An Introduction to Computer
Vision
(yeah, right!)

D.A. Forsyth, University of Illinois at Urbana Champaign

SOME APPLICATION SLIDES MISSING



Caveats

e Compression

* Like a 3hr “Introduction to Mathematics” or “Introduction to Physics”
* there are missing bits!

* There are likely missing references in the slides: look at chapters

e Scope
* entire disciplines are hardly touched

* On Web Page, see
e Slides
* Expanded versions of slides on topics
e Corresponding movies on topics
e Chapters from TNCV late draft



Structure

* What Computer Vision does
* What Images are Like
* Regression and Classification

* Geometry and Physics
* or, more details on what images are like

* The uses of correspondence
* or, elementary 3D, tracking, and so on

* Where it’s all going



Vision group at Illinois

® David Forsyth

e Fulton Watson Copp chair; Marr prize,
1993: 2 ex students with Marr prizes;
IEEE Tech. Achievement, Fellow; ACM
Fellow; EIC IEEE TPAMI: 4 patents

Jim Rehg
e HCESC director: multiple famous ex-
) students, best paper awards: 26 patents
llE's Derek Hoiem

® Dbest paper, CVPR 2006: ACM Doctoral
Dissertation honorable mention; Sloan
Fellow; PAMI-TC Young Researcher;
major startup

Lana Lazebnik

e Microsoft Faculty Fellow; Sloan Fellow;
Koenderink Prize (2016); EIC IICV

® Alex Schwing

e Visual learning, segmentation and GAN
models

 Saurabh Gupta

» Linking visual sensing to motion

| Liangyan Gui

Understanding human movement

» Simulation and sensing for
autonomous vehicles

uxiong Wang

Learning to detect and classify
with very little data



COMPUTER VISION

A MODERN APPROACH

Vision group

The New Computer Vision
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English - Google Scholar Metrics

Top publications

Categories
Publication
1. Nature
2 IEEE/CVF Conference on Computer Vision and Pattern Recognition
3. The New England Journal of Medicine
4. Science
5. Nature Communications
6. The Lancet
7. Neural Information Processing Systems
8. Advanced Materials
9. Cell
10. Internati Ci 1ce on Learning Rep ions
1. JAMA
12. Science of The Total Environment
13. IEEE/CVF i C on Comp Vision
14. Angewandte Chemie International Edition
15. Nature Medicine
16. Journal of Cleaner Production
17. International Conference on Machine Learning
18. Chemical Reviews
19. Proceedings of the National Academy of Sciences
20. |EEE Access
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Best Computer Science Conferences Ranking 2024 | Research.com 33125, 12:09PM

Lcom

Home / Best Conferences - Computer Science

Best Computer Science Conferences

The ranking of leading conferences for Computer Science was prepared by Research.com,
one of the primary websites for Computer Science research offering accurate data on
scientific output since 2014,

The spot an the list is based on Impact Score data collected on 21-11-2023. It was based on
a careful analysis of as much as 3,040 conference profiles and websites. Show more
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Rank Conference Details Impact Score
O IEEE Computer Vision and Pattern
1 .
Rank Recognition 62.60
18-06-2023 - 22-06-2023 - Vancouver
5 OIEEE International Conference on
Rank Computer Vision 43.80
11-10-2021 - 11-10-2021 - Montreal
Russ= Neural Information Processing
3
Rank Systems 40,60

12-12-2023 - 14-12-2023 - New Orleans

Rank Learning Representations 38.10
01-05-2023 - 05-05-2023 - Kigali
Am; AAAI Conference on Artificial
5 .
Rank Intelligence 35.00
07-02-2023 - 14-02-2023 - Washington DC
. ?"j?l’;" International Conference on
Rank'}ﬁiﬁ'{ﬁ.‘b{ Machine Learning 30.10
17-07-2022 - 23-07-2022 - Baltimore
£ Springer European Conference on
7 .
o Computer Vision 29.60
29-09-2024 - 04-10-2024 - Milan
Meeting of the Association for
ﬁank Computational Linguistics 28.90
22-05-2022 - 27-05-2022 - Dublin
Empirical Methods in Natural
9 .
Rank Language Processing 21.90
06-12-2023 - 10-12-2023 - Singapore City
IJCAI International Joint Conference
10 on Artificial Intelligence 21.10
Rank

23-07-2022 - 29-07-2022 - Vienna




What you can extract from an image
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Geometric information Geometric information Geometric information
Semantic information Semantic (?) information — affordances

Vision for action



Trad. View:
Iges are fundamentally ambiguous!




...still, vision is hard even for humans

Image source


https://twitter.com/nxthompson/status/1357147968328118272/photo/1
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https://twitter.com/nxthompson/status/1357147968328118272/photo/1

The cornerstones

* Geometry and Physics
e Cameras, multiple cameras, etc
* |llumination, shading, color, etc

* For low compute regimes:
* Fast and distinctive local image representations
e Correspondence

* For high compute regimes:
* Learned image/video representations
* Learned decoding procedures

* Data Science
* Acquiring and cleaning datasets
e Clustering and matching
* Very large scale optimization

The border between these
two is surprisingly
impermeable.

Current computing
demands are absurd.

They are justified only by
our ignorance.



What we are good at

* Classification and regression

* Examples:
* image classification
* object detection
* depth/normal/X from single image

* Bolt together:

* learned representation
* learned decoding
* data engineering

Mostly, big compute, but you
can do a moderate job of classification
and detection in small compute



Classification

Image

Some neural stuff;
differentiable wrt
parameters, input

Cat
Dog

Car




Detection

Neural net
—» feature
stack

Image

Box proposal
network

ROI pool

Neural net
Classifier

.| Crop
> rois [
Box non-max

Suppression

FIGURE 18.8: Faster RCNN uses two networks.
“objectness” scores for a sampling of possible image bozes.
“anchor bozes”) are each centered at a grid point. At each grid point, there are nine
bozes (three scales, three aspect ratios). The second is a feature stack that computes
a representation of the image suitable for classification.
objectness score are then cut from the feature map, standardized with ROI pooling,
then passed to a classifier. Bounding box regression means that the relatively coarse

Non-max
Suppression

Bounding box
regression

The bozxes with highest

One uses the image to compute
The samples (called

sampling of locations, scales and aspect ratios does not weaken accuracy.




Detection and localization in 2D

YOLOv11 documentation by Ultralytics



Depth predictors work really well




What we are good at

* Segmentation

* Examples:
* Which pixels are the cat?
* break image into objects, known or unknown
* depth/normal/X from single image

* Bolt together:
* learned representation
* learned decoding
* clustering
* data engineering

Mostly, big compute



What we are good at

* Tracking and correspondence

* Examples:
* tracking people
* tracking by/and detection
* point tracking

* Bolt together:

* learned representation
* learned decoding
* data engineering

Mostly, big compute, but you
can do a moderate job of some kinds of
tracking in very small compute



Cheng et al.; DEVA: Tracking anything with decoupled video segmentation; 2023



Tracking Anything Results

Cheng et al.; DEVA: Tracking anything with decoupled video segmentation; 2023



Tracking Anything Results

-

Cheng et al.; DEVA: Tracking anything with decoupled video segmentation; 2023



What we are good at

* Linking the visual and the textual

* Examples:
* Vision Language Models

* Bolt together:

* learned representation of images
* learned representation of text
* data engineering

No small compute here!



Evaluation strategies - |

1) Answer Matching

Me: llidoitats
Time: 8.05 Prompt: Is the right orange circle the same size as the left orange circle?

Me: looks like | gotta wait 8 § now
Q0 o
o0 o020
@ s -0 oo
* 00 og0

Q: What is the price of the ba-  Q: What does the red sign

Q: Can you explain this meme?

q‘ Qe
; o0
P
4 Original

Answer: Yes, the orange balls have the same size.
GPT-4V: Yes, the right orange circle appears to be the

Edited: The orange ball on the right is enlarged.
Answer: No, the orange balls have different size.
GPT-4V: Yes, the right orange circle and the left

nanas per kg? say? GT: This meme is a humorous take on same size as the left orange circle. orange circle appear to be [1ié Same $ize.
A: $11.98 A: Stop procrastination and the tendency to delay LLaVA-1.5: No, the right orange circle is smaller than ~ LLaVA-1.5: Yes, the right orange circle is the same
tasks until a specific time the left orange circle. size as the left orange circle.
ST-VQA [20] MM-Vet [245] HallusionBench [67]

Evaluation: Average Score
Metric: ROUGE, LLM Eval
Format: Long-form open-ended
answers

Evaluation: Accuracy / Precision / Recall
Metric: Exact Match
Format: Yes/No question

Evaluation: Accuracy
Metric: Exact Match
Format: Specific short-form
answers, such as objects...

2) Multiple Choice 3) Image-Caption Similarit,

Art & Design

Question: Among the following harmonic intervals,
which one is constructed incorrectly?

Options: W‘F

(A) Major third <image 1> o= —
(B) Diminished fifth <image 2> =

(C) Minor seventh <image 3> f o =
(D) Diminished sixth <image 4> G

a brown bear? - 0.9925

Evaluation: Accuracy abrown bear? 3 enee

Metric: Exact Choice Match
Format: Multiple choice
questions

Evaluation: Average Similarity
Metric: CLIPScore, GenEval
Format: text to image
generation

Score: 0.9804

Subject: Music; Subfield: Music;
Image Type: Sheet Music;
Difficulty: Medium “A brown bear and a blue boat”

MMMU-Pro [248] T2I-CompBench [63]
A Survey of State of the Art Large Vision Language Models: Alighment,

Benchmark. Evaluations and Challenges. Li et al. 2025




What we are good at

* 3D Reasoning

* Examples:
* localization
* reconstruction
* odometry

* Bolt together:

* in the low compute world

* Fast distinctive image representations; correspondence; geometry
* in the high compute world
* learned image representations; data engineering; learned decoding

Very different kinds
of activity



Visual odometry

https://github.com/MAC-VO/MAC-VO/blob/main/asset/ICRAvideo.gif
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New technologies

* Generating images/video

* Unsupervised learning
* (notreally new; but now actually becoming very useful)

 Learned 3D reconstructions



