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PCL can deal with botrganized(e.g. range maps)
and unorganizedpoint clouds

iIf the underlying 2d structure is available,
efficient schemes can be used (mggral
Imagesinstead of kdtree for nearest neighbor
search)

Both are handled by the same data structure
(pcl::PointCloudtemplated thus highly
customizable)

Points can be XYZ, XYZ+normals] XVREH

Range map RGB map

Support forRGBD data

Voxelizedrepresentations are implemented by
pcl::PointCloud + voxelization functions (e.g. voxe
sampling)

no specific types for voxelized maps

Voxel map

Currently rather limited support f8D meshes 3D mesh



Object Recognition and data

representations
_—

A Usually Object Recognition in clutter is done on 2.5 data (model views against scene

A Can be done also 3D vs 3D, although scenes are usually 2.5D (and 3D vs. 2.5D doe
work good)

A  When models are 3D, we can render 2.5D views simulating input from a depth sensc

pcl::apps::RenderViewsTesselatedSphere render_views;
render_views.setResolution (resolution_);
render_views.setTesselationLevel (1); //80 views
render_views.addModelFromPolyData (model); /Ivtk model
render_views.generateViews ();

std::vector< pcl::PointCloud<pcl::PointXYZ>::Ptr > views;

std::vector < Eigen::Matrix4f > poses;

render_views.getViews (views);

render_views.getPoses (poses);



DescriptoMatching

]
A Typical paradigm for finding similarities between two point clouds
Extract compatct and descriptive representati®Dsdescriptoyen each cloud
(possibly over a subset sélienpoints)
Match these representations to yield (ptarpoint)correspondences
A Applications3D Objectrecognitiongloud registratiorBD SLAM, object retrieval,
T NEENREEN [TTTTTTT
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ccocsmp ] MT1T111] [TTTTTTT]
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Descriptor array Descriptor array
(cloudl) (cloud?2)

Keypoint
Detection
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pcl::keypoints N

A 3Dkeypointsare
Distinctive i.e. suitable for effective description and matchighg@lly definable
Repeatablewith respect to poirdf-v i ew v ar i at ilacalgdefiable) i s e

A Thepcl::keypoirmmhodule includes:

A set of detectors specifically proposed for 3D point clouds and range maps

A Intrinsic Shape Signatures (ISS) [Zhong 09]

A NARF [Steder 11]

A (Uniform Sampling, i.eoxelizatioh

Several detectors «derived» from 2D interest point

detectors
A Harris (2D, 3D, 6D) [Harris 88]
A SIFT [Lowe4]
A SUSAN [Smith 95] Results from
A AGAST [Maid 0] [Tombari 13]



Global vs local descriptors
]

p2

Pcl::Features: compaotpresentations aimed at detecting
similarities between surfacssiface matchihg

p2

based on the support size
Pointwisedescriptors

A Simpleefficient, but notobust to noise, often not descriptive
enough (e.gaormalscurvatures, ..)

Local/Regional descriptors

A Well suited to handle clutter and occlusions
A Can be vector quantized in codebooks

A Segmentation, registration, recognition in clutter, 3D SLAM

Global descriptors

A Completenformation concerning the surface is needed (no
occlusions and clutter, unlesspgroeessing)

A Higher invariangavell suited foretrieval andcategorization

A More descriptive on objects with poor geometric structure
(household objects..)



Summing up..

:in PCL

Struct. Indexing [Stein92]

PS[Chua97]
3DPHSuUN01]
3DGSYNovatnack8]
KPQ [Mian10]
3D-SURFKNnopp10]
SI[Johnsd0]
LSHChen07]
3DSCFrome04]
IS§Zhong09]

USC [Tombaril0]
PFHRusu08]
FPFHRusu09]
TensofMian06]
RSD [Martonl11]
HKSSun09]

MeshHoGZaharescu09]
SHOTTombarlO]
PFHRGB
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3D Object Recognition In

]
A Definition (typical setting):
A. a set of 3D models (often, in the form of views)

B. oOne scene (at a time) including one or more models, possibly (partially)
occluded, + clutter.

Models can be present multiple instancesn the same scene
Goal(s):
determine which model is present in the current scene
(often) estimate the 6DoF pose of the model wrt. the scene

p2

p>2

Applications: industrial robotics, quality control, service robotics, autonomous
navigation, ..

p2




Pipelines
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Correspondence Grouping~ ¥
]

A Problem:

A V4 N~

given a set of pointo-point correspondencés  { ho hedo }

A where® (I’] FM g )

divide C intro groups (or clusters) each holding consensus for a specific 6DOI
transformation

nongrouped correspondences are considered outliers

General approach: RANSAC [Fischler 81]

A the model is represented by the 6DOF transformation obtained via Absolut
Orientation, its parameters being a 3D rotation and a 3D translation

Approaches include specific geometric constraints deployed in the 3D space



Geometric consistency h4
]

A Enforcinggeometricconsistendyetween pairs of correspondences [Cheh 07
Choose aeed correspondence

Test the following pairwise geometric constraint beteeand all the other
correspondences:

|||ﬁﬁ Na o ns h|||

Add each correspondence holding the constraint to the group seede¢hby
remove it from the list)

Eliminate groups having a small consensus set




Computer Vision Laboratory

Geometric consistency (2)  S¥
]

GC enforces a 1D constraint over a transformation widthfe> weak constraint,
high number of ambiguities (might fail if the number of correspondences is low!)

p2

Pro: extremely simple and efficient

p2

Use if many correspondences, noisy data

p2

pcl :: CorrespondencesPtr m_s_corrs ; //fill it

std ::vector< pcl ::Correspondences> clusters; //output

pcl :: GeometricConsistencyGrouping <PT, PT> gc_clusterer ;
gc_clusterer.setGCSize (cg_size );/l1st param
gc_clusterer.setGCThreshold (cg_thres );//2nd param
gc_clusterer.setinputCloud ( m_keypoints );
gc_clusterer.setSceneCloud (s_keypoints );
gc_clusterer.setModelSceneCorrespondences (m_s_corrs );
gc_clusterer.cluster (clusters);

(m_s_corrare correspondences with indicemtdeypointaind s_keypoinis



