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CIRI PROJECT
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CIRI Project Incident recognition in images

[1] Weber, Ethan, et al. "Detecting natural disasters, damage, and incidents in the wild." European Conference on Computer Vision. Springer, Cham, 2020.

Dataset: 
Subset of the Incident dataset [1]

Goal: 
Classificaton of incidents depicted in images 

Challenges:

- Design and implement ML framework for image classification
- Visualize and represent the data in an informative way
- Evaluate and discuss performance of the implemented models

This session “gave” you 
tools to work on the project 
from different perspectives,

Investigate them further and use them
to build something nice! 
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CIRI Project Image classification framework

…

Images: Weber, Ethan, et al. "Detecting natural disasters, damage, and incidents in the wild." European Conference on Computer Vision. Springer, Cham, 2020.

1 Airplane accident

0 Flooded

3 Burned

n Volcanic Eruption

2 Oil spill

n-1 Thunderstorm
…

Feature
extraction MLFeature

processing

Input data

Classification

Images (+labels) + supervised ML = Image classification
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BRIEF MENTION OF AI
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Can  machines  (automata, computers, programs)  be intelligent ?

… think ?
Computer chess 
• Deep Blue beats Kasparov (May 1997)
• Matches expert level performance
• ‘Thinks’ differently from human expert …

by examining ~ 200 million possible situations

real intelligence or ”just computation”   ??? 

Software-based AI systems
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Software-based AI systems

Slide Birna vanRiemsdijk
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COMPUTER VISION
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•What kind of scene?

•Where is the cars?

•How far is the building?

• How many people are 
present?

•…

Make computers understand images and video.

Computer vision
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Computer vision tasks

slide from http://cs231n.stanford.edu
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Is this an urban or rural area? Which city is this?

Output: y = { -1, +1 } Output: y = { 0, 1, 2, …, C }

Binary Classification Multi-class Classification

M. Pawan Kumar AMiTANS’16, Albena, 26 of June, 2016

Computer vision tasks
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Where is the object in the image? What is the semantic class of each pixel?

Output: y = { x, y, w, h } coordinates Output: y ={ 0, 1, 2, …, C } per pixel

Object Detection Semantic Segmentation

M. Pawan Kumar AMiTANS’16, Albena, 26 of June, 2016

Computer vision tasks
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Fei-Fei Li & Andrej Karpathy & Justin Johnson AMiTANS’16, Albena, 26 of June, 2016

Computer vision tasks
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Fei-Fei Li & Andrej Karpathy & Justin Johnson AMiTANS’16, Albena, 26 of June, 2016

Computer vision tasks
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Applications
Medical images and health

Slide Prof. Petia Radeva
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Applications
Surveillance and security: biometric systems

•Fingerprint identification, facial recognition, iris and retinal scan, hand geometry, geometry of the ear, signature 
recognition, voice identification, identification of the DNS, the smell of human characteristics or recognition of typing 
motion (not a privilege of science fiction any more).
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Slide Prof. Petia Radeva
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•Augmented TV

•Hawk Eye: 
tracking the ball in 
game sports.

•PVI: Virtual  
publicity in real 

television pictures.

Applications
Media and entertainment

Slide Prof. Petia Radeva
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•Android Developer 
Challenge (Google): 
Barcode Reader for price 
list and product 
information

•Client services •For visually impaired
•Health  services

•Tourism

Applications
Mobile computer vision

Slide Prof. Petia Radeva
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•Lane detection

•Pedestrian and car detection

• Collision warning systems with adaptive 
cruise control, 
• Lane departure warning systems, 
• Rear object detection systems,

•Slide credit Fei-Fei, Fergus, Torralba CVPR07 Short Course
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ASSISTIVE DRIVING

Slide Prof. Petia Radeva



23

My
work
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IMAGE CLASSIFICATION
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Image classification framework

Images: Weber, Ethan, et al. "Detecting natural disasters, damage, and incidents in the wild." European Conference on Computer Vision. Springer, Cham, 2020.

1 Dog

0 Cat
ML

Images (+labels) + supervised ML = Image classification
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Variation Makes 
Recognition Hard?

The same class of object can 
appear very differently in 
different images

Viewpoint Variation Lighting Variation Deformation

Background Clutter Occlusion

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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What we see
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What the computer sees

The semantic gap
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Digital imageDigital image and image representations

Images from the book Digial Image Processing 4ed by Rafael C. Gonzalez and Richard E. Woods
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Digital image

An image is a spatial representation of an object or a 
two- or three-dimensional scene.

The points (x, y) are called pixels, the values f(x, y) are 
called grey levels: for 8-bit images these grey levels 
range from 0 to 255.

Images from the book Digial Image Processing 4ed by Rafael C. Gonzalez and Richard E. Woods
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Image representations



31

• Spatial resolution: number of pixels per unit distance (dpi: dots per inch)
• Intensity resolution: number of bits used to quantize the intensity range

Resolution

Images from the book Digial Image Processing 4ed by Rafael C. Gonzalez and Richard E. Woods
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Image from Lukac, Rastislav, and Konstantinos N. Plataniotis. "Single-sensor camera image processing." Color Image Processing. CRC Press, 2018. 409-438.

Color image
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• An image is just a bunch of numbers
• Let’s stack them up into a vector

• Our training data is just a bunch of high-
dimensional points now

Images As High-Dimensional Vectors

The Space of
All Images

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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Toasters

Cats

• An image is just a bunch of numbers
• Let’s stack them up into a vector

• Our training data is just a bunch of high-
dimensional points now

• Divide space into different regions for different 
classes

Images As High-Dimensional Vectors

The Space of
All Images

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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Toasters

Cats

• An image is just a bunch of numbers
• Let’s stack them up into a vector

• Our training data is just a bunch of high-
dimensional points now

• Divide space into different regions for different 
classes

Images As High-Dimensional Vectors

The Space of
All Images

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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• Define a distribution over space for each 
class

or

• An image is just a bunch of numbers
• Let’s stack them up into a vector

• Our training data is just a bunch of high-
dimensional points now

• Divide space into different regions for different 
classes

Images As High-Dimensional Vectors

The Space of
All Images

Toasters

Cats

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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• How high-dimensional is an image?
• Let’s consider an iPhone X photo:

• 4032 x 3024 pixels
• Every pixel has 3 colors
• 36,578,304 pixels (36.5 Mega pixels)

• In practice, images sit on a lower-
dimensional manifold

• Think of image features and 
dimensionality reduction as ways to 
represent images by their location 
on such manifolds

Image Features and Dimensionality Reduction

The Space of
All Images

Noah Snavely's CS5670 - Introduction to Computer Vision class at Cornell Tech

http://www.cs.cornell.edu/courses/cs5670/2021sp/
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Feature extraction

Histogram of oriented gradients 
https://arxiv.org/pdf/1703.05853.pdf

RGB histograms as descriptor

Edges and corners
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MACHINE LEARNING



*Image from https://towardsdatascience.com/coding-deep-learning-for-beginners-types-of-machine-learning-b9e651e1ed9d

Types of machine 
learning problems

Unsupervised learning
input data, no labels

- Clustering: group 
similar data points. 

- Density estimation
- Dimensionality 

reduction 
- Outlier/novelty 

detection

Supervised learning
labels are provided

- Classification
- Regression

Semi-Supervised learning

labels for just part of the data

Reinforcement learning

find a sequence of actions 
(policy) that reaches a 

target. 40

https://towardsdatascience.com/coding-deep-learning-for-beginners-types-of-machine-learning-b9e651e1ed9d


Supervised Training - Classification

41
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data: observations, e.g. 
vectors of num. values

classification tasks:
assign data to a category 

ex
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e 
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model: linear separation

“shark”

else  “dolphin”

<latexit sha1_base64="iVZhOkxvSU6xF8yN88MPw5S/wvY=">AAACCXicbZDLSgMxFIYzXmu9dNSlm2ARFKHMFEVXWhDBZQV7gc4wnEnTNjSZGZKMWEq3bnwVNy4U0aVv4M5H8C1MLwtt/SHw8Z9zODl/mHCmtON8WXPzC4tLy5mV7Ora+kbO3tyqqjiVhFZIzGNZD0FRziJa0UxzWk8kBRFyWgu7F8N67ZZKxeLoRvcS6gtoR6zFCGhjBTb2gCcdwHeBiw+xF1I95CI+w14bhAAc2Hmn4IyEZ8GdQL6U+z4/yL5flgP702vGJBU00oSDUg3XSbTfB6kZ4XSQ9VJFEyBdaNOGwQgEVX5/dMkA7xmniVuxNC/SeOT+nuiDUKonQtMpQHfUdG1o/ldrpLp16vdZlKSaRmS8qJVyrGM8jAU3maRE854BIJKZv2LSAQlEm/CyJgR3+uRZqBYL7nHBuTZpHKGxMmgH7aJ95KITVEJXqIwqiKB79Iie0Yv1YD1Zr9bbuHXOmsxsoz+yPn4AnOOamg==</latexit>

↵x1 + �x2 > �

training: 
optimize parameters 

⇧
<latexit sha1_base64="ViGOtRL2rX2I4yQCQZ4ZgVoBnT0=">AAAB/3icbVDLSgMxFM3UV62Pjgpu3ASLoCBlRhTdWRDBZQX7gHYod9JMG5pkhiQjlNqFv+LGhSJuxb9w5yf4F6aPhVYPXO7hnHvJzQkTzrTxvE8nMze/sLiUXc6trK6t592NzaqOU0VohcQ8VvUQNOVM0ophhtN6oiiIkNNa2LsY+bVbqjSL5Y3pJzQQ0JEsYgSMlVrudhN40oVD3AypGbUOCAG45Ra8ojcG/kv8KSmU8l/nB7n3y3LL/Wi2Y5IKKg3hoHXD9xITDEAZRjgd5pqppgmQHnRow1IJgupgML5/iPes0sZRrGxJg8fqz40BCK37IrSTAkxXz3oj8T+vkZroLBgwmaSGSjJ5KEo5NjEehYHbTFFieN8SIIrZWzHpggJibGQ5G4I/++W/pHpU9E+K3rVN4xhNkEU7aBftIx+dohK6QmVUQQTdoQf0hJ6de+fReXFeJ6MZZ7qzhX7BefsG2xmXlA==</latexit>

↵,�, �

sharks

dolphins

length
x1

length
x2

Supervised learning
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Supervised learning methods for classification

Scikit-learn python packages - https://scikit-learn.org/stable/supervised_learning.html
https://vitalflux.com/k-nearest-neighbors-explained-with-python-examples/
https://medium.com/@viveksalunkhe80/support-vector-machine-svm-88f360ff5f38

K-NN SVM

https://scikit-learn.org/stable/supervised_learning.html
https://vitalflux.com/k-nearest-neighbors-explained-with-python-examples/
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(Deep) Neural Networks in Image classification

q As a classifier

q As a feature extractor + classical ML method 
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Neural Networks
Why are they called Neural Networks?

Adapted from Fei-Fei Li & Andrej Karpathy & Justin Johnson

Artificial NNs ~ 100M neurons
Human NNs ~ 5B of neurons
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x1
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x3

x4

x5

w1

w2

w3

w4

w5

! y

WeightsInput Input
Function

Activation 
function

Output

Perceptron layer

Error

Perceptron learning algorithm
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Figure: https://www.mql5.com/en/blogs/post/724245

Perceptron learning algorithm

Training data set {xn, tn} 
uses the target coding scheme:

Send a signal to the output if inputs are sufficiently activated
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Ⓒ Fei-Fei Li & Justin Johnson & Serena Yeung

Neural Networks Architectures
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Waldrop, M. Mitchell. "News Feature: What are the limits of deep learning?." Proceedings of the National Academy of Sciences 116.4 (2019): 1074-1077

Deep learning
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Artificial vs. Convolutional Neural Networks
Question : what is the difference between Convolutional Neural Networks 
(CNNs) and Artificial Neural Networks (NNs)?

ANN
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Question : what is the difference between Convolutional Neural Networks 
(CNNs) and Artificial Neural Networks (NNs)?

CNN

all trained (‘end-to-end’).      representation on different levels
of detail/abstraction  

Artificial vs. Convolutional Neural Networks



52

Question : what is the difference between Convolutional Neural Networks 
(CNNs) and Artificial Neural Networks (NNs)?

ANN

CNN

Can learn 
spatial
correlations!

Spatial 
information is 
lost!

Artificial vs. Convolutional Neural Networks



Convolutions
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Convolutional Neural Networks

Spatial Info No Spatial Info

54



Convolutional Neural Networks

55



Convolutional layer

- Convolution operations with (zero-)padding and stride.

Convolutional Neural Networks

56



Pooling layer

- No weights to be trained
- Pooling layer needs 2 hyperparameters: kernel size F, stride S

Convolutional Neural Networks

57



Activation functions

Convolutional Neural Networks

58



Max pooling layer

Convolutional layer

Convolutional Neural Networks

59



• Backpropagation and chain rule
• Loss functions (cross-entropy loss, binary loss, …)
• Optimization, gradient descent, momentum 
• Etc

… Machine learning 1 and 2 and Deep learning courses! J

Convolutional Neural Networks

60

3Blue1Brown series on Deep Learning 
https://youtu.be/aircAruvnKk

https://youtu.be/aircAruvnKk


Possible outputs:
- Semantic classification
- Vectorial representation can be used as image descriptors

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Convolutional Neural Networks

61
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Use of detected semantics as descriptors:

Object detection with CNNs
Region-based classifiers
Yolo

Reading: https://datascience.eu/computer-vision/r-cnn-fast-r-cnn-faster-r-cnn-yolo-object-detection-algorithms/



64
https://towardsdatascience.com/object-detection-explained-r-cnn-a6c813937a76

Region-based Classifiers
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You Only Look Once: Unified, Real-Time Object Detection
https://www.youtube.com/watch?v=NM6lrxy0bxs

Redmon, Joseph, et al. "You only look once: Unified, real-time object detection."
Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.

…Yolov4
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MACHINE LEARNING
GENERALIZATION 
& VALIDATION
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Generalization is the ability of the model to react to unseen data samples.

The validation of a model is the process where a trained model is evaluated with a testing 
data set

Regularization is a technique used to reduce the errors by fitting the function appropriately on 
the given training set and avoid overfitting.
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key problems in supervised learning 

model selection:     Neural Networks, Support Vector Machine, Decision trees… ?
how many prototypes/seeds, neurons, which kernel,…    ? 

algorithm, (hyper-) parameters: 
which training prescription ? 
how many training epochs, which learning rate, … ? 

training: based on performance with respect to training data
aim      : low error with respect to new data   generalization

how can we test the generalization performance  ?   

data representation: coding, normalization, transformation, …             ? 

supervised learning - generalisation



69

Validation procedures 

basic idea:     split available data { }{ }Pμ μ

μ=1
D =  ,  S  ξ

{ }{ }Qμ μ

μ=1
D  =  ,  S  training ξ { }{ }Pμ μ

μ=Q+1
D  =  ,  S  test ξ

(randomly) into disjoint sets

→ estimate of  test error            (e.g. number of misclassifications) Etest
→ comparison/choice  of different models, algorithms, parameter settings

→ prediction of performance with respect to novel data  ( ? ) 

supervised learning - generalisation

In practice, available training data is often limited

Splitting the data in sets further reduces this
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problems:

- lack of data
can we afford to waste example data only  for validation ? 

- representative results ? 
lucky / unlucky  set composition can give misleading outcome ! 

- variation of results ?  
how safe is the prediction ?  error bars of the estimates ?  

supervised learning - generalisation
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example strategy:     " n-fold cross-validation "  

split data { }{ }Pμ μ

μ=1
D =  ,  S  ξ

n
(i) (i) (i) (i) (i)

i=1

D =  D           D  D D           D Dtrain test= =

(randomly) into n disjoint sets

all data                    training data (i)              test data (i) 

- repeat training n times
- calculate average training / test errors   ( and variances )

- repeat cross-validation for different models, parameter settings, etc. 
- select the best system with respect to test errors 

(model, number of units, learning rate, … ) 

cross-validation
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- which n in n-fold cross-validation ?
larger n   →  larger fraction of D used in each training run

→  more estimates of Etest / smaller test sets 
→  higher computational effort

extreme case:  n = P,
repeat P times    " leave-one-out estimate " 

cross-validation
n-fold cross-validation
Repeatedly split the data and average the results (here, n = 4)
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remarks:

cross-validation

test / training errors (e.g. observed in cross-validation) 
vs. complexity of the model  (e.g. # of prototypes, neurons, … )  

Etrain < Etest

"complexity“  (e.g.: number of 
prototypes, hidden units… ) 

- expect: 
better classification ( of Dtrain ) 
with increasing complexity 

in general: E 



What error measure (or utility function)?

Different problems require different types of Error Functions:

Supervised learning 
Classification Some form of counting misclassified datapoints
Regression Average distance between predicted and target output

Unsupervised learning Within-class and between-class distances between samples

74

Performance comparison Validation metrics



Performance in Supervised Learning - Classification
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Performance in Supervised Learning - Classification

76

Multi class confusion matrix
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Recap

Brief intro to AI

o Computer vision

o Image classification

o Machine learning

o Practicals
Assignments
Project
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CIRI PROJECT
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Assignments
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CIRI Project Incident recognition in images

[1] Weber, Ethan, et al. "Detecting natural disasters, damage, and incidents in the wild." European Conference on Computer Vision. Springer, Cham, 2020.

Dataset: 
Subset of the Incident dataset [1]

Goal: 
Classificaton of incidents depicted in images 

Challenges:

- Design and implement ML framework for image classification
- Visualize and represent the data in an informative way
- Evaluate and discuss performance of the implemented models

This session gave you 
tools to work on the project 
from different perspectives,

Investigate them further and use them
to build something nice! 
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CIRI Project Image classification framework

…

Images: Weber, Ethan, et al. "Detecting natural disasters, damage, and incidents in the wild." European Conference on Computer Vision. Springer, Cham, 2020.

1 Airplane accident

0 Flooded

3 Burned

n Volcanic Eruption

2 Oil spill

n-1 Thunderstorm
…

Feature
extraction MLFeature

processing

Input data

Classification

Images (+labels) + supervised ML = Image classification
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CIRI Project Report

What to report to create a good report?

Dataset description (table describing the data split)

Performance of the evaluated models applying cross validation ( k = 3 or 5)
Results as Avg ± std

Confusion matrix

Examples of correct and incorrect classifications
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COMPUTER VISION & DEEP LEARNING

Video
[Click here]

Fei-Fei Li · Computer scientist 
As Director of Stanford’s Artificial Intelligence Lab and Vision Lab

‘How we’re teaching computers to understand pictures’

https://www.youtube.com/watch?v=40riCqvRoMs&t=12s
https://www.youtube.com/watch?v=40riCqvRoMs&t=12s
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Video
[Click here]

Karras, et al., Progressive Growing of GANs for Improved Quality, Stability, and Variation, ICLR 2018

Progressive Growing of GANs for Improved Quality

COMPUTER VISION & DEEP LEARNING

https://www.youtube.com/watch?v=XOxxPcy5Gr4
https://www.youtube.com/watch?v=XOxxPcy5Gr4
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New Ego4D dataset

Video 
[click here]

COMPUTER VISION & DEEP LEARNING

https://drive.google.com/file/d/1oknfQIH9w1rXy6I1j5eUE6Cqh96UwZ4L/view
https://drive.google.com/file/d/1oknfQIH9w1rXy6I1j5eUE6Cqh96UwZ4L/view
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The Deep Learning Revolution (by NVIDIA)

Video
[Click here]

Deep learning (impact)
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Motion perception 
Johansson’s experiments [‘70s] 

Video
[Click here]

https://www.youtube.com/watch?v=1F5ICP9SYLU&t=228s
https://www.youtube.com/watch?v=1F5ICP9SYLU&t=228s

