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Overview 
1. Decision Trees
2. Probabilistic segmentation and graph cuts

3. Semantic Segmentation



Decision trees advantages
• Simple to understand and interpret

• Requires little preparation

• Can handle both continuous and discrete data

• ’white box’ model. You can easily explain a decision 
afterwards

• Robust

• Performs well with large datasets



Regression trees learning
• Try each variable

• Try each threshold

• Calculate score e g

• Entropy

• Gini Impurity



Decision tree limitations
• Optimal learning is NP-complete (use heuristics)

• Problems with over fitting



Random Forest
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Segmentation - Graph Cuts

• Idea:
1.See the segmentation problem as a classification problem

2.Finding the highest a posteriori classification (segmentation) is 
an optimization problem

3.Construct a graph so that the min-cut problem is equivalent to 
the optimization problem in step 2.

4.Compute a minimum cut that gives the optimal solution.

Note: Min-cut of a graph can be efficiently computed
(polynomial time) via max flow algorithms.



A priori probabilities of
segmentations

Idea:
We are segmenting pixels gi as foreground (1) and some

as background (0). 
The probability of having a foreground pixel or a 

background pixel might be different
P(gi=0)=p0
P(gi=1)=p1

Note: Min-cut of a graph can be efficiently computed
(polynomial time) via max flow algorithms.



Statistical interpretation



Statistical two-phase 
Mumford-Shah



Graph representation
of images

3x3 image t

source

sink

s

Directed, weighted graph, one node
for every pixel + source and sink nodes



Minimum Cuts
Definition: A minimum 

cut is a cut with 
minimum cost.

Note: A cut separates 
all nodes in two sets: 

(i) nodes that are 
connected to the 

source nodes, and
(ii) those that are not.



Edge weights for statistical 
model



Edge weights –
regularization term



Example:
model background and foreground

as normal distributions



Example:
model background and foreground

as normal distributions
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Semantic Segmentation



Segmentation - ill-posed
What is the right segmentation?Intro Aim Method Results Discussion Object recognition Image descriptions

Image descriptions

Kalle Åström Image Segmentation and Labeling Using Free-form Semantic Annotation
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Segmentation - ill-posed
What is the right segmentation?Intro Aim Method Results Discussion Object recognition Image descriptions

Image descriptions

"A woman with a backpack and a man, also wearing a

backpack, are walking on a road. On the sides of the road high

trees as well as lower vegetation can be seen. Above, a white

sky is peeking through the treetops."

Kalle Åström Image Segmentation and Labeling Using Free-form Semantic Annotation
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Overview –
Semantic Segmentation
1. Edge detectors based on machine learning

2. Segmentation is an ill-posed problem

3. Generating a pool of possible segments (CPMC)

4. Rating segments in the pool
5. Visual and Semantic Processing

6. Second Order Pooling



Semantic Segmentation
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Semantic Segmentation



Semantic Segmentation
Second Order Pooling

https://www.youtube.com/watch?v=u5Ee0HFboLA



Visual and semantic processingIntro Aim Method Results Discussion

The aim of part 2: designing an algorithm

Input:

"a man with a white, black and red football uniform is standing

behind a trunk with a koala on it"

Kalle Åström Image Segmentation and Labeling Using Free-form Semantic Annotation



Visual and semantic processing
Intro Aim Method Results Discussion

The aim of part 2: designing an algorithm

Output:

"a man with a white, black and red football uniform is standing

behind a trunk with a koala on it"

Kalle Åström Image Segmentation and Labeling Using Free-form Semantic Annotation



Visual and Semantic Processing
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