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e Ln-norm loss has two intrinstic flaws for object objection on spherical images, i.e.,
independent optimization & inconsistency with loU-metric.

e We convert spherical boxes into Gaussian Distribution on tangent plane, and design sample
selection strategy (GLDL-ATSS) and joint-optimization regression loss (GLDL-Loss) based
on distribution distance GLDL which is more consistent with loU.
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Spherical/Panoramic Image
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e Spherical/Panoramic image is a natural extend of comon planar image.
e It has the whole 360° view with richer information and higher practice value.
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e Spherical bounding box is defined as ( 0, ¢, o, 8,7y ) .

e P(0,¢ ) is the tangent point of the sphere and
rectangular tangent plane.

e « and B are the horizontal and vertical fields of view
of the spherical bounding box.

e L1 loss optimizes box parameters
independently, inconsistent with metric.

e Moving spherical boxes without L1
change maybe causes sharp loU change,
different from planar boxes.

L1=8.42 1IoU=0.36 L1=6.78 IoU=0.38
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L1=8.42 1IoU=0.36 L1=6.78 1IoU=0.24
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e Gaussian distributions of spherical bounding boxes are constructed.

e The dynamic sample selection strategy (GLDL-ATSS) and joint-optimization regression loss
(GLDL-Loss) are designed in an alignment manner on the basis of K-L divergence.

Label Information
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Gaussian Distribution Sample Selection + Regression Loss
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1.

When the object in the polar region, its
tangent plane is 11, it can be converted
into a Gaussian distribution N (o, 2o).

o = [sin(¢o) cos(fo), sin(¢o) sin(6o), cos(¢o)]
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2. When the object in other region, we can

establish a new coordinate system based
on its tangent planeIL;.
X; = [sin(8;), — cos(6;),0] "
Y, = [cos(¢;) cos(8;), cos(o;) sin(b;), — c;in(cefJ )T
Z; = [sin(¢;) cos(6;), sin(¢p;) sin(6;), cos(qbﬁ)]

i Mathematical Details of GLDL

3. Gaussian distributions M (u;,X;) can be
constructed based X;,Y;,Z;.
i = (sin(¢;) cos(0;), sin(¢;) sin(6;), cos(¢i))
¥, =R(TAT )R, T = [X;, Y, Z;]

4. GLDL can calculated based on pi, %; .
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CVPR4:AE GLDL v.s. SphioU

e GLDL has significantly greater consistency with SphloU than L1-norm.

e GLDL has significantly greater scale invariance than SphloU.
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e Our method is robust to hyperparameters.

Dataset |7=1 7=2 7=3 r=4 7=5 baseline

360-Indoor 20.3 20.5 204 20.0 19.4 17.6
PANDORA 20.1 20.3 20.1 19.9 19.7 17.2
Dataset | c=1 ¢=2 e¢=3 e¢c=4 ¢=5 Dbaseline
360-Indoor 21.5 21.8 21.7 21.4 21.2 20.1
PANDORA 20.9 213 21.2 21.1 228 19.6

e Improvement dose not come from normalized
function itself.

Loss Normalized Function 360-Indoor | PANDORA
AP5U AP50
Smooth L1 w/ 13.7 12.9
w/o 17.6 17.2

e GLDL-ATSS and GLDL-Loss can cooperate

with each other to improve the detection

performance.
Dataset Backbone Sss Lreg AP:o
R-101 Siou (Fixed) L1 17.6
R-101 Siou (Fixed) Lcipr | 20.7 (+3.1)
360-Indoor R-101 Scipt (Fixed) | Loipr | 22.8 (+5.2)
R-101 Siu (ATSS) L1 20.1

R-101 Siu (ATSS) Loipr | 22.3 (+2.2)
R-101 ScrpL (ATSS) | LewpL | 25.0 (+4.9)

R-101 Siwu (Fixed) | Lur 172
R-101 Siou (Fixed) | LowpL | 21.4 (+4.2)
R-101 | Saip. (Fixed) | Lo | 22.7 (+5.5)
R-101 Siou (ATSS) L1 19.6
R-101 Siou (ATSS) Lcip. | 23.4 (+3.8)
R-101 ScrpL (ATSS) | Lopr | 25.2 (+5.6)

PANDORA
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e GLDL-ATSS and GLDL-loss improve various detectors on two

mainstream datasets.

Method Backbone 360-Indoor PANDORA
AP APs5q AP75 AP APs5g AP75
R-101 4.7 11.1 2.8 4.2 10.8 2.2
R-101 7.2(+2.5) 14.2(+4.1) 54(+2.4) | 7.8(+3.6) 15.6(+4.8) 4.3(+2.1)
Multi-Kernel [26 R-101 6.8(+2.1) 13.9(+2.8) 4.7(+1.9) | 6.2(+2.0) 14.5(+3.7) 3.9(+1.7)
R-101 9.3(+4.6) 17.2(+6.1) 6.6(+3.8) | 10.2(+6.0) 17.6(+6.8) 6.9(+4.4)
R-101 2.9 7.8 1.4 2.3 7.7 1.5
R-101 5.6(+2.7) 10.8(+3.0) 4.2(+2.8) | 5.9(+3.6) 12.3(+4.6) 4.9(+3.4)
Sphere-SSD [4] R-101 49(+2.0) 102(+24) 3.7(+2.3) | 4.1(+L.8) 9.8(+2.1) 3.2(+1.7)
R-101 7.8(+4.9) 12.6(+4.8) 5.4(+4.0) | 8.0(+5.7) 13.8(+6.1) 6.8(+5.3)
R-101 5.0 15.3 1.9 4.2 14.7 1.8
R-101 7.5(+2.5) 182(+2.9) 3.8(+1.9) | 7.9(+3.7) 18.7(+4.0) 4.5(+2.7)
Reprojection R-CNN [36] R-101 7.1(+2.1) 17.8(+2.5) 3.2(+1.3) | 6.8(+2.6) 17.4(+2.7) 3.0(+1.2)
R-101 10.8(+5.8) 22.5(+7.2) 5.3(+34) | 11.1(+6.9) 22.8(+8.1) 5.8(+4.0)
Sphere-CenterNet [5] R-101 100 248 6.0 i i )
R-101 11.2(+1.1) 26.1(+1.3) 74(+1.4) - - -
R-CenterNet [27] R-101 i ' ' 73 22.7 20
R-101 - - - 8.7(+1.4) 24.3(+1.6) 4.5(+1.9)




e GLDL-ATSS and GLDL-loss help detector to get more precise predicted results.
PANDORA dataset

Visualized Comparsions
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360-Indoor dataset

SoroL (ATSS) + LaLpL

Siou (Fixed) + [.:L}

ScipL (ATSS) + LoipL

SIQU (Fixed) + £Ll

10



X> sillEs

L o4
JUNE 18-22, 2023 ?

CVPR4

Hi EH' -
VANCOUVER, CANAD

Thank You
e Paper: Gaussian Label Distribution Learning for Spherical Image Object Detection

e Concat

e Hang Xu: hxu@hdu.edu.cn
e Feng Dai: fdai@ict.ac.cn
e Home of our Lab: http://iipl.net.cn/index/index.aspx

e Qiang Zhao: zhaogiang@ict.ac.cn
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