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Overview

- Introduction & motivation

- 1. 3D scanners and point clouds

- 2. Reconstruction of 3D models

- 3. Processing of ordered and unordered point clouds

- Segmentation

- 6 DoF position estimation

- Project & homework

Introduction
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About me

- Comenius University, DAI
- Research and theses supervision at university

- Lectures @ FMFI  -  FCGIP, VAR, PMLAIVD

- Skeletex Research
- Freelancing research and development company 

- Data processing for 3D scanners and cameras

- Timeline
- 2014 - finished PhD @ FMFI

- 2015 - research assistant @ FMFI / freelancer / SAIA post-doc project @ TU Wien

- 2017 - co-founded Skeletex Research (3D scan processing)

- 2018 - assistant professor @ FIIT / FMFI

- 2020 - ML-based research on 3D scan processing

- 2022 - habilitation @ FMFI
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Research timeline

- Mesh processing / Skeleton extraction

- Skeletal animation / Skeletal-based  parametrization and representation 

- Motion capture / Hybrid optical-inertial systems

- 3D cameras / Skeleton-based human fusion

- 3D object reconstruction

- 3D scan processing (parallel CUDA-based pipeline, ML-based pipelines)

- Synthetic dataset creation / Physical simulation and rendering
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Motivation

- Problems with robustness of analytical methods

- Prototyping based on ML models and training

- Development, deployment and maintenance costs efficiency

- Data-driven research and publications

Introduction
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3D camera data

- Structured point cloud

- Camera-space
- Cartesian coordinate basis

- Right-handed basis
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3D camera data

- Point cloud

- RGB texture
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3D camera data

- Ordered

- Point cloud
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3D camera data

- Ordered

- Point cloud
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3D camera data

- Normals
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3D camera data

- Normals
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3D cameras
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3D cameras

- Time measuring-based
- Time of flight 3D cameras (Microsoft Kinect One)

- LiDARs (pulsed laser, iPhone 6)

- Triangulation-based
- Photogrammetry

- Profile laser scanners

- Structured light 3D scanners (HP Pro S3)

- Structured light 3D camera (PrimeSense)

- Parallel structured light 3D camera (Photoneo)
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Time of flight

-

Image adopted from Buttgen et al. 2018

Image adopted from Li et al. 2014, Time-of-Flight Camera - An Introduction

- High frame rate

- Noisy data, lower precision
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Stereo vision

- 2 or more registered cameras

- Photogrammetry (bundle adjustment)
- Global optimization

Image adopted from Ramırez-Hernandez et al. 2020

Images adopted from Capturing Reality 15
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Structured light

Images adopted from Gang et al. 2011, Structured-light 3D surface imaging Image adopted from HP 3D Structured Light Scanner Pro S3 16

- Pattern projection

- Binary code encoding projectors angle

- 3D coordinate mapping calculation

3D computer vision



Structured light

- Less noisy, higher precision

- Multiple pattern projections for high precision
- Full sensor-space

- Gray code

Images adopted from Gang et al. 2011, Structured-light 3D surface imaging 17
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Parallel structured light 3D Camera

- New hardware enables new industry possibilities

- e.g., MotionCam-3D
- Parallel structured light

- Laser swipe & mosaic sensor
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3D computer vision

https://docs.google.com/file/d/1yKIkVbhYiAdUfkAAeLZYqcG3PnnciS9g/preview


Object reconstruction

- Quality control

- Metrology (measurements)

- Virtual objects
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Rotary table reconstruction
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Object reconstruction

https://docs.google.com/file/d/1DAtW4o9gbhzS13RBteRu8aDnvV6zmyCF/preview


Reconstruction pipeline

- Point-cloud Rigid Alignment and Fusion of 3D Scans (PRAFOS)

- Offline reconstruction pipeline
- Alignment, filtering and reconstruction 
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Object reconstruction

Martin Stuchlík & Adam Riečický & Michal Mesároš & Martin Madaras



3D meshing pipeline 
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Object reconstruction

https://docs.google.com/file/d/10iRx8FeOT0ipkIN_wGWujcR5kQkTqs01/preview


Parallel data processing for 3D camera

- Structured-light 3D camera

- 20+ FPS

- High-quality data
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https://docs.google.com/file/d/1yKIkVbhYiAdUfkAAeLZYqcG3PnnciS9g/preview


Fusion using 3D Camera 

- Real-time reconstruction

- Point cloud in sensor space as input

- Scene is stored in TSDF structure
- Truncated

- Signed

- Distance

- Function
Images adopted from Newcombe 2011 et al., KinectFusion

24

Object reconstruction



Fusion registration and update

- For each incoming frame in the loop:
- Sensor pose estimation (R + T)

- Surface update

- Surface prediction

Images adopted from Newcombe 2011 et al., KinectFusion

25

Object reconstruction



Online fusion by robotic arm

-
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Object reconstruction

https://docs.google.com/file/d/1xly4NViyTOKzFyTAtrS4dM-oYM4HNxkW/preview


Vision-guided robotics

- Visual information processing

- Localization
- Segmentation

- 6D pose estimation

- Picking and handling

- Kinematics optimization
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Bin picking

-

28

Vision-guided robotics

https://docs.google.com/file/d/1Gk_TKsLyrJbC3igXOKdUfwol8ojAkSpU/preview


Point cloud processing

- Analytical methods
- Analysis based on local geometrical informations

- Detection of feature points / edges

- Precise transformation calculations

- Data-driven ML methods
- Analysis based on statistics and annotated training data

- Global semantic information can be used

- Robust to noise and outliers in the data
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Image adopted from: Katsoulas et al. 2003, Localization of piled boxes by means of the hough transform, DAGM

Image adopted from: Hu et al. 2020. JSENet: Joint Semantic Segmentation and Edge Detection Network for 3D Point Cloud, ECCV”
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Parallel data processing for 3D scanners

- Madaras, M. Stuchlík, M. and Talčík, M. (2021)

- Fast Bridgeless Pyramid Segmentation for Organized Point Clouds
- In Proceedings of the 16th International Joint Conference on Computer 

Vision, Imaging and Computer Graphics Theory and Applications - Volume 4: 

VISAPP, ISBN 978-989-758-488-6; ISSN 2184-4321, pages 205-210. 
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Fast hierarchical segmentation

- Fast and bridgeless segmentation

- Metrics based on geometry and thresholding

- Structured point cloud segmentation

- Parallel filling of regions using pyramid hierarchy

Martin Stuchlík & Matúš Talčík & Martin Madaras, Fast Bridgeless Pyramid Segmentation for Organized Point Clouds, Visigrapp 2021
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6D pose estimation of bins

- Lukáš Gajdošech, Viktor Kocúr, Martin Stuchlík, Lukáš Hudec and Martin 

Madaras

- Towards Deep Learning-based 6D Bin Pose Estimation in 3D Scans
- Proceedings of the 17th International Joint Conference on Computer 

Vision, Imaging and Computer Graphics Theory and Applications, 

VISIGRAPP 2022 (Volume 4: VISAPP) 2022, pp. 545-552, February 2022
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6D pose estimation of bin

-

Lukáš Gajdošech & Martin Stuchlík & Viktor Kocur & Lukáš Hudec & Martin Madaras, Towards Deep Learning-based 6D Bin Pose Estimation in 3D Scans, Visigrapp 2022
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Data annotation tool

-

Adam Riečický & Lukáš Gajdošech & Martin Madaras
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Synthetic data generation

-

Adam Riečický & Lukáš Gajdošech & Martin Madaras
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6D bin pose estimation

- ResNet network architecture

- Two heads for rotation and one head (branch) for translation

ResNet34 architecture, 34 layers, 8.3M parameters
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Data-driven results on synthetic data

- Approximation of the transformation

- Works well for same data type as training data
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Data-driven results on real data

- Robust to noise and outliers

- Precision is lower on real data

- Analytical post-processing can be used (ICP)
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Iterative closest point

- Projection-based ICP pairing

Image adopted from: Sebastian Thrun, Wolfram Burgard and Dieter Fox, Probabilistic Robotics, 2005
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Projection-based ICP
- Given two set of points:

- Compute translation and rotation that minimizes the sum of the squared error (MSE):

Image adopted from: Sebastian Thrun, Wolfram Burgard and Dieter Fox, Probabilistic Robotics, 2005
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Point to plane projections
- Point-to-plane error metrics

- Minimize the sum of the squared distance 

- Projection of a point to the tangent plane at its correspondence point [2]

Image adopted from: Low 2004, Linear Least-Squares Optimization for Point-to-Plane ICP Surface Registration

41[2] Chen & Medioni,1991, Object Modeling by Registration of Multiple Range Images, IEEE International Conference on Robotics and Automation

6D pose estimation



Hybrid two-step approach
- Neural network inference for pre-alignment

- Analytical post-processing using ICP (iterative closest point) for post-alignment
- good results if there is a good starting approximation
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Hybrid methodology

- Combination of data-driven approximations and analytical alignments 

- Pre-alignment and final alignment
- Pose estimation

- Registration / alignment

- Higher robustness and precision of the approach
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Point cloud processing using ML

- Full-stack point cloud processing pipeline can be moved to data-driven methods
- Filtering, detection, segmentation, 6D pose estimation, etc.

Lukáš Gajdošech & Martin Madaras
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Synthetic data generation for machine learning

- Huge training datasets available for standard 2D computer vision problems

- Annotated 3D datasets are missing, we need to render synthetic ones

Adam Riečický & Lukáš Gajdošech & Martin Madaras
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Synthetic data generator

- Bin generator 
- BinSim

- Virtual scanner
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Synthetic data generator

- Pre-generated (.exr) datasets download: 

- https://drive.google.com/drive/folders/1EX3GeXtZEJMD5y1Qh3wUF0R_3rY0nU1i?usp=sharing
-
- Bingenerator (.exr) download: 
- https://drive.google.com/file/d/19n8_Sjb-t1JNWWQBCAQHd4LuDAH6fOBC/view?usp=share_link
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https://drive.google.com/drive/folders/1EX3GeXtZEJMD5y1Qh3wUF0R_3rY0nU1i?usp=sharing
https://drive.google.com/file/d/19n8_Sjb-t1JNWWQBCAQHd4LuDAH6fOBC/view?usp=share_link


Google colab

- U-Net segmentation (binary)

- Ordered point clouds

- Synthetic bin with objects dataset

- https://colab.research.google.com/drive/1Oo8BqlbRwW7nu4e4veziyhWlMT2

xAMTf?usp=sharing

- PointNet segmentation (semantic, low-res 1024 points)

- Unordered point clouds

- ShapeNet dataset + 3D scans of object

- https://colab.research.google.com/drive/15Ug_SF1gNq2xAH1f6ZIOTrB4Dgk7

vDhd?usp=sharing 48
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https://colab.research.google.com/drive/1Oo8BqlbRwW7nu4e4veziyhWlMT2xAMTf?usp=sharing
https://colab.research.google.com/drive/1Oo8BqlbRwW7nu4e4veziyhWlMT2xAMTf?usp=sharing
https://colab.research.google.com/drive/15Ug_SF1gNq2xAH1f6ZIOTrB4Dgk7vDhd?usp=sharing
https://colab.research.google.com/drive/15Ug_SF1gNq2xAH1f6ZIOTrB4Dgk7vDhd?usp=sharing


Neural network model 1

- U-Net
- Total number of layers: 18
- Trainable params: 126,841
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Neural network model 2

- PointNet
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Homework project

- 6 pose estimation of object in bins

- Use U-Net segmentation (binary)

- Find orientation of the segmented object using PCA

- Visualize oriented bounding box or principal vectors
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Homework project

- 6 pose estimation of object in bins

- If the inferred segmentation mask is not composed of one component only

- Use morphological operations - opening (erosion + dilation)

- cv2.erode() , cv2.dilate()
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Homework project (assignment in Slovak)

Úlohou je nájsť 6D orientáciu (pozícia + rotácia) súčiastky v 3D skene 

reprezentovanom ako mračno bodov. V prvej časti spravte segmentáciu pomocou 

konvolučnej neurónovej siete U-Net. Sieť natrénujte na syntetických dátach s 

objektom “thruster” a následne inferujte segmentáciu tiež na syntetickom 3D skene 

obsahujúcom iba jednu súčiastku. Pokiaľ je segmentačná maska z viacerých ako 

jedného komponentu, použite morfologické otvorenie na odstránenie malých 

komponentov. Morfologickú masku použite na vybratie podmnožiny bodov tvoriacich 

vzorky súčiastky, nad ktorými aplikujete Principal Component Analysis (PCA). Pri 

PCA získate centroid objektu a hlavné vektory, ktoré definuju orientáciu súčiastky. 

Vizualizujte tieto hlavné vektory, alebo orientovaný obdĺžnik ohraničujúci objem 

(boundig box) objektu.
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Questions ?

madaras@skeletex.xyz

martin.madaras@fmph.uniba.sk

54


