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Introduction

Why 3D Keypoint Detection?

» 3D object recognition, retrieval and matching

“* Global descriptors
= Require pre-segmented objects
= Performance degrades with occlusion and clutter
=  Computationally efficient
“ Local descriptors
= NoO pre-segmentation is required
= Robust against occlusion and clutter
= Computationally expensive

= Require keypoint detection
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Introduction

3D Keypoint Detectors

> Fixed scale

Local Surface Patches (LSP) [1]
Heat Kernel Signature (HKS) [2]

Intrinsic Shape Signature (ISS)
3]

Keypoint Quality (KPQ) [4]
Harris 3D [5]
Harris 6D [6]

Histogram of Normal Orientation
(HONO) [7]

» Adaptive scale

L)

J
0’0

J
0.0

J

Laplace-Beltrami Scale Space
(LBSS) [8]

Salient Point (SP) [9]

Mesh Difference of Gaussian
(Mesh-DoG) [10]

Keypoint Quality Adaptive Scale
(KPQ-AS) [4]

Adaptive scale keypoint detector are more robust and scale invariant

The detectors shown in black use the geometrical structure for keypoint detection while the keypoint
detectors shown in blue use either RGB/geometry or use both RGB and geometry information
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Existing Algorithms Drawbacks

» EXxisting 3D keypoint detectors have limited performance
% Low repeatability
“ Low distinctiveness

» Most of the existing 3D detectors either use
% Geometric information

“* Photometric appearance

» More efficient detectors are required in terms of repeatability

and distinctiveness, and use both available information
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Proposed Technique

RGB point cloud -
P={peRS:i=1 N} Saliency measure from

geometric structure
motivated by [3]

P" = [P,, P,, P,]

Contributions TI_ITI

Fusion of
salient
points

P"9® = [P,, P,, Py

Saliency measure from

photometric appearance

Mario of the SHOT-SpaceTime motivated by [10]
dataset [1]
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= Contributions TI_ITI

Saliency Measure from Geometric Structure

» Fixed scale EVD of covariance-based detector is proposed by Zhong [3]

Point cloud coordinates (Compute covariance matrices |
P = [Py, Py, P _ at predefined support radii |

L L

M e : N\
1
Cout = = S5 — )" — )" Compute eigenvalue
i=1 decomposition of covariance
NNE =1y b =0l <) matrices
R={r*cR":a=1,---,A} \- ’ J
“A” represents number of support radii é A

Find highest eigenvalues
across all radii

L L

Perform pruning and non-

[ Salient points (Sp°°") ]_ maximal suppression (NMS)
on e

\_ J
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Point cloud coordinates (Compute covariance matrices |
P = [Py, Py, P _ at predefined support radii |

L L

g Compute eigenvalue A
Afis Aja, and Afy, are eigenvalues, decomposition of covariance
where, A% > A% > \%. % matrices )

L 2

Find highest eigenvalues
across all radii

L L

Perform pruning and non-

[ Salient points (Sp°°") ]_ maximal suppression (NMS)
on e

\

\_ J
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Point cloud coordinates (Compute covariance matrices |
P = [Py, Py, P _ at predefined support radii |

Compute eigenvalue
decomposition of covariance

4 )

L matrices )
( . . ’ . h
eir =maz({\% ca=1,---,A}), Find highest eigenvalues
where t = 1,2, 3. L across all radii

Perform pruning and non-

[ Salient points (Sp°°") ]_ maximal suppression (NMS)
on e

\_ J
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Saliency Measure from Geometric Structure

» Fixed scale EVD of covariance-based detector is proposed by Zhong [3]

Point cloud coordinates (Compute covariance matrices |
P = [Py, Py, P _ at predefined support radii |

Compute eigenvalue
decomposition of covariance

4 )

matrices
\_ J

if ((gﬁ > Thlg) A (Z—E > Thgg) A (6@3 < T"Lg)) then ’

prune = true 4 . . ) N
else Find highest eigenvalues

prune = false across all radii
end if \.
Perform NMS at support radius of ™%, ’

Perform pruning and non-

[ Salient points (Sp°°") ]_ maximal suppression (NMS)
on e )

\_
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= Contributions TI_ITI

Saliency Measure from Photometric Appearance

» Adaptive DoG-based detector is proposed by Zaharescu et al. [10]

4 . ] )
Photometric appearance Compute intensity from RGB
Pr9® = [Py, Py, Py). . channel )

R 2
( . .
I; =0.299 % R; +0.587 % G; + 0.114 + B; Compute Gaussian filters
_ with different variance value |
¥

" Convolve the intensity data )
with Gaussian filter bank

2 2

( Find difference of Gaussians h

and find optimum values
1

\
. . Perform pruning and NMS
[ Salient points (Sp'eP) H on ddeaX angd cfmin
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Saliency Measure from Photometric Appearance

» Adaptive DoG-based detector is proposed by Zaharescu et al. [10]

Photometric appearance

[

P79 = [Py, Py, Py). channel
cor cor 2 !
ik () = eap(~ 2k 2(36)2 | ), where Compute Gaussian filters
NMb {pcor . ‘pcor - cor| <7 } L Wlth dlﬁ:erent Varlance Value )
¥
b _ bBl 7 - - N\
ST sm 2T Convolve the intensity data
S={s"cR":b=1,---,B}.

“B” represents the number of scales.

[ Salient points (Sp'eP) H

Compute intensity from RGB )

|
] .
7

with Gaussian filter bank

2 2

( Find difference of Gaussians h

and find optimum values

E 2

Perform pruning and NMS )
on dd™ and ddmn
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Saliency Measure from Photometric Appearance

» Adaptive DoG-based detector is proposed by Zaharescu et al. [10]

Photometric appearance
P79 = [P,, P,, P).

Bb — Dk Ik * Qik(Sb)
' >k 9k(s?)

i Compute intensity from RGB )

X channel )

4 ! . ] )
Compute Gaussian filters

_ with different variance value |
( ! . )
Convolve the intensity data

with Gaussian filter bank

2 2

( Find difference of Gaussians h

and find optimum values
1

[ Salient points (Sp'eP)

Perform pruning and NMS )
on dd™ and ddmn )
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Saliency Measure from Photometric Appearance

» Adaptive DoG-based detector is proposed by Zaharescu et al. [10]

Photometric appearance i Compute intensity from RGB )
P9 — [P,, P,, P]. . channel )
R 2
Compute Gaussian filters

_ with different variance value |
( ! . )
Convolve the intensity data

with Gaussian filter bank

2 2

( Find difference of Gaussians h

and find optimum values
1

\
. . Perform pruning and NMS
[ Salient points (Sp'eP) H on ddeaX angd cfmin

d =h? — po!

dd™™ = min(d? :b=1,---, B),
dd™** = max(d} :b=1,---,B)
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= Contributions TI_ITI

Saliency Measure from Photometric Appearance

» Adaptive DoG-based detector is proposed by Zaharescu et al. [10]

: ( . . p
Photometric appearance Compute intensity from RGB
P9 — [P,, P,, P]. . channel
| ) ¥
if (|ddi™™| V |dd"*"| > Then) then Compute Gaussian filters
if ((Z_i > T?“lg) N (3—;‘; > T?“Qg) AN (?)@'3 > T?“g)) then . . .
prune = false _ with different variance value |
else ¥
=t ( . . N\
i Convolve the intensity data
else with Gaussian filter bank
prune = true \\ !
end if — : : N
where, v;1, V52, v;3 are eigenvalues (in descending order Find difference of Gaussians
of magnitude) of covariance matrix of RGB. d find T |
Perform NMS at support radius of ™%, \ and1in Opilvmum values

. . Perform pruning and NMS
[ Salient points (Sp'eP) on ddeaX angd dcfmin
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Fusion of Salient Points

( )

Saliency measure
from geometric
structure of the

point cloud

" Adaptive EVD of |
the covariance
matrix

SpCOT’

S [Pma Py7 Pz] \\\
A

end if

( )
Saliency measure

from photometric
appearance (RGB
iInformation)
Adaptive
difference of
Gaussians

if (|Sper — Spm9®| > Tr,) then
keypoint = Sp"9®

Sprgb
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Experimental Evaluation

» Two point cloud datasets with RGB information
< SHOT-SpaceTime dataset [11,12]

< SHOT-Kinect dataset [11,12]

» Evaluation metrics

< Absolute repeatability [11]: number of repeatable keypoints involving
model-scene pair

“ Relative repeatability [11]: ratio of absolute repeatability to total

number of non-occluded keypoints detected from the model
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Repeatability SHOT-SpaceTime Dataset

Absolute Repeatability (SHOT-SpaceTime Dataset)
450 402.75

400
350

300 257.21 54388 257.03

250

150 112.96 o 96.92

100 63.75 47_42 > IREeh

50 - 12.13 7.46 clolpieioio; 1763

Relatlve Repeatability (SHOT- SpaceTlme Dataset)
0.5849 0.5886 0.5611

= 0.4639
o 0.3580
o 1578

Absolute Repeatability

o

0.6431

© o o
(U2 BN e ) BN

0.4275

0.394

o
>

0.2657

o i 0.2060 g
& 0.1234 §8 =

Relative Repeatability
© o o
= N W

[ LSP = HKS ®ISS = KPQ Harrls 3D ® Harris 6D # HoNO M LBSS mSP ® MeshDoG m KPQ-AS ® Proposed.

o

Fixed scale detectors Adaptive scale detectors
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Repeatability SHOT-Kinect Dataset

Absolute Repeatability (SHOT-Kinect Dataset)
180 163.84

150

120 102.86
89.06

49.90
3127 39.73
18.60 : e
3.43 747 , SUNHNN  4.53
- | BOEMNERENE —

Relative Repeatability (SHOT-Kinect Dataset)

(o))
o
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o o

o
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&
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Scale Invariance Evaluation of the RGB-based
Keypoint Detectors

SHOT-Kinect SHOT-SpaceTime

Detector SCEE
Space Absolute Relative Absolute Relative
Repeatability Repeatability Repeatability Repeatability
3

88.69 0.3953 193.33 0.5113
Mesh-DoG
[10]
5 142.65 0.4650 257.67 0.5548
3 134.27 0.4772 337.63 0.6492
Proposed
pek 5 136.94 0.4792 333.83 0.6486
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Object Recognition using Keypoints

» SHOT descriptor [13] at keypoints and object recognition protocol defined in
[14] g

Instance
found

No instance
found

A
& g

Keypoints detected by Mesh-DoG detector [4]
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Conclusion

» Proposed adaptive fusion-based 3D keypoint detector

» Compute saliency using adaptive EVD of the covariance
matrices

» Compute saliency by adaptive Difference of Gaussian of
the RGB information

» Fusion of the salient points

» The proposed 3D keypoint detector is more repeatable,
distinctive and scale-invariant
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Thank you!

Questions?

Muhammad Zafar Iqbal (mzafar.lgbal@tum.de),

Dmytro Bobkov (dmytro.bobkov@tum.de),

Eckehard Steinbach (eckehard.steinbach@tum.de)
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