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Content (6 weeks)

§ W1 General concepts of image classification
Traditional supervised classification methods

          Best practices
§ W2 Paper reading club!

§ W3 Elements of neural networks
§ W4 Convolutional neural networks
§ W5 Convolutional neural networks for semantic segmentation
§ W6 Paper reading club!
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Some good practices

- Fighting overfitting
- Crossvalidation
- Spatial splits
- Accuracy measures
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The enemy: 
overfitting

§ Sometimes a simple 
linear prediction is not 
optimal
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10/9/24 Machine Learning for spatial data – 1. Intro
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Going nonlinear

§ Sometimes a simple 
linear prediction is 
not optimal

§ We would prefer 
something nonlinear

§ We would avoid to be 
too close to the 
training data sqft

Price
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Going nonlinear

§ Sometimes a simple linear 
prediction is not optimal

§ We would prefer something 
nonlinear

§ We would avoid to be too 
close to the training data

§ Otherwise, when a new 
unseen point comes…

§ This is called overfitting

sqft
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Going nonlinear

§ Sometimes a simple linear 
prediction is not optimal

§ We would prefer something 
nonlinear

§ We would avoid to be too 
close to the training data

§ Otherwise, when a new 
unseen point comes…

§ This is called overfitting
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Going nonlinear

§ Sometimes a simple linear 
prediction is not optimal

§ We would prefer something 
nonlinear

§ We would avoid to be too 
close to the training data

§ Otherwise, when a new 
unseen point comes…

§ This is called overfitting
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Going nonlinear

§ Sometimes a simple 
linear prediction is not 
optimal

§ We would prefer 
something nonlinear

sqft
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Overfitting (and 
generalization)

§ Overfitting happens when you trust your training data too much.
§ Our aim is to model the data structure well, not to represent the training data 

well
§ If we fail miserably on unseen data, the learning was a failure
§ So we need to 

- Train well 
= minimize errors where we can estimate them 

- Limit model overcomplexification
= avoid overfitting
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Overfitting (and 
generalization)

Training error

Test error
(on new samples)

Model capacity
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More complexity is 
not always good
§ A classification algorithm has free parameters to be tuned
• Typically related to the generalization capability
• A good generalization is a trade-off between :

o Having a low training error (fitting well enough the training examples)
o But keeping the model “simple”, with a low complexity

Source: F. de Morsier, PhD Thesis
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How do we limit 
complexity?

§ By regularizing solutions
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By keeping parameters
small, we avoid the model
to rely too much on the
training data

By penalising every time we
split into a deeper tree, we avoid
taking decisions on smaller and
smaller “leaves”



How do we limit 
complexity?

§ By regularizing solutions
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Optimization objective: min ( errors on training data + regularizer )



How do we limit 
complexity?

§ By regularizing solutions
§ By choosing parameters that do not prone overfitting (e.g. min 

number of samples in each leaf, which has a similar effect of the 
regularizer seen in previous slide)
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How do we limit 
complexity?

§ By regularizing solutions
§ By choosing parameters that do not prone overfitting (e.g. min 

number of samples in each leaf, which has a similar effect of the 
regularizer seen in previous slide)

§ By early stopping (important in neural netwroks)

In other words: know when to stop minimizing the training error. 
      (cross) validation is a possible way to estimate that.
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Some good practices

- Overfitting
- (Cross)validation
- Spatial splits
- Accuracy measures

D
. T

ui
a.

 E
C

EO
  

18

IP
EO

 c
ou

rs
e 

–
3 

im
ag

e 
cl

as
si

fic
at

io
n 

 -
be

st
 p

ra
ct

ic
es

9 
O

ct
ob

er
 2

02
4



Use a validation set 
when you have it!
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§ A classification algorithm has free 
parameters to be tuned

§ Cross-validation can allow to 
estimate the generalization capability 
(=accuracy on unseen test data)

§ If you have a lot of data, you can take 
out part of it for validating how well 
your model is doing on data never 
seen during training



Validation with some 
left out data

§ Validation of model parameters

Dataset

Total number of data samples
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Validation with some 
left out data

§ Validation of model parameters

Total number of data samples

Validation set

Estimation of accuracy on validation 
set

Training set Test set
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This is for final testing only.

It is data the model never
sees until the very end.

The validation data are used
to set model parameters, so
the model is optimized for
them

This is to find the best model 
parameters.

Every set of parameters is optimized 
on the training set. Lowest error 
on validation set wins.



Use a validation set 
when you have it!
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§ A classification algorithm has free 
parameters to be tuned

§ Cross-validation can allow to estimate 
the generalization capability (=accuracy 
on unseen test data)

§ If you have a lot of data, you can take 
out part of it for validating how well your 
model is doing on data never seen 
during training

§ This can be used for:
• Comparing different parameters sets
• Seeing if you are overfitting

VS



K-fold Cross-validation

§ When you don’t have many data, you need to work with what you 
have…

§ Idea behind cross-validation:
• Split the training examples into different subset or “folds”
• Leave one fold for testing and estimating accuracy
• Use the remaining folds for training the model
• Repeat above steps until all folds have been once tested
• Take average error as performance metric
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Cross-validation

§ K-folds cross-validation

Dataset

Total number of data samples
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Cross-validation

§ K-folds cross-validation

Total number of data samples

Validation set

Estimation of accuracy on validation 
set

Training set Test set
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Cross-validation

§ K-folds cross-validation

Total number of data samples

Training set

Estimation of accuracy on validation 
set

Validation 
set

Test set
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Cross-validation

§ K-folds cross-validation

Total number of data samples

Training set

Estimation of accuracy on validation 
set

Test setValidation 
set
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Cross-validation

§ K-folds cross-validation

Total number of data samples

…
Validation set

K-folds CV repeated for different classifier parameters => optimal parameters for best average
accuracy

Average estimation of accuracy on the K-folds

Training set Test set

Predict classifier 
performances on 
leave-out test set
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Some good practices

- Overfitting
- Crossvalidation
- Spatial splits
- Accuracy measures
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Am I doing a good 
job?
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True labelsPredicted classes



We can compare our 
predictions to the true 
labels
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True labelsPredicted classes



And we better do it only on areas we didn’t use for 
establishing the model (to avoid positive biases)
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True labelsPredicted classes

vs

Training
polygons



Then we compare the true and 
predicted pixel by pixel
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Correct classifications
Label : water
Prediction: water

Misclassifications
Label : building
Prediction: other 

classes

LA
BE

LS
PR

ED
IC

TI
O

NS



Predicted labels y*
PA

Class A Class B Class C Class D

Tr
ue

 la
be

ls
 y

Class A nAA nAA / nA�

Class B nBB nBB / nB�

Class C nCA nCC nCC / nC�

Class D nDD nDD / nD�

UA nAA / n�A nBB / n�B nCC / n�C nDD / n�D OA and AA

Confusion matrix

Relates known truth pixels and predictions

Sample from class A
Correctly predicted in class A

Sample from class C
wrongly predicted in class A
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AccuracieS

• Overall accuracy: percentage of correct classifications
= sum of the diagonal of the CM / num of pixels

• Average accuracy: average of the per-class accuracies
= the honest one. If you fail on one small class, it is going to show!

• User’s accuracy: commission errors, % that a pixel classified into a class 
belongs to that class.
= sum of the column sums of the CM

• Producer’s accuracy: omission errors, % that a reference sample has been 
classified correctly.
= sum of the row sums of the CM
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User vs producer’s

6

3 1

0F

F

U

U

True

Predicted

6/6*100 = 100%

6/
9*

10
0 

= 
66

%

1/
1*

10
0 

= 
10

0%

1/4*100 = 25%

Producer Accuracy
“how many of true GT has been predicted correctly” 

User Accuracy
“how many of the classi!er’s predictions were correct” 

Ground truth Your map
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