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3D Computer Vision vs Computer 
Graphics



3D Computer Vision vs Computer Graphics

Virtual Camera

Goal of Computer Graphics: 
Create realistic renders of 3D Scenes
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3D Scene

Computer Graphics



3D Computer Vision vs Computer Graphics

Virtual Camera

Goal of Computer Vision: 
Reconstruct the 3D world from images
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3D Scene

Computer Graphics

Computer Vision



3D Computer Vision vs Computer Graphics
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Why is 3D vision important?



Applications of 3D Vision  - Entertainment 
Industry 
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Star Wars The Mandalorian: Luke Skywalker Behind the Scenes | Disney+ 

https://www.youtube.com/watch?v=OrGhZSgC74I​


Applications of 3D Vision  - Entertainment 
Industry 
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How They Made Me Look 23 in Gemini Man 

https://www.youtube.com/watch?v=k5y4kxhZIBA


Applications of 3D Vision - Autonomous Driving 
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Applications of 3D Vision - Autonomous Driving 
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How Tesla's Driver Monitoring System Works 

https://www.youtube.com/watch?v=otknSUQ4ICY
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Applications 
of 3D Vision - 
Autonomous 
Driving 

Block-Nerf, Tancik et al. CVPR 2024

A self-driving car from Waymo

https://waymo.com/research/block-nerf/
https://waymo.com/research/block-nerf/
https://waymo.com/research/block-nerf/
https://waymo.com/
https://waymo.com/
https://waymo.com/


Applications of 3D Vision  - Virtual Reality 
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Half-Life: Alyx



Applications of 3D Vision  - Virtual Reality 
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Many sensors are involved

Apple Vision Pro. RGB cameras, LiDAR, TrueDepth cameras, IR cameras

https://www.apple.com/apple-vision-pro/


Applications of 3D Vision  - Virtual Reality 
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Track user position

Oculus Rift setup

https://www.uploadvr.com/heres-how-you-set-up-guardian-on-rift-s-and-oculus-quest-and-what-happens-after/


Applications of 3D Vision  - Virtual Reality 
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Meta Quest

Understand the
environment



16Predicting 4D Hand Trajectory from Monocular Videos, Ye et al. 2025

Track user's hands 
and body

Applications of 3D Vision  - Virtual Reality 

https://judyye.github.io/haptic-www/


18Neural Localizer Fields for Continuous 3D Human Pose and Shape Estimation Sarandi et al. NeurIPS '24

Track humans
from 

monocular
videos

Applications of 3D Vision  - Human Pose Estimation 

https://istvansarandi.com/nlf/


Applications of 3D Vision - Human Object Interaction

19Interaction Replica, Guzov et al. 3DV 2024

https://virtualhumans.mpi-inf.mpg.de/ireplica/


Applications of 3D Vision - Human Object Interaction

20
InterTrack: Tracking Human Object Interaction without Object Templates, Xie et al. 3DV 2025

https://virtualhumans.mpi-inf.mpg.de/InterTrack/
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OmniH2O: Universal and Dexterous Human-to-Humanoid Whole-Body Teleoperation and Learning, He et al. CORL '24

Robots
interacting with 

environment
need 3D scene 
understanding

Applications of 3D Vision - Robotics

https://omni.human2humanoid.com/
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Applications of 3D Vision - Robotics



Applications of 3D Vision - Healthcare
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3D Modeling, Simulation and 
Segmentation in Medical Images

3D Cone Beam CT Scan and Animation

https://ranger.uta.edu/~huang/R_Deformal.htm
https://ranger.uta.edu/~huang/R_Deformal.htm
https://www.youtube.com/watch?v=9a2hPNn-B0g


Applications of 3D Vision - Scene Reconstruction
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Real-time Odometry-less 3D LiDAR SLAM with Generalized ICP and Pose-Graph Optimization



Applications of 3D Vision - Human Avatar Creation

25Relightable Gaussian Codec Avatars, Saito et al. CVPR 2024

https://shunsukesaito.github.io/rgca/


Applications of 3D Vision - Human Avatar Creation 
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Relightable Gaussian Codec Avatars, Saito et al. CVPR 2024

https://shunsukesaito.github.io/rgca/




3D critics

Video source: videojam

Common argument you will hear: 

3D is a man made representation, just like 
segmentation, detection, etc. Ultimately, it will be 
unnecessary for end goals like robot learning. All 
you need is pixels in, action out. No 3D



Scale is all we need? No need for 3D. Really?

Video source: videojam



How to make AI our partners
• Make AI understand physical interaction 

• Give AI the appearance and behavior of 
humans



A Brief History of 3D Vision
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A Brief History of 3D Vision
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60s – 80s: Basic Image Processing & Recognition
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70s – 80s: Stereo Vision
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90s – 00s: Structure from Motion
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Shape and Motion from Image Streams under Orthography: a Factorization Method. Tomasi IJCV 1992



Multiple View Geometry as Established CV Discipline
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Multiple View Geometry

https://www.cambridge.org/core/books/multiple-view-geometry-in-computer-vision/0B6F289C78B2B23F596CAA76D3D43F7A


90s – 00s: Rise of Statistical Learning Methods

37
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184

https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184
https://medium.com/data-science/eigenfaces-recovering-humans-from-ghosts-17606c328184


90s – 00s: Early Deep Learning for CV

38

Gradient-Based Learning Applied to Document Recognition, LeCun et al. Proceedings of the IEEE 1998



2010s: Deep Learning Meets 3D Vision

39Depth Map Prediction from a Single Image
using a Multi-Scale Deep Network. Eigen et al. NeurIPS '14



2010s: Deep Learning Meets 3D Vision

403D ShapeNets: A Deep Representation for Volumetric Shapes. Wu et al. CVPR 2015



20s – Now: Neural Representations

41

NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis, Mildenhall et al. ECCV 2020



20s-Now: Gaussian Splatting

42https://repo-sam.inria.fr/fungraph/3d-gaussian-splatting/

3D Gaussians



20s – Now: Generative Models

43
Video from Jon Barron's talk at 3DV 2025



20s – Now: Generative Models
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Video from Jon Barron's talk at 3DV 2025. Veo 2: "An advertisement for a shoe made of 

broccoli romanesco, rotating on a turntable" 



20s – Now: Generative Models
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Veo 2: "A banana posing in a bodybuilding competition, striking different poses with its floppy 
little peel-arms" 



20s – Now: Generative Models
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Veo 2: "A colorized 1950s TV commercial. Left: a dad struggling to pick up a heavy box. Right: 
that dad wearing a full-body mechanical exoskeleton, lifting the box with ease" 



20s – Now: Generative Models
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Asking sota Video Generation models to generate a video of a man writing "hi" on a blackboard



Challenges of 3D Computer 
Vision
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Challenges of 3D Computer Vision

Depth ambiguity

49

Testing sota method “Depth Anything V2” (Yang et al. NeurIPS 2024) on Ames room illusion.
Demo: https://huggingface.co/spaces/depth-anything/Depth-Anything-V2

https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2
https://huggingface.co/spaces/depth-anything/Depth-Anything-V2


Challenges of 3D Computer Vision

Image Artifacts
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Motion BlurChromatic aberration

near-camera reflection (backscatter)



Challenges of 
3D Computer 
Vision

Context
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Challenges of 3D Computer Vision

Data
Images

3D Models



3D Artifacts

Challenges of 3D Computer Vision
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Overview of the course
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Week 1: Introduction
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Week 2: Camera Models and Coordinate Systems
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World to Image Transformations



Week 2: Camera Models and Coordinate Systems

60

Transformations and epipolar geometry

https://cs.brown.edu/courses/cs129/labs/lab_stereolab/



Week 3: Classical 3D Reconstruction
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Traditional Multiview Reconstruction

https://live.staticflickr.com/3620/3384374475_725bf46a23_z.jpg



Week 3: 
Classical 3D 
Reconstruction

63

Structure From Motion

Video extracted from The structure from motion pipeline

https://www.youtube.com/watch?v=i7ierVkXYa8​


Week 4: From Classical to Modern Stereo Vision and 
Depth Estimation
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Left Image

Right Image

Depth Map



Week 4: From Classical to Modern Stereo Vision and 
Depth Estimation

65

Multi-View Stereo Reconstruction

Building Rome in a Day,  Agarwal et al. ICCV 2009



Week 4: From Classical to Modern Stereo Vision and 
Depth Estimation
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Monocular Depth Estimation

Depth Anything V2, Yang et al. Demo

https://huggingface.co/spaces/depth-anything/Depth-Anything-V2


Week 5: Surface Reconstruction and Procrustes 
Alignment
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Week 5: Surface Reconstruction and Procrustes 
Alignment

68

https://doc.cgal.org/latest/Poisson_surface_reconstruction_3/bimba.jpg

https://en.wikipedia.org/wiki/Delaunay_triangulation

Poisson Surface Reconstruction, Kazhdan et al. SGP '06



Week 5: Surface Reconstruction and Procrustes 
Alignment
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Week 6: Neural Fields and Point Based Representations

72
DeepSDF: Learning Continuous Signed Distance Functionscfor Shape Representation. Park et al. CVPR 2019



Week 6: Neural Fields and Point Based Representations

73PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation. Qi et al. CVPR 2017



Week 7: Neural Radiance Fields

74
NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis. Mildenhall et al. ECV 2020



Week 8: Gaussian Splatting and Point Clouds

76
3D Gaussian Splatting for Real-Time Radiance Field Rendering, Kerbl et al. SIGGRAPH 2023



Week 9: Advanced Methods in Learning-Based Reconstruction

78
Dust3R CVPR2024
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Week 10: Generative Models

81
https://www.awwwards.com/inspiration/stability-ai-1



Week 10: Generative Models

83
Diffusion Probabilistic Models for 3D Point Cloud Generation. Luo et al. CVPR '21



Week 10: Generative Models

84Zero-1-to-3: Zero-shot One Image to 3D Object, Liu et al. ICCV 2023



Week 10: 
Generative 
Models

85

CAT4D: Create Anything
in 4D with Multi-View

Video Diffusion Models. 
Wu et al. 



Week 11: Generative Models continued (text to 3D)

86
DreamGaussian: Generative Gaussian Splatting for Efficient 3D Content Creation. Tang et al. ICLR 2024



Week 11: Generative Models Continued

87Human 3Diffusion: Realistic Avatar Creation via Explicit 3D Consistent Diffusion Models. Xue at al. NeurIPS 2024



Week 11: Generative Models Continued

88Human 3Diffusion: Realistic Avatar Creation via Explicit 3D Consistent Diffusion Models. Xue at al. NeurIPS 2024



Xue et al, InfiniHuman. SiggraphAsia’25



Xue et al, InfiniHuman. SiggraphAsia’25



Xue et al, InfiniHuman. SiggraphAsia’25



Learning for 3D Vision - Course 
Objectives
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Learning for 3D Vision - Course Objectives

94

Understand Classical and Modern papers

Implement papers

Develop new ideas



Textbooks

• Multiple View Geometry in Computer Vision, 2nd ed., Hartley & Zisserman

• Deep Learning, Godfellow, Bengio, Courville

• Computer Vision: Algorithms and Applications, 2nd ed., Szeliski

• Pattern Recognition and Machine Learning, Bishop

• Mathematics for machine learning, Faisal & Delsenroth

95



Feedback

Feedback is always appreciated

96



Questions?

97



HiWi / Thesis / Research Project at Continuous Learning 
on Multimodal Data Streams Chair

• We offer thesis and research projects in:
• 3D scene representation

• Human motion modelling

• Humans and clothing

• 3D human pose estimation and tracking using deep learning

• Feel free to directly contact TAs, PhD students, PostDocs or at 
gpmintern@listserv.uni-tuebingen.de

98

mailto:gpmintern@listserv.uni-tuebingen.de
mailto:gpmintern@listserv.uni-tuebingen.de
mailto:gpmintern@listserv.uni-tuebingen.de
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