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Two design paradigms for rotated detectors ¢

» Induction paradigm

» Deduction paradigm

horznal Induction rott|on Deduction rotat|o
special to general to
general special
// '\\

L (A TR e S E—
optimize ", reg.loss ./ optimize optimize / reg.loss,; " optimize
VT l | et v
L -norm L, -norm L, -norm KLD

(x,y.w, h) ¥ xy.w,h.0) (.. w, h) )



*'r;..i‘. 0}

2 NEURAL INFORMATION
. . *%1% PROCESSING SYSTEMS
Induction paradigm DQZ

O‘;.

1. For horizontal bounding box regression, the model mainly outputs four items for

. . Ty — Ty Yp — Ya w h
location and size: = ———th = = & =In( — ,tZ=1n —~) to match the four targets
W, T W, h.

- da - Ja h
from the ground truth ¢ = Zt—%a 4 % Y 4w t =In( 2
W, ' hq wa Ba

2. Extending the above horizontal case, existing rotation detection models also use
regression loss which simply involves an extra angle parameter
t§ = f(6p — 9a)7t2 = f(6: — 6a)

3. The overall regression loss for rotation detection is:

Livey = Ly NOP (T o N s Ny NN )

where At, =t8—tf =82 At =P —t! = AU At,, =18 —tt = In(w,/wy), Aty =18 —tt =

l a ) : Y ’Lu

In(hy/ht), and Aty = t, — te = Q.
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Deduction paradigm bo
- Gaussian Distribution 158( = 50.00
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Property 2: X'/2(w, h,0) = 2V2(w, h,0 — 7); 0 —

-200 —1I50 —1IOO —I50 0 50 1(I)0 15;0 200
Property 3: 3/2(w, h,0) ~ 22 (w, h,0 — 5),ifw = h.

Property 1: 3'/2(w, h,0) = V2 (h,w, 0 —

(SIE]

X. Yang, et al. "Rethinking Rotated Object Detection with Gaussian Wasserstein Distance Loss.” In ICML 2021.
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Wasserstein Distance

> (General formula :

D, (Np, Mi)? = ||y — ]2 + Tr(Z, + 2 — 2(° 5, 5,)/%)1?)

7

~N" Y

center distance coupling terms about hy,, wp and 6,

» Horizontal special case:

1/2 1/2
D" (N, Ni)? = [l — pe |2 + |25 — 22|12

= (wp — mt)z x (yp — 'yt)2 T ((wp — wt)2 SN (hp — ht)z) /4
= ly-norm(Ax, Ay, Aw/2, Ah/2)
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Kullback-Leibler Divergence
> General formula :
1 B 1 B 1 |2t|
Dkl(N HM) = 5( “t)TEt 1(“19 — M) + ETr(Et lzp) + §ln BN -
~ ), p
or term about zp and g, coupling terms al;gut hp, wp and 6,
1 ~ 1 ~ 1. %,
Du(Ni|INp) = 5 (B — 1) B3t (p — pe) + 5 Te(E5 ) + Sln 1
2 2 2 |3
chain coupling :)rf all parameters
» Horizontal special case :
1 (w2 hE 4A2x  4A? w? h?
D} (N, |ING) = = 12)—1- Z—f— 5 2y—|~ln—t+ln——2
2 wy h; Wy h; wp hp
1 1

1
= 2ly-norm(At,, At,) + l;-norm(In At,,, In Aty) + Elz-norm( )—1

At,, ’ Aty



® .00. U
A e,
2° " NEURAL INFORMATION
¢%.. PROCESSING SYSTEMS

Ri¢

High-Precision Detection (KLD>GWD>smooth L1)

1. Specific expressions of KLD's main three terms:

- 4(Az cosb; + Aysinb,)®  4(Aycosb; — Azsinh,)?
(”’p_l-l't)TZtl(P'p_ut) = i

w? hg
h2 wi . h? w2
Tr(2;'%,) = —sin? A + —sin® A + —cos® Af + —cos® Af

I - h2 B2 A2

t t t t
X h? w?
Y — +In—
|3y | hp Wy

where Az =z, —z;, Ay =y, —y, A0 =6, — 0,
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High-Precision Detection (KLD>GWD>smooth L1)

2. Without loss of generality, we set 8; = 0, then:

.
O fri(1p) _ (%Am,iAy)

Oy L h

When 6; # 0, the gradient of the object offset (Ax and Ay) will be dynamically adjusted

according to the 8, for better optimization. In contrast, the gradient of the center point in

GWD and L2-norm are:
OfL, (kp) 2 2

afw(,ulp)
= (2Az,2Ay) " = (—Az, —Ay)'
o (2Az,2Ay) o (wg 22 Y)
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High-Precision Detection (KLD>GWD>smooth L1)
3. For hy, and wy,, we have
Ofu (2 h2 h2 Ofu (2 2 2
fia(Zp) = —2cos? A+ —sin? A — 1, fia (%) = 2r cos® AG + &sinz A6 —1
dlnh, h? w? 0 Inwy wy h

On the one hand, the optimization of the h, and wy, is affected by the A6. When A6 = 0:

Ofr(2p) _ h12> 1 Afr(Zp) _ wz% 1
Olnh, hf " Oln wp w%

which means that the smaller targeted height or width leads to heavier penalty on its
matching loss. This is desirable, as smaller height or width needs higher matching

precision.
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High-Precision Detection (KLD>GWD>smooth L1)
4. For 6: Ofu(3p) _ hi — wp i wp — hy oA D
0 wy hi

On the other hand, the optimization of A8 is also affected by h, and w,. When h, =
hy

S W, = W O i (2 h? ;
p f’;g r) ( 2 _|_wt —2) sin 2A60 > sin 2A0
b

wy Ry
This shows that the larger the aspect ratio of the object, the model will pay more
attention to the optimization of the angle. This is the main reason why the KLD-based

model has a huge advantage in high-precision detection as a slight angle error would

cause a serious accuracy drop for large aspect ratios objects.
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Obviously GWD and L,-norm are not scale-invariant .
For two known Gaussian distributions X, ~ N, (g, 2,)  Xi ~ N (e, ;) and a full-rank

matrix M (|JM| # 0), we have :
X =MX, ~ N,(Mp,, MZ,M "), X, = MX; ~ N;(Mp;, MZ,M ")

We mark them as N and Ny, then their KLD is calculated as follows:

1 el
Dkl(-/vp’ ||'/vt’) = 5(/"}7 - I—"t)TMT(MT) 12t ‘M 1M(F"p — )
1 1. M|z M’
+ =Tr ((MT)—lzt_lM’ 1MZ}pI\/IT) + =In M1 | -1
2 2 M|z, M|

1 ~ 1 1 ey 1|3
= E(Np _Nt)thl(l‘p_l‘t)"'ETr (MT(MT) lzth 1M2p)+§1n

3|

= Dy (Np|IMVG)
Therefore, KLD is actually affine invariance. WhenM = KI, the scale invariance of KLD

has been proved.
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» After conducting high-precision detection experiments on 3 data sets and 2

Some Important Experiments

detectors, we found that KLD almost beats the other two loss functions.

Table 3: High-precision detection experiment under different regression loss. ‘R’, *F" and ‘G’ indicate
random rotation, flipping, and graying, respectively.

Method Dataset Data Aug. | Reg. Loss | Hmean;o/AP;;  Hmeango/APgy §| Hmeanys/AP7z;  Hmeangs/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 (+11.589) 17.14 (+4.58) 52.89 (+5.13)
KLD 87.45 (+3.17) 86.72 (+11.98) § 72.39(+2397) 27.68 (+15.12) 57.80 (+10.04)
HRSC2016 | R+F+G  —ercar T T v — X ]| 4347 358 36.18
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)
Smooth L1 70.98 6242 36.73 12.56 37.89
MSRA-TDS00 R+F+G GWD 76.76 (+5.78) 68.58 (+6.16) 44.21 (+748) 17.75 (+5.19) 43.62 (+5.73)
KLD 76.96 (+5.98) T0.08 (+7.66) 46.95 (+10.22) 19.59 (+7.03) 45.24 (+7.35)
Smooth L1 69.78 64.15 3697 3.71 37.73
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) 4446 (+7.49) 10.70 (+1.99) 42.68 (+4.95)
Smooth L1 7483 69.46 42.02 11.59 41.98
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) 72.77 (+3.31) 43.27 (+1.25) 11.09 05 43.65 (+1.67)
' . Smooth L1 74.28 68.12 35.73 8.01 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 I KLD 77.72 (+2.43) 71.99 (+3.87) 43.95 (+8.22) 10,43 (+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 (+1.5%) 43.61 (+3.05)
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» We conducted verification experiments on some more challenging datasets, such as
DOTA-v1.5 and DOTA-v2.0 (including many tiny objects less than 10 pixels). KLD still

performs best.

Table 5: 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 (f € [—90°,90°)) of RBox.

: . v 1.0 tranval/test 3 v 1.0 trman/val | v1.5 v2.0
Baseline Method Box Def. -ppr—sUr IV —SH"™ HAT | 17 RAV [ T-APy  APu | AP AP APies | AP | APu
D 14217 6593 SI.I1 7261 5324 7838 6200 | 6078 6573 | 6470 3231 3450 5887 | 4416

- D, 3831 6048 4977 6829 5128 7860 6002 | S8.11  64.17 | 6221 2606 3149 | 56.10 | 43.06

loU-Smooth L1 [3] Do 4432 6303 5125 7278 5621 | 7798 6322 | 61.26 6699 | 64.61 34.17 3623 | 59.16 | 46.31

Modulated Loss [43] D.. 4292 6792 5291 7267 5364 | 8022 5821 | 61.21 6605 | 6350 3332 3461 | 5775 | 45.17

RetinaNer | Modulated Loss [43] | Quad. | 4321 7078 S$4.70 7268 60.99 | 7972 6208 | 6345 6720 | 65.15 4059 3912 | 61.42 | 46.71
2 RIL [32) Quad. | 4081 6763 5545 7242 5549 | 7809 6475 | 6200 6606 6407 4098 3905 | 5891 | 4535
CSL [4] D, 4225 6828 5451 7285 5310 | 7559 5899 | 6080 6738 | 6440 3258 3504 | 58.55 | 43.34

DCL (BCL) [44] D, 4140 6582 5627 73.80 5430 | 7902 6025 | 61.55 6739 | 6593 3566 3671 | 5938 | 4546

GWD [5) D.. 4407 7192 6256 7794 6025 | 7964 6352 | 6570 6893 | 6544 3868 3871 | 60.03 | 46.65

KLD D, |4400 7445 7248 8430 6554  80.03 6505 | 6941 71.28  68.14 4448 4215 | 6250 | 47.69

- D.. | 4415 7509 7288 8604 5649 | 8253 6101 | 6831 7066 | 67.18 3841 3846 | 6291 | 48.43

R*Det (26] DCL (BCL) [44] D 4684 7487 7496 8570 5772 | 8406 63.77 | 6970 7121 | 6745 3544 3754 | 6198 | 4871
- GWD [5) D.. 4673 7584 78.00 8671 62.69 | 83.09 61.12 | 70.60 7156 | 69.28 4335 41.56 | 6322 | 49.25
KLD D, |4834 7509 7888 8652 6548 8208 6151 | 7113 7173 | 68.87 4448 4211 | 65.18 | 50.90
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» In the horizontal detection task (COCO dataset), KLD also maintains a similar level with
commonly used loss functions, such as GloU.

Table 6: Performance evaluation of KLLD on classic horizontal detection.

Detector | Reg.Loss | AP | APsy | AP75 | AP, | AP,, | AP; || Detector | Reg.Loss | AP | APs5y | AP75 | 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 | 224 | 414 | 49.1

RetinaNet GloU ’ 37.4 | 56.7 39.7 ’ 222 | 41.7 | 48.1 Faster RCNN GloU 38.3 | 58.7 415 | 225 | 41.7 | 49.7
KLD 38.0 | 564 40.6 1 233 | 43.2 493 KLD 38.2 | 58.7 417 | 226 | 41.8 | 49.3

» We conducted experiments on different variants of KLD on two datasets, and found that

the final performance was similar, eliminating the interference of asymmetry on the results.

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

Dataset | Dkl (J’\'rp| |J'\'rt) | Dkl (J/\'rt | |a"\'"’p) | Dkl_m-i n (-”V’pl |-"\'ft) | Dkl_m.aa: (JN";)| |J’\'rt) | D js (A"rpl |J?\"Ft) | D jeffreys (JNG)l I-A'ft)
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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» Finally, in the SOTA experiment of DOTA-v1.0, we also achieved the highest

performance in the current published papers.

Table 7: 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 [46] and Hourglass-104 [47], respectively. MS
indicates that multi-scale training/testing is used. Red and blue indicate the top two performances.

| Method Backbone MS  PL BD BR GITF SV LV SH TC BC ST SBF RA HA sp HC | APy,
TICNT[29] R-101 v 8140 7430 4770 7030 6490 67.80 7000 90.80 79.10 7820 3360 6290 6700 6420 35020 | 68.20
Rol-Trans. [11] R-101 v 8864 7852 4344 7592 6881 7368 8359 9074 7727 8146 5839 5354 6283 5893 4767 | 69.56
SCRDet [3) R-101 v 8998 8065 5209 6836 6836 6032 7241 9085 8794 8686 6502 6668 6625 6824 6521 7261

% | Ghiding Vertex [48) R-101 8964 8500 5226 7734 7301 7314 8682 9074 79.02 $6.81 5955 7091 7294 7086 $7.32  75.02
Z | Mask OBB [49) RX-101 v 8956 8595 5421 7290 7652 7416 8563 8985 8381 S$648 5489 6964 TIM 6906 6332 7533
g CenterMap OBB [50) R-101 v 8983 8441 5460 7025 7766 7832 8709 9066 S$4.890 8527 5646 6923 7413 TIS6 6606 | 76.03
& | FPN-CSL [4] R-152 v 9025 8553 5464 7531 7044 7351 7762 9084 86,15 8669 6960 6804 7383 TLIO 6893 | 7617
RSDet-11 [43) R-152 v 8993 8445 5377 7435 7152 7831 7812 9LI4 8735 8693 6564 65.17 7535 7974 6331 | 76.34
SCRDet++ [S51] R-101 v 9005 8439 5544 7399 77.54 71 u 86,05 9067 8732 S7.08 6962 6890 7374 7129 6508 7681

| ReDet 152) ReR-50 v 8881 8248 6083 8082 7834 $8.31 9087 8877 8703 6865 6690 7926 T9.71 7467 | 80.10
T PIU30) DLASZA[S3] 8090 6970 2410 6020 38, m—a“.ai— o480 9090 77X 7040 4650 ITI0 STII0 619 6400 1 6050
O*.DNet [54] H-104 v 8931 8214 4733 6121 7132 7403 7862 9076 8223 S1.36 6093 6017 5821 6698 61.03 7104

DAL [14] R-101 v 8861 7969 4627 7037 6589 7610 7853 9084 7998 7841 S871 6202 6923 7132 6065 7178

¥ | P-RSD«t [55) R-101 v 8858 7783 5044 6929 7110 7579 7866 9088 S$0.00 S1.71 5792 6303 6630 6977 63.13 | 7230
Z | BBAVectors [36) R-101 v B835 7996 5069 6218 7843 7898 8794 9085 8338 8435 S4.03 6024 6522 6428 5590 | 7232
4 | DRN[13) H-104 v 8971 8234 4722 6410 7622 7443 8584 9057 S$6.18 8489 5765 6193 6930 6963 5848 | 7323
£ | PolarDet [57) R-101 v 8965 8707 4814 7097 7853 8034 8745 9076 8563 8687 6164 7032 7192 7309 6715 76.64
Z | RDD (58] R-101 v 8915 8392 5251 7306 7781 7900 8708 9062 8672 8715 639 7029 7698 7579 7215 | 7775
GWD [5) R-152 v 8906 8432 5533 7753 7695 7028 8395 8975 84.51 8606 7347 67.77 7260 7576 74.17 | 7743
KLD R-50 8891 8371 5010 6875 7820 7605 8458 8941 8615 8528 6315 6090 7506 7TIS1 6745 7528

‘ R-50 v 8891 8523 5364 8123 7820 7699 8458 8950 8684 8638 7169 6806 7595 7223 7542 7832
T TCFCNea [31] R-101 v 8908 8041 5241 7002 7628 7801 8721 9089 8447 8564 6051 6152 6782 6802 S0.09 | 7350
R*Det [26) R-152 v 8980 8377 4811 6677 7876 8327 8784 9082 8538 8551 6567 6268 6753 7856 7262 | 7647

» | DAL[14) R-50 v 8969 8311 5503 7100 7830 8190 8846 90890 8497 8746 6441 6565 7686 T209 6435 | 7695
F | DCL[44) R-152 v 8926 8360 5354 7276 7904 8256 8731 9067 8639 8698 6749 6688 7329 7056 6999 7737
7 | RIDet [32) R-50 v 8931 8077 5407 7638 7981 8199 8913 9072 8358 §7.22 6442 6756 7808 79.17 6207 | 77.62
,_5 STA-Net[12) R-101 v 8928 8411 5695 7921 8018 8293 8921 9086 8466 8761 7166 6823 7858 7820 6555  79.15
&  R'De-GWD (5] R-152 v 8966 8499 5926 8219 7897 8483 8770 9021 8654 S$6.85 7304 6756 7692 7922 7492  S0.19
R-50 8890 84.17 5580 6935 7872 8408 87.00 8975 8432 8573 6474 6180 7662 7849 7089  77.36

R*Det-KLD R-50 v 8990 8491 5921 7874 7882 8395 8741 8989 8663 8669 7047 7087 7696 7940 78.62 80.17
R-152 v 8992 8513 59.19 8133 7882 8438 8750 89.80 8733 8700 7257 7135 7712 7934 7868 | 80.63
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Paper: https://arxiv.org/abs/2106.01883

Code: https://github.com/yangxue082//RotationDetection
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