(gwd)) —e- 1-1/(1+sqrt(gwd))—e- 1-1/(2+sqrt(gwd))—e- 1-1/(3+sqgrt(gwd))--e--1-1/(5+sqrt(gwd))

Loss

0

1.00 3.00 5.00 7.00 9.00 11.00 13.00 15.00
Aspect ratio

—e—1-jou --®-smooth-I1 1-1/(2+In(gwd)) —e- 1-1/(2+sqrt(gwd))
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/' Casel KN E XK \
Anchor/Proposal: (0,0,70,10, —90°)

Predict box: (0,0,70,10, —115°)

wayl
=w,h = h,|0 — 0] = 180°

IoU<(,P>>1

w Smooth-L1 Loss< ;, P >PoA>> 0
le

Anchor/Proposal: (0,0,70,10, —90°)

RN

Predict box: (0,0,70,10,65°)
way?2
=w,h=h,|0-0]=0°

TIoU< (, P>~ 1
Smooth-L1 Loss< (;, P>= 0

Long Edge
Definition

ges EEN I BN BN EE S S S S S .y
- O S S S S S S e S e e e
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OpenCV )
Case 2 p /EX/%
Anchor/Proposal: (0,0,70,10, —90°)
b Predict box: (0,0,70,10, —115°)
oC
wayl —h = w|0—0] = 90°
x ToU< G, P>~ 1
Smooth-L1 Loss< ¢, P >PoA + EoE>> 0
WOC
|
|
I
v +Ah Anchor/Proposal: (0,0,70,10, —90°
W
way?2 : .
OpenCV Y Predict box: (0,0,10,70, —25°)
Definition =w,h=nh,|0-0|=0°

IoU< (, P>~ 1
Smooth-L1 Loss< ¢;, P>~ 0
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Ve : N\
/Case 3 Square-Like Problem .
I' Anchor/Proposal: (0,0,45,44,0°) ~A9. -89 Anchor/Proposal: (0,0,45,44,0°) |
| ’
] |
| Predict box: (0,0,45,44, —60°) '* Predict box: (0,0,45,44,30°) I
: ~w=h=h|0—-0=0° ~w=h=h/|0—0| =90° |
IoU<,P>%=1 IoU<,P>%=1 I
| Smooth-L1 Loss< ., P>~ 0 Wi, Smooth-L1 Loss< ¢, P >>> 0 |
I Long Edge Definition
|
: et pesat (DU, —207) S8 A0 , L Anchor/Proposal: (0,0,44,45,—90°) |
wa wa i’
Predict box: (0,0,44,45, —30°) \ ¢ woe W . I
| A 1 Predict box: (0,0,44,45, —120°) I
\
lwewehehl0—8=0° v
~wxhxh])—0]=0 2 ~wxh~hl0o-0=90° |
| ToU< ,P>~1 . IoU<,P>~1 I
9
\SmoothERLossS G =10 g oo Smooth-L1 Loss< (., P >=PoA >
\ OpenCYV Definition
\ /
-
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Deduction rOtt'O
general to

special

4 N

o j g
1optlmlze 1 / reg. Ioss‘ optimize

\\\\\

optimize ‘reg. loss %, Y,

L -norm Il N L, -norm L, -norm » | KLD
(x,y,w, h) (x,y,w, h, 0) (x,y,w, h) W, X)

X. Yang, et al. "Rethinking Rotated Object Detection with Gaussian Wasserstein Distance Loss.” In ICML 2021.
X.Yang, et al. "Learning High-Precision Bounding Box for Rotated Object Detection via Kullback-Leibler Divergence.” In NeurlPS 2021.
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Lyeg = lp-norm (At,, Aty, Aty,, Aty, Atg)

where At, = t8 —t! = 82 At, = b —t! = % Aty =12 —tt = In(w,/w;), At), = th —t} =
In(hy/he), and Aty = t, — th = AB.
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D! (N, No)? = [l — e 2 + |25 — =072)12

= (wp — mt)z A (yp - yt)2 T ((wp — 'wt)z - (hp — ht)z) /4
= ly-norm(Az, Ay, Aw/2,Ah/2)
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Table 3: High-precision detection experiment under different regression loss. ‘R, *F’
random rotation, flipping, and graying, respectively.

SO

and ‘G’ indicate

Method Dataset Data Aug. | Reg. Loss | Hmeans;o/APso  Hmeangp/APsp | Hmeanys/AP7;  Hmeanss/APss | Hmeanso.a5/APso.05
| Smooth L1 84.28 74.74 48.42 12.56 47.76
RetinaNet GWD 85.56 (+1.28) 84.04 (+9.30) 60.31 (+11.89) 17.14 (+4.58) 52.89 (+5.13)
- KLD 87.45 (+3.17) 86.72 (+11.98) 7239 (+23.97) 27.68 (+15.12) 57.80 (+10.04)
HRSC2016 | R+F+G  —moGRLT | 88.32 ~T001 a342 s ~46.18
R*Det GWD 89.43 (+0.91) 88.89 (+9.88) | 65.88(+22.46)  15.02 (+10.44) 56.07 (+9.89)
KLD 89.97 (+1.45) 89.73 (+10.72) 77.38 (+33.96)  25.12 (+20.54) 61.40 (+15.22)
'["'Sii\'(mﬂiT.Tw B | 1, ) TR v v P TR | 7 - REERtE | 1| YRR B v (1| Cra——
MSRA-TD500 R+F+G GWD 76.76 (+5.78) 68.58 (+6.16) 44.21 (+7.48) 17.75 (+5.19) 43.62 (+5.73)
KLD 76.96 (+5.98) T70.08 (+7.66) 46.95 (+10.22) 19.59 (+7.03) 45.24 (+7.35)
["Smooth L1 69.78 64.15 ; 36.97 8.71 3773
RetinaNet F GWD 74.29 (+4.51) 68.34 (+4.19) 43.39 (+6.42) 10.50 (+1.79) 41.68 (+3.95)
KLD 75.32 (+5.54) 69.94 (+5.79) 44.46 (+7.49) 10.70 (+1.99) 42.68 (+1.95)
[Smooth LT | 7483 6046 | 4202 s 4198
R+F GWD 76.15 (+1.32) 71.26 (+1.80) 45.59 (+3.57) 11.65 (+0.06) 43.58 (+1.60)
ICDAR2015 | KLD 77.92 (+3.09) 7277 (+331) | 43.27 (+1.25) 11.09 (0. 43.65 (+1.67)
S | Smooth L1 74.28 68.12 35.73 3.01 39.10
F GWD 75.59 (+1.31) 68.36 (+0.24) 40.24 (+4.51) 9.15 (+1.14) 40.80 (+1.70)
R*Det | KLD 77.72 (+2.43) 71.99 (+387) 43.95 (+8.22) 1043 (+2.42) 43.29 (+4.19)
| Smooth L1 75.53 69.69 37.69 9.03 40.56
R+F GWD 77.09 (+1.56) 71.52 (+1.83) 41.08 (+3.39) 10.10 (+1.07) 42.17 (+1.61)
KLD 79.63 (+4.63) 73.30 (+3.61) 43.51 (+5.82) 10.61 (+1.58) 43.61 (+3.05)
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Table 6: Accuracy comparison between different rotation detectors on DOTA dataset.  and *
represent the large aspect ratio object and the square-like object, respectively. The bold red and blue
fonts indicate the top two performances respectively. D,. and D, represent OpenCV Definition
(0 € [-90°,0°)) and Long Edge Definition (6 € [—90°,90°)) of RBox.

3 v1.0 tranval/test v1.0 train/val vl.5 v2.0
Bilrcline METDS Box Def. |—pRr—SVvi Lvi SHT HAT | ST° RAT | 7APsy AP, | APsy  AP; APiges | APag | APog
D.. | 4217 6593 SLIT 7261 5324 | 7838 6200 | 60.78 6573 | 6470 3231 3450 | 58.87 | 44.16

- D, | 3831 6048 4977 6829 5128 | 78.60 60.02 | 58.11 64.17 | 6221 26.06 3149 | 56.10 | 43.06

IoU-Smooth L1 [3] D,. | 4432 6303 5125 7278 5621 | 7798 6322 | 6126 6699 | 64.61 34.17 3623 | 59.16 | 46.31

Modulated Loss [46] | D,. | 4292 6792 5291 7267 53.64 | 8022 5821 | 6121 66.05 | 63.50 3332 3461 | 57.75 | 45.17

RetinaNer | Modulated Loss [46] | Quad. | 4321 70.78 5470 7268 60.99 | 7972 6208 | 6345 6720 | 6515 4059 3912 | 6142 | 46.71
RIL [35] Quad. | 40.81 67.63 5545 7242 5549 | 7809 64.75 | 6209 66.06 | 64.07 4098 39.05 | 5891 | 45.35

CSL [4] D, | 4225 6828 5451 7285 53.10 | 7559 5899 | 60.80 6738 | 64.40 32.58 3504 | 58.55 | 43.34

DCL (BCL) [47] D | 4140 6582 5627 73.80 5430 | 79.02 6025 | 6155 67.39 | 6593 3566 3671 | 59.38 | 45.46

GWD [5] D,. | 4407 7192 6256 7794 6025 | 79.64 6352 | 6570 68.93 | 6544 13868 3871 | 60.03 | 46.65

KLD D,. | 4400 7445 7248 8430 6554 | 80.03 65.05 | 69.41 7128  68.14 4448 4215 | 62.50 | 47.69

- Do, | 44.15 7509 72.88 8604 5649 | 82.53 61.01 | 6831 70.66 | 67.18 3841 3846 | 6291 | 48.43

- DCL (BCL) [47] Di. | 46.84 7487 7496 8570 5772 | 84.06 63.77 | 69.70 7121 | 6745 3544 3754 | 61.98 | 48.71
GWD [5] D,. | 4673 7584 7800 86.71 62.69 | 83.09 61.12 | 70.60 71.56 | 69.28 4335 41.56 | 63.22 | 49.25

KLD D,. | 4834 7509 78.88 8652 6548 | 8208 6151 | 71.13 7173 | 68.87 4448 4211 | 65.18 | 50.90
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Table 6: Performance evaluation of KLLD on classic horizontal detection.
Detector | Reg.Loss | AP | APsy | AP75 | AP, | AP, | AP; || Detector | Reg.Loss | AP | APsy | APz | AP, | AP, | AP
Smooth L1 | 37.2 | 56.6 | 39.7 | 21.4 | 41.1 | 48.0 Smooth L1 | 37.9 | 58.8 | 41.0 | 22.4 | 41.4 | 49.1
RetinaNet | GIoU | 374 | 567 | 39.7 | 222 | 41.7 | 48.1 || Faster RCNN | GloU | 383 | 58.7 | 41.5 | 225 | 41.7 | 49.7
| KLD | 380 | 564 | 40.6 233 | 432 | 493 KLD 382 | 587 | 417 | 226 | 41.8 | 493

= BAITNKIDAR BAERERNEIERE L#HIT T LR, RIKEWREE
A2y, HEBR T ANFREXNSE R TIL.

Table 2: Ablation of different KLD-based regression loss form. The based detector is RetinaNet.

Dataset | Dy(Np||N) | Dii(WNa|[Np) | Dit_min(NplINt) | Dit_maz (NplIN:) | Djs(NplINt) | Dijegsreys(NpllNe)
DOTA-v1.0 70.17 70.64 70.71 70.55 69.67 70.56
HRSC2016 82.83 83.82 83.60 82.70 84.06 83.66
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Table 8: AP on different objects on DOTA-v1.0. Here R-101 denotes ResNet-101 (likewise for R-50,
R-152), and RX-101 and H-104 represent ResNeXt101 [5S0] and Hourglass-104 [51], respectively. MS

indicates that multi-scale training/testing is used. Red and blue indicate the top two performances.

Method Backbone MS PL BD BR GTF SV LV SH TC BC ST SBF RA HA Sp HC | AP5o

ICN [32] R-101 v | 8140 7430 4770 7030 6490 67.80 70.00 90.80 79.10 7820 53.60 6290 67.00 6420 50.20 | 68.20
Rol-Trans. [12] R-101 v | 88.64 7852 4344 7592 6881 73.68 8359 90.74 7727 8146 5839 5354 6283 5893 47.67 | 69.56
SCRDet [3] R-101 v | 8998 80.65 5209 6836 6836 6032 7241 90.85 8794 86.86 6502 66.68 6625 68.24 6521 | 72.61

& | Gliding Vertex [52] R-101 89.64 8500 5226 7734 73.01 7314 86.82 90.74 79.02 86.81 5955 7091 7294 70.86 57.32 | 75.02
£ | Mask OBB [53] RX-101 v | 89.56 8595 5421 7290 7652 74.16 8563 89.85 8381 8648 5489 69.64 7394 69.06 6332 | 75.33
g CenterMap OBB [54] R-101 v | 89.83 8441 5460 7025 77.66 7832 87.19 90.66 84.89 8527 5646 6923 7413 7156 66.06 | 76.03
= | FPN-CSL [4] R-152 v | 9025 8553 5464 7531 7044 7351 77.62 90.84 86.15 86.69 69.60 68.04 7383 71.10 6893 | 76.17
RSDet-II [46] R-152 v | 8993 8445 5377 7435 7152 7831 78.12 9114 8735 8693 6564 6517 7535 79.74 6331 | 76.34
SCRDet++ [55] R-101 v 19005 8439 5544 7399 7754 7111 86.05 90.67 8732 87.08 69.62 6890 7374 7129 65.08 | 76.81
ReDet [56] ReR-50 v | 88.81 8248 60.83 80.82 7834 86.06 8831 90.87 88.77 87.03 68.65 6690 79.26 79.71 74.67 | 80.10
PloU [33] DLA-34 [57] 8090 69.70 24.10 60.20 3830 6440 64.80 9090 77.20 7040 46.50 37.10 57.10 61.90 64.00 | 60.50
0O%-DNet [58) H-104 v | 8931 8214 4733 6121 7132 7403 78.62 90.76 8223 8136 6093 60.17 5821 6698 61.03 | 71.04
DAL [15] R-101 v | 8861 79.69 4627 7037 6589 76.10 7853 90.84 7998 7841 5871 62.02 6923 7132 6065 | 71.78

% | P-RSDet [59] R-101 v | 8858 77.83 5044 6929 71.10 7579 78.66 90.88 80.10 81.71 5792 63.03 6630 69.77 63.13 | 72.30
Z | BBAVectors [60] R-101 v | 8835 7996 5069 62.18 7843 7898 8794 90.85 8358 8435 54.13 60.24 6522 6428 5570 | 72.32
© | DRN[14] H-104 v | 8971 8234 4722 6410 7622 7443 8584 90.57 86.18 84.89 5765 6193 6930 69.63 5848 | 73.23
ch PolarDet [61] R-101 v | 89.65 87.07 48.14 7097 7853 8034 8745 90.76 8563 86.87 61.64 7032 7192 73.09 67.15 | 76.64
@ | RDD [62] R-101 v | 89.15 8392 5251 73.06 7781 79.00 87.08 90.62 8672 87.15 6396 7029 7698 7579 7215 | 77.75
GWD [5] R-152 v | 89.06 8432 5533 7753 7695 70.28 8395 89.75 8451 86.06 7347 67.77 7260 7576 74.17 | 77.43
KLD R-50 88.91 83.71 50.10 6875 7820 76.05 8458 8941 86.15 8528 63.15 6090 7506 7151 6745 | 75.28
R-50 v | 8891 8523 5364 8123 7820 7699 84.58 89.50 86.84 86.38 71.69 68.06 7595 7223 7542 | 78.32

CFC-Net [34] R-101 v | 89.08 8041 5241 70.02 7628 78.11 8721 90.89 8447 85.64 6051 6152 6782 68.02 50.09 | 73.50
R*Det [29] R-152 v | 89.80 83.77 48.11 66.77 7876 8327 87.84 90.82 8538 8551 65.67 6268 67.53 7856 72.62 | 76.47

o | DAL [15] R-50 v | 89.69 8311 5503 71.00 7830 8190 8846 90.89 8497 8746 6441 6565 7686 72.09 6435 | 76.95
& | DCL [47] R-152 v | 8926 83.60 5354 7276 79.04 8256 87.31 90.67 86.59 8698 6749 6688 7329 70.56 69.99 | 77.37
& RIDet [35] R-50 v | 8931 80.77 5407 7638 79.81 8199 89.13 90.72 8358 87.22 6442 6756 78.08 79.17 62.07 | 77.62
£ | S?A-Net [13] R-101 v | 8928 84.11 5695 7921 80.18 8293 8921 90.86 8466 87.61 7166 6823 7858 7820 6555 | 79.15
& | R®Det-GWD [5] R-152 v | 89.66 8499 5926 82.19 7897 84.83 87.70 90.21 86.54 86.85 73.04 67.56 7692 79.22 7492 | 80.19
R-50 88.90 84.17 55.80 6935 7872 8408 87.00 89.75 8432 8573 6474 61.80 7662 7849 70.89 | 77.36

R*Det-KLD R-50 v 18990 8491 5921 7874 7882 8395 8741 89.89 86.63 86.69 7047 70.87 7696 7940 78.62 | 80.17
R-152 v | 8992 8513 59.19 8133 78.82 8438 8750 89.80 8733 87.00 7257 7135 77.12 79.34 78.68 | 80.63
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(d) Invert Gaussian distribution to bbox to

(c) Get the Gaussian distribution of the
calculate approximate SkewloU

(b) Narrow the center distance by center
overlapping area by Kalman filtering

(a) Convert the bounding box to a
point loss

Gaussian distribution

Yang, Xue, et al. "The KFloU Loss for Rotated Object Detection.” arXiv preprint arXiv:2201.12558 (2022).
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Approximate SkewloU loss

0 0.2 0.4 0.8 1

11 -gwd -<kid e kfiou

Table 1: Comparison of the properties and performance of different regression losses. Base model 1s
RetinaNet. BC, SI and HP denote Boundary Continuity, Scale Invariance and Hyperparameter.

Loss Representation | Implement | BC | SI | Consistency | HP EVart DOTA-v1.0 | DOTA-v1.5 | DOTA-v2.0
Smooth L1 bbox easy X X X v (o) | 0.073201718 64.17 56.10 43.06
plain SkewloU bbox hard v |V v X - 68.27 59.01 45.87
GWD Gaussian easy v X X v (1) | 0.019041297 68.93 60.03 46.65
KLD Gaussian easy v |V v v (1) | 0.007653582 71.28 62.50 47.69
KFIoU (ours) Gaussian easy v |V v X 0.002348353 70.64 62.71 48.04
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KL-divergence: [ p(x) log(p(x)/q(x)) d(x)
Bhattacharyya distance : -In(J /p(x)q(x))d(x)
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Hou L, Lu K, Yang X, et al. G-Rep: Gaussian Representation for Arbitrary-Oriented Object Detection. arXiv preprint arXiv:2205.11796, 2022.
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(b) 3-D BBox with square shape (c) Top view of the 3-D BBox and
in top-view e.g. pedestrian. the heading is arbitrary given the
isotropic 2-D Gaussian.
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https://github.com/zhanggefan/mmdet3d-gaussian
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AlphaRotate: A Rotation Detection Benchmark using
TensorFlow

pypi package '1.0.1 § downloads 1k [ License Apache 2.0 | issue resolution '2d | open issues [14%

https://github.com/open-mmlab/mmrotate
https://github.com/yangxue0827/RotationDetection






