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IIltI'OdllCtiOn: Limitation of End-to-end Approaches of Pose Regression
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On KITTI Odometry Benchmark Suite

Method Setting : Code ;: Iranslation Rotation Runtime Environment Compare
1 E-SLAM 0.00 % 0.0000 [deg/m] 0.015 1 core ® 2.5 Ghz (C/C++) =]
7 V-LOAM : i055% 0.0013 [deg/m] © 015 2 cores @ 2.5 Ghz (C/C=+) ]
J. Thang and 5. Singh: Visual-lidar Odometry and Mapping: Low drift,_Robust, and Fast IEEE International Conference on Robotics and Automation{ICRA) 2015
3 LOAM Bx : {057 0.0013 [deg/m] | 015 | 2 cores @ 2.5 Ghz (C/C++) ! o
End-to-End, Sequence-to-Sequence Method : : : : : :
J. Zhang and 5. Singh: LOAM: Lidar Odometry and Mapping in Real- time. Robotics: Science and Systems Conference (RSS) 2014.
Video (Image Sequence) T + + 8 £ T T
_______________ 4 IMLS-SLAM=+ : L0t 0.0014 [degim] | 135 | 1 core @ >3.5 Ghe (C/C++) : =]
5 SOFT2 0.65% 0.0014 [deg/m] 01s 2 cores @ 2.5 Ghz [C/C++) =]
I Cwi 1. Cesic, 1. Markovic and |. Petrovic: SOFT-SLAM: Computationally Efficient Stereo Visual SLAM for Autonomous U&Vs  Journal of Field Robotics 2017 -
5 IMLS-SLAM 0.69% 0.0018 [deg/m] | 1255 | 1 core @ »3.5 Ghz (C/C++) o
J. Deschaud: IMLS-SLAM: Scan-to-Model Matching Based on 3D Data. 2018 IEEE Intemational Conference on Robotics and Automatien {ICRA) 2018,
7 MCZSLAM Lo0.69% 0.0016 [deg/m] © 015 4 cores @ 2.5 Ghz (C/C++) ]

F. Heuhaus, T. Koss, R. Kohnen and D. Faulus: MCISLAM: Real-Time Inestial Lidar Odometry_ using Two-Scan Motion Compensation. German Conference on Pattern Recognition 2018

4 | peeio | Cuss oo lseaim | 15 1 core ® 2.5 Gz (Python) G

I(AI ST Wang et al., “DeepVO: Towards End to End Visual Odometry with Deep Recurrent Convolutional Neural Networks.,” Proc of the IEEE ICRA, 2017

Wang et al., “End-to-end, sequence-to-sequence probabilistic visual odofnetry through deep neural networks.,” The International Journal of Robotics Research, 2017
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Brown: Trajectories of train data
Green : Trajectories of test data

I(AI ST Sattler et al., “Understanding the Limitations of CNN-based Absolute Camera Pose Regression.,” CVPR 2019 ' l z L '
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Trends of Deep Learning

-

Deep learning

Perception
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&)t & Environment
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R2D2: Repeatable and Reliable Detector and Descriptor 4

R2D2: Repeatable and Reliable Detector and Descriptor

@ Motivation

= Structure-based methods perform well and the critical part is feature
extraction and matching

= A robust feature detector enables robust visual localization
= ..and improves many other applications such as object detection, VSLAM

and StM




R2D2: Repeatable and Reliable Detector and Descriptor

@ Classical methods: Detect-then-describe

1) Start with input image

Keypoint
detector

»

2) Detect keypoints

@ ThEiI‘ approach: Detect-and-describe

KAIST

1) Start with input image

Extract
patches

»
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descriptor

2) Feed inta R2D2 network

https://deview.kr/data/deview/2019/presentation/[133]Deview2019 Martin Humenberger small.pdf

R2D2: Repeatable and Reliable Detector and Descriptor
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3) Detect keypoints &
describe them at once
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https://deview.kr/data/deview/2019/presentation/%5b133%5dDeview2019_Martin_Humenberger_small.pdf
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R2D2: Repeatable and Reliable Detector and Descriptor

@ Repeatability

= Image locations that are invariant to usual image transformations
(7oF8t%, A2t & H B0 = 22 £/ X0 Af keypoints 7} Z=5/= &)
@ Reliability
= Image locations that are good (discriminative and robust) for matching
purpose (- feature descriptorSf +¢ & Gf 720/ £/= FE&)

Reliable?
A

@ @
@

= All cases are possible:
reliability and repeatability
are independent

Repeatable?

I(AIST https://deview kr/data/deview/2019/presentation/[133]Deview2019 Martin Humenberger small.pdf .~ lq L ’
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R2D2: Repeatable and Reliable Detector and Descriptor

@ Results

Image with
top-scored keypoints

repeatability map EEESEEEES

reliability map

I(AIST https://deview.kr/data/deview/2019/presentation/[133]Deview2019 Martin Humenberger small.pdf .~ l? L ’
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R2D2: Repeatable and Reliable Detector and Descriptor

@ Results

I(AIST https://deview.kr/data/deview/2019/presentation/[133]Deview2019 Martin Humenberger small.pdf
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SuMa++: Efficient LIDAR-based Semantic SLAM
@ Previous work

= Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban
EnViI'OI‘ll‘nentS. XSurfel: Surface element

Object Space
A\

—_— VD N
Vi N Odometry Lo Map Update
J"L"'izllt:l:i'\.'l:
P .
Preprocessing Surfel Map

T, o

Pase graph
optirmization

-'Hiﬂdﬂi'\-'\e

]

Loap Clasure
Verification

Loop Cledure
D tectitn

— Vo Np

P Point cloud

Active: the area of the model most recently observed
VD Vertex map

N Inactive: Older parts of the map which have not been observed in a period of time &;
p Normal map

T. Whelan et al., “ElasticFusion: Dense SLAM Without A Pose Graph”. In Proc. of Robotics: Science and Systems, 2015.

Pfister, Hanspeter, et al. "Surfels: Surface elements as rendering primitives." Proceedings of the 27th annual conference on Computer graphics and interactive techniques. ACM Press/Addison-Wesley Publishing Co., 2000.
I(AI S I Behley, Jens, and Cyrill Stachniss. "Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban Environments.” Robotics: Science and Systems. 2018. lq L ,
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SuMa++: Efficient LIDAR-based Semantic SLAM
@ Previous work

= Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban
EnViI'OI‘ll‘nentS. XSurfel: Surface element

Object Space
A\

—_— VD N

— Vo AN Odometry Lo Map Update
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: Preprocessing Surfel Map
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D tectitn

— Vo Np

P Point cloud

Active: the area of the model most recently observed
VD Vertex map

N Inactive: Older parts of the map which have not been observed in a period of time &;
p Normal map

T. Whelan et al., “ElasticFusion: Dense SLAM Without A Pose Graph”. In Proc. of Robotics: Science and Systems, 2015.

Pfister, Hanspeter, et al. "Surfels: Surface elements as rendering primitives." Proceedings of the 27th annual conference on Computer graphics and interactive techniques. ACM Press/Addison-Wesley Publishing Co., 2000.
I(AI S I Behley, Jens, and Cyrill Stachniss. "Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban Environments.” Robotics: Science and Systems. 2018. lq L ,
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SuMa++: Efficient LIDAR-based Semantic SLAM

@ Previous work

= Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban
EnViI'OHmentS. XSurfel: Surface element

Object Space

) Vo N
Vo N Odometry LW s
HHEI :
P ; )
Preprocessing Surfel Map
-
TI. 'Oy
FE R Page graph
inactive aptirmizatian
L

Loop Cledure
D tectitn

Loap Clasure
Verification

— Vo N

p Point cloud

Active: the area of the model most recently observed
VD Vertex map

N Inactive: Older parts of the map which have not been observed in a period of time &;
p Normal map

T. Whelan et al., “ElasticFusion: Dense SLAM Without A Pose Graph”. In Proc. of Robotics: Science and Systems, 2015.
Pfister, Hanspeter, et al. "Surfels: Surface elements as rendering primitives." Proceedings of the 27th annual conference on Computer graphics and interactive techniques. ACM Press/Addison-Wesley Publishing Co., 2000. h

I(AI ST Behley, Jens, and Cyrill Stachniss. "Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban Environments.” Robotics: Science and Systems. 2018. l
11
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SuMa++: Efficient LIDAR-based Semantic SLAM
@ Previous work

= Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban
EnViI'OI‘ll‘nentS. XSurfel: Surface element

— VA

Vi N Odometry  [FLWw; Map Update
T
J"L"'izllt:l:i'\.'l:
1 [~
= .
Preprocesding Surfel Map
Twe,
|
LY Page graph
nacine aptirmization
3
3 Laap Cl Laap Cladure
w_ {, p Closure
Vo Np Debection Verification

P Point cloud ,
omt clot Active: the area of the model most recently observed
VD Vertex map '
N Inactive: Older parts of the map which have not been observed in a period of time &;
p Normal map

T. Whelan et al., “ElasticFusion: Dense SLAM Without A Pose Graph”. In Proc. of Robotics: Science and Systems, 2015.

Pfister, Hanspeter, et al. "Surfels: Surface elements as rendering primitives." Proceedings of the 27th annual conference on Computer graphics and interactive techniques. ACM Press/Addison-Wesley Publishing Co., 2000.
I(AI S I Behley, Jens, and Cyrill Stachniss. "Efficient Surfel-Based SLAM using 3D Laser Range Data in Urban Environments.” Robotics: Science and Systems. 2018. lq L ,
12 :
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SuMa++: Efficient LIDAR-based Semantic SLAM

Semantic ICP
Odometry
— @
Sp N - ’
Multi-class Floodfill Y.
Preprocessing N

F:angehlet+ '
Raw Mask

iSr-u it I L’. i s =

Sentic-based Dynamic Filter
Surfel Map

e beycie [ ek [T Y P r——
W pating [ emate [ thorord [ bkt [l s i
[ vecetation [ s o |

KAIST LJ:?L’
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SuMa++: Efficient LIDAR-based Semantic SLAM

@ Semantic segmentation using RangeNet++
= Multi-class Floodfill
= Semantic ICP
= Dynamic detection and removal

- Compare the new observation S, and the world model S,

Se'n;a;ntic IC.P “

Odometry

Tl-i-’(?r¢ ﬁ Vs, Nag, Sar
(a)
H -l-' r -

i = e o
S AT ———

o

Multi-class Floodfill

Preprocessing

RangeNet++ S j T
Raw Mask -

Semantic-based Dynamic Filter
Surfel Map

KAIST
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SuMa++: Efficient LiIDAR-based Semantic SLAM

@ 1. Multi-class Floodfill

= (D Use an erosion to remove boundary labels and

small areas of wrong labels resulting in S¢r94ed

= (2 Fill-in eroded labels w/ neighboring labels
to get a more consistent result S

(e) Zoomed-up d) Depth image generated from Vp

15




SuMa++: Efficient LiIDAR-based Semantic SLAM

SuMa++: Efficient LIDAR-based Semantic SLAM

@ 2. Filtering Dynamics using Semantics

= Stable log odds term, lgt)

Odds(log odds or logit)

6| —f(x)=log fi—x

0 0.2 : 0,6 08 1.0
2
-4
8|

1) — 1(t=1) 4 5dds Petable - €XP _&—2 exp _,;E
SuMa °~ ° o 74 g

—_ Ddds(pprior) 3 {4}

l!:;) _ lgt_l) l

2 2
Subass o (e (2 ) ()
a

o

— odds (Pprior) — Ddds(ppenalty ),

a: The angle between surfel’s normal ng and normal of the measurement
d: distance of the measurement in respect to the associated surfel

KAIST
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SuMa++: Efficient LIDAR-based Semantic SLAM ’
@ 2. Filtering Dynamics using Semantics o —

SuMa++: Efficient LiIDAR-based Semantic SLAM

= Stable log odds term, lgt)

2 a2
1§ =10 +0dds( stable * €X (—ﬂ—) ex (——,,))
SuMa Prable P77 ) P\
- Odds(ppriurL [4}

££!} =££l—1) l

2
Subtars e (s (5 ) ()
a a,

=1 d
- OddS(Pprior) - OddS(Ppenalw)s

a: The angle between surfel’s normal ny and normal of the measurement
d: distance of the measurement in respect to the associated surfel

Odds(log odds or logit)

—f(x)=log fi—x T

0 0.2 : 0,6 08 1.0
-4
8|

N 3

)

KAIST



SuMa++: Efficient LiDAR-based Semantic SLAM a

@ 3. Semantic ICP

Point-to-plane error term

2 2
EQVp Vi Nu)= 3 0l (T8 cu-v.) wmp EVp Vi Nu)= Y [wdnl (Tg?_lctu _ vu) ,
usVp ™ ~~ g ueVp ~ -~ 4
o Within ICP, we compute the weight wl) for the residual
where each vertex u = Vp 1s pl'ﬂjl:{:tll"-'ﬂlj,-' assoclated to a & in iteration k as follows:
reference vertex v, € Vyr and its normal n, € ANy via w® = |pyuber (rﬁ“?')llcmmc(sﬂ(u):SM(u))T
Vu = VM (H (Ti_l'tti}_j'l:i u)) t {fl} ][{ng) = "‘rsmbie} (6)
. where ppyper(r) corresponds to the Huber norm, given by:
n, =N (I(TEcu)). (7 T it <o
Praaber (1) = { S|lr|= , otherwise. | - 7

For 'semantic compatibility Ceemantic ((Yu, Pu); (Yoas Pow))

the term is defined as:
_ ] Pluw) i ya =y,
Csemanti(.‘(": ) = { 1 — P(yu|u) , otherwise. 3 (8)
the residual. ]‘éy I{a}, we denote the indicator function that
is 1 if the argument a is true, and 0 otherwise.

18
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DeepPCO: End-to-End Point Cloud through Deep Parallel Neural Network

@ Parallel Neural Network shows more better performance than
other Deep Learning-based approaches

Canvelution Ultirate: Output
Fully Connecied Traning Phase
Inference
Translation Sub-Network Ground Truth
Kemel 3= 3 Kemel3=3 Kemel 3 =3 Kemel3x3 Kemel 1x1
Stride 2 Stride 2 Stride 2 Stride 2 Stride 1 LeakyRelu 0.2 LeakyRealu 0.2 LeakyRelu 0.2 LeakyRedu 0.2 LeakyRehu 0.2 .
LesmReUOT  LesyRel 01 LesnRenOl  LesReli0l  LeskyRel o Dropout0:1 - Dropoua 0.1 TABLE I. Test results on KITTI sequences: t,; is averaged
m - . 2 e N e 3 g — % £ translation RMSE between prediction and ground truth, and ry; is
- o] = = . . P
3 2 2 g g ° = IS E averaged orientation RMSE between prediction and ground truth.
1= —_— O —_— ® —s @ — = -
5 3 3 5 I ® g The measurement units are textbfm).
Two Consecutive 3 = 3 = [ — E — § — g e — :
Panoramic Depth Images = Sequence 04 Sequence 10
_ ) Model t_rel r_rel t_rel r_rel
: T2 ool Two-stream [16] | 0.0554 | 0.0830 | 0.0870 | 0.1592
_ Pose ResNetl8 [10] 0.1094 | 0.0602 | 0.1443 | 0.1327
| Orentaion % DeepVO [20] 0.2157 | 0.0709 [ 0.2153 | 0.3311
LeakyRelu 0.2 LeakyRelu 0.2 LeakyRelu 0.2 LeakyRedu 0.2 LeakyRelu 0.2 ' = N
Oropout01 - Dropout 0.1 ' PointNet [17] 0.0946 | 0.0442 | 0.1381 0.1360
~ - - = PointGrid [12] 0.0550 | 0.0690 | 0.0842 | 0.1523
— g — 8 — 3 — 2 — =

FlowNet Convolutional Layers

|
:
!
|

FlowNet Orientation Sub-Network

KAIST o C_F\.’L’
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DeepPCO: End-to-End Point Cloud through Deep Parallel Neural Network

Conclusion

* Point cloud odometry problem ¢

) an be effectively solved inan end-ta:
end fashion

* Better performance from a dual oranch architecture to irfer 3-D
el = 3 3 5
transiatiorr and orientation separately instead of a sin gle netwark

*| Conventional LIDAR odometry like LOAN still has better parformance
WITCIT TS ToT Detler DNN-based LIDAR odometry

approach

20
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