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Segmentation

• Gruppi di pixel che formano regioni omogenee
• Superfici
• Oggetti
• Parti di oggetti

• Separazione Foreground/background
• Semantic segmentation
• Instance segmentation



Separazione foreground-background

• Separazione di oggetti dallo sfondo



Semantic segmentation



Instance segmentation



Cosa rende buona una segmentazione?

• Ground truth



Cosa rende buona una segmentazione?

• Ground truth
• Non necessariamente!



Superpixel segmentation

• Raggruppamenti a granularità grossa
• Bottom-up
• Non supervisionato
• veloce
• Oversegmentation

• Ci basta che le regioni siano uniformi



Multiple segmentation

• Istanze multiple, etichettatura tramite consenso



Approccio

• Data un’immagine 𝐼 �⃗� caratterizzata da 

• 𝐿(�⃗�) è un insieme di features locali
• Ad esempio la risposta a filtri passa-banda

• Trovare i raggruppamenti di �⃗�

�⃗�(�⃗�) =
�⃗�
𝐼(�⃗�)
𝐿(�⃗�)



Tecniche

• Non supervisionati, Bottom-up
• Region-based
• Edge-detection
• Clustering
• Graph-based

• Supervisionati, top-down
• CRFs
• Deep Learning



Thresholding e Morfologia

• Su immagini in scala di grigio
• Thresholding: 

• 𝜃 𝐼, 𝑡 = &1 𝐼 > 𝑡
0

• 𝐵 structuring element
• (un filtro binario di dimensione 𝑆)

• 𝐶 = 𝐼 ∗ 𝐵
• Convoluzione di «conteggio»

• Erosion
• 𝐴⊝𝐵 = 𝜃(𝐶, 𝑆)

• Dilation
• 𝐴⊕𝐵 = 𝜃 𝐶, 1

• Opening
• (𝐴 ⊝ 𝐵)⊕ 𝐵

• Closing
• (𝐴 ⊕ 𝐵)⊝ 𝐵

9.2 ! Erosion and Dilation 631

9.2.1 Erosion
With and as sets in the erosion of by denoted is defined as

(9.2-1)

In words, this equation indicates that the erosion of by is the set of all
points such that translated by is contained in In the following discus-
sion, set is assumed to be a structuring element. Equation (9.2-1) is the
mathematical formulation of the example in Fig. 9.3(e), discussed at the end of
the last section. Because the statement that has to be contained in is
equivalent to not sharing any common elements with the background, we
can express erosion in the following equivalent form:

(9.2-2)

where, as defined in Section 2.6.4, is the complement of and is the
empty set.

Figure 9.4 shows an example of erosion. The elements of and are
shown shaded and the background is white. The solid boundary in Fig. 9.4(c)
is the limit beyond which further displacements of the origin of would
cause the structuring element to cease being completely contained in 
Thus, the locus of points (locations of the origin of ) within (and includ-
ing) this boundary, constitutes the erosion of by We show the erosion
shaded in Fig. 9.4(c). Keep in mind that that erosion is simply the set of
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FIGURE 9.7
(a) Sample text of
poor resolution
with broken
characters (see
magnified view).
(b) Structuring
element.
(c) Dilation of (a)
by (b). Broken
segments were
joined.
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! One of the simplest applications of dilation is for bridging gaps. Figure 9.7(a)
shows the same image with broken characters that we studied in Fig. 4.49 in
connection with lowpass filtering. The maximum length of the breaks is
known to be two pixels. Figure 9.7(b) shows a structuring element that can be
used for repairing the gaps (note that instead of shading, we used 1s to denote
the elements of the SE and 0s for the background; this is because the SE is
now being treated as a subimage and not as a graphic). Figure 9.7(c) shows
the result of dilating the original image with this structuring element. The
gaps were bridged. One immediate advantage of the morphological approach
over the lowpass filtering method we used to bridge the gaps in Fig. 4.49 is

EXAMPLE 9.2:
An illustration of
dilation.
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Thresholding

• Su immagini in scala di grigio
• Thresholding: 

• 𝜃 𝐼, 𝑡 = +1 𝐼 > 𝑡
0

• Determinazione della soglia ottimale
• Otzu algorithm, basato sulla massimizzazione della varianza inter-segmento

• Soglie multiple
• Partizionamento
• neighborhood



Edge Detection

• Metodi basati sull’individuazione di cambiamenti di intensità
• Image smoothing per la riduzione del rumore
• Detection di edge points

• Individuazione di potenziali candidati, tramite filtri laplaciani o di gradiente
• Thresholding, canny edge detection

• Edge localization
• Selezione dai candidati
• Edge linking



Watershed segmentation

• Linee spartiacqua
• Aumentiamo progressivamente e uniformemente il «livello dell’acqua»
• Quando due bacini si fondono, marchiamo i pixel di separazione
• Le linee spartiacqua sono costruite su tali linee

• Applicato sul gradiente

Bahadir K. Gunturk EE 7730 - Image Analysis I 19

Watershed Segmentation Algorithm
� The objective is to find watershed lines. 
� The idea is simple: 

� Suppose that a hole is punched in each regional minimum and that the entire 
topography is flooded from below by letting water rise through the holes at a 
uniform rate.

� When rising water in distinct catchment basins is about the merge, a dam is 
built to prevent merging. These dam boundaries correspond to the watershed 
lines.  

Bahadir K. Gunturk EE 7730 - Image Analysis I 22

Watershed Segmentation Algorithm
Watershed algorithm might be used on the gradient image instead of the 
original image.



Clustering

• Raggruppiamo sulla base delle affinità di �⃗� �⃗�
• Esempi: k-means (Mixture of Gaussians)

• La segmentazione è stabilita dai parametri 𝜋), 𝑚), Σ) )*+…-
• numero di segmenti stabilito da penalized likelihood

• Segmento di appartenenza: 

𝑝 �⃗� �⃗� 𝑀 =5
)

𝜋)𝑝(�⃗� �⃗� |𝑚), Σ))

𝑐 �⃗� = 𝑎𝑟𝑔𝑚𝑎𝑥)𝑝(�⃗� �⃗� |𝑚), Σ))



Clustering

• La qualità del clustering dipende dalla veridicità delle assunzioni
• Distribuzioni gaussiane



Mean-Shift

• Variante non-parametrica al clustering
• Utilizza Kernel-density estimation

• 𝑓(𝑥) = 1/𝑀∑𝐾(𝑥 − 𝑥!)

• Ogni punto è associato al minimo locale più vicino
• Utilizzando gradient ascent, si può convergere
• Calcolo ottimizzato:

• converge su kernel gaussiani o Epanechnikov

5.3 Mean shift and mode finding 255

(a) (b)

(c) (d)

(e)

Figure 5.16 Mean-shift image segmentation (Comaniciu and Meer 2002) c© 2002 IEEE: (a) input color im-
age; (b) pixels plotted in L*u*v* space; (c) L*u* space distribution; (d) clustered results after 159 mean-shift
procedures; (e) corresponding trajectories with peaks marked as red dots.

𝑦).+ =
∑/ 𝑥/𝐾′(𝑦) − 𝑥/)
∑/𝐾′(𝑦) − 𝑥/)

𝐾! 𝑟; ℎ = exp −𝑟"/2ℎ 𝐾# 𝑟; ℎ = max(0,1 − r/h)



Mean Shift



Graph-based segmentation

Un grafo pesato indiretto connesso
•Nodi = pixel
•archi = coppie di pixel vicini
•Pesi sugli archi = similarità dei nodi

wij

i

j



Esempio



Felzenszwalb & Huttenlocher algorithm

• I pesi corrispondono alla dissimilarità nello spazio (𝑥, 𝑦, 𝑟, 𝑔, 𝑏)
• L’algoritmo
• Ogni vertice rappresenta una componente
• Per ogni arco in ordine crescente di peso:

• Se l’arco è tra vertici in due component A e B, fondi le componenti se il peso è minore
della minima differenza interna intra-componente

𝐼𝑛𝑡 𝑅 = min
A∈CDE(F)

𝑤 𝑒 + 𝑘/|𝑅|



Altri approcci: Graph-cut

• Si cerca il taglio ottimale cancellando gli archi che minimizzano il cut

• NP-Hard
• Soluzione tramite rilasciamento continuo

Christopher Choy

Graph-cut, Min-cut

• Represent features and their relationships using a weighted graph
• Node Å every pixel, superpixel
• Edge Å Affinity or similarity between two nodes

• Affinity can be innerproduct between features (color) or RBF kernels

• Cut the graph to subgraphs

Stanford CS231A 22

A B

𝐶𝑢𝑡 𝐴, 𝐵 = L
$∈&,(∈)

𝑤$(

𝑁𝐶𝑢𝑡 𝐴, 𝐵 =
𝐶𝑢𝑡(𝐴, 𝐵)
∑$∈&,(∈* 𝑤$(

+
𝐶𝑢𝑡(𝐴, 𝐵)
∑$∈+,(∈* 𝑤$(



Probabilistic Graphical Model

• Formulazione probabilistica
• 𝑝 𝑥, 𝑦 con 𝑦 label e 𝑥 punto nell’immagine

• Idea: formulare una funzione di costo che dipenda dalla quantità di 
«energia» individuata nell’etichettatura dei punti

𝐸 𝑌|𝑋 =5
/

𝜙 𝑦/|𝑥/; 𝜃 +5
/,Q

𝜓 𝑦/, 𝑦Q|𝑥/, 𝑥Q; 𝜃
Unary potential 

(local data term): 
score for pixel i

and label ci

Neighboring 
pixels

Pairwise potential 
(context or smoothing 

term)
Pixels



Dependencies, random fields

• Naive Bayes:

𝑝 𝑦|𝑥 =
∏$ 𝑝 𝑥$ 𝑦 𝑝(𝑦)

∑,∏$ 𝑝 𝑥$ 𝑦 𝑝(𝑦) → 𝑝 𝑦 = 1 𝑥 =
1

1 + exp log 𝑝(𝑦 = 1)
1 − 𝑝(𝑦 = 0) + ∑$ log

𝑝(𝑥$|𝑦 = 1)
𝑝(𝑥$|𝑦 = 0)

𝑦-

𝑥. 𝑥" 𝑥/
…



Dependencies, random fields

• Logistic regression:

𝑝 𝑦 = 1 𝑥 =
1

1 + exp 𝑤0 + ∑$𝑤$𝑥$

𝑦-

𝑥. 𝑥" 𝑥/
…



Hidden Markov Models

• Joint likelihood
• 𝑝 𝑌, 𝑋 = ∏Z 𝑝 𝑥Z 𝑦Z 𝑝(𝑦Z|𝑦Z[+)

• Estensione «markoviana» di Naive Bayes
• Inferenza

• Qual è l’insieme 𝑌 di etichette ottimale?
• Qual è la probabilità 𝑝 𝑦/ 𝑋 ?

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.



Hidden Markov Models

log 𝑝 𝑌, 𝑋 =3
,

log 𝑝 𝑥, 𝑦, + log 𝑝(𝑦,|𝑦,-.)

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.



Conditional Random Field

𝐸 𝑌|𝑋 =5
/

𝜙 𝑦/|𝑥/; 𝜃 +5
/,Q

𝜓 𝑦/, 𝑦Q|𝑥/, 𝑥Q; 𝜃
Unary potential 

(local data term): 
score for pixel i

and label ci

Neighboring 
pixels

Pairwise potential 
(context or smoothing 

term)
Pixels

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.

𝑝(𝑌|𝑋) =
1
𝑍
exp 𝐸(𝑌|𝑋)



Conditional Random Field

𝐸 𝑌|𝑋 =5
/

𝜙 𝑦/|𝑥/; 𝜃 +5
/,Q

𝜓 𝑦/, 𝑦Q|𝑥/, 𝑥Q; 𝜃
Unary potential 

(local data term): 
score for pixel i

and label ci

Neighboring 
pixels

Pairwise potential 
(context or smoothing 

term)
Pixels

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.



Conditional Random Field

𝐸 𝑌|𝑋 =5
/

𝜙 𝑦/, 𝑥/; 𝜃 +5
/,Q

𝜓 𝑦/, 𝑦Q, 𝑥/, 𝑥Q; 𝜃
Unary potential 

(local data term): 
score for pixel i

and label ci

Neighboring 
pixels

Pairwise potential 
(context or smoothing 

term)
Pixels

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.



Conditional Random Fields

• 𝜙 𝑦/|𝑥/; 𝜃 = − log 𝑝 𝑦/ 𝑥/; 𝜃
• 𝜓 𝑦/ , 𝑦0|𝑥/ , 𝑥0; 𝜃 = 𝑤/0𝟏1-21.
• 𝑤/Q = exp −

\ ]- [\ ].
/

^

𝐸 𝑌|𝑋 =5
/

𝜙 𝑦/, 𝑥/; 𝜃 +5
/,Q

𝜓 𝑦/, 𝑦Q, 𝑥/, 𝑥Q; 𝜃
Unary potential 

(local data term): 
score for pixel i

and label ci

Pixels Neighboring 
pixels

Pairwise potential 
(context or smoothing 

term)



Conditional Random Fields

• 𝑝(𝑌|𝑋) = !
"($)

exp 𝐸(𝑌|𝑋)
• 𝐸 𝑌|𝑋 = ∑!𝜙 𝑦!|𝑥!; 𝜃 + ∑!,#𝜓 𝑦! , 𝑦#|𝑥! , 𝑥#; 𝜃
• 𝑍(𝑋) = ∑$ exp 𝐸 𝑌|𝑋 è una costante di normalizzazione

• Inferenza
• Qual è il labeling 𝑌 ottimale?
• Qual è la probabilità 𝑝 𝑦! 𝑋 ?

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.
𝐸 𝑌|𝑋



Inferenza e CRF

• Un problema combinatorio
• Qual è il labeling 𝑌 ottimale?
• Qual è la probabilità 𝑝 𝑦! 𝑋 ?
• …

• Exact inference
• esponenziale

• Approximate inference
• Belief Propagation
• MCMC
• Variational Inference

𝑦-1. 𝑦- 𝑦-2.

𝑥-1. 𝑥- 𝑥-2.



Message Passing/Variational Inference

• Mean-field variational inference
• Approssimiamo 𝑝 𝑌 𝑋 con q Y = ∏/ 𝑞(𝑦/)
• Troviamo la forma di q Y che minimizza la divergenza di Kullback-Leibler con 
𝑝 𝑌 𝑋

• Soluzione ottimale:

𝐷78(𝑞| 𝑝 ≈ −𝐸9∼; 𝐸 𝑌 𝑋 − 𝐸9∼; log 𝑞(𝑌)

𝑞 𝑦$ = 𝑙 =
1
𝑍$
exp −𝜙 𝑦$ = 𝑙, 𝑥$; 𝜃 − L

(∈3($)

L
6!
𝑞 𝑦( = 𝑙7 𝜓(𝑦$ = 𝑙, 𝑦( = 𝑙′, 𝑥$ , 𝑥(; 𝜃)

Message passing



Message Passing/Variational Inference

• Inizializza q Y
• Itera

• Fino a convergenza

𝑞 𝑦$ = 𝑙 =
1
𝑍$
exp −𝜙 𝑦$ = 𝑙, 𝑥$; 𝜃 − L

(∈3($)

L
6!
𝑞 𝑦( = 𝑙7 𝜓(𝑦$ = 𝑙, 𝑦( = 𝑙′, 𝑥$ , 𝑥(; 𝜃)

3.3. Mean field methods 33

Fig. 3.11 Original intractable factor graph
model p(y).
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Fig. 3.12 Factorial naive mean field approx-
imation q(y) =

Q
i2V

qi(yi).

the following variational inference problem.

argminq2Q DKL(q(y)kp(y|x,w)) (3.34)

= argmaxq2Q H(q)�
X

F2F

X

yF2YF

µF,yF (q)EF (yF ;xF , w)� logZ(x,w) (3.35)

= argmaxq2Q H(q)�
X

F2F

X

yF2YF

µF,yF (q)EF (yF ;xF , w) (3.36)

= argmaxq2Q


�

X

i2V

X

yi2Yi

qi(yi) log qi(yi) (3.37)

�

X

F2F

X

yF2YF

⇣ Y

i2N(F )

qi(yi)
⌘
EF (yF ;xF , w)

�
.

Where we optimize over all qi 2 �i, the probability simplex defined
for each i 2 V as qi(yi) � 0, and

P
yi2Yi

qi(yi) = 1. This problem is a
maximization problem in which the entropy term is concave and the
second term is non-concave due to products of variables occurring in the
expression. Therefore solving this non-concave maximization problem
globally is in general hard. However, when we hold all variables fixed
except for a single block qi 2 �i, then we obtain the following tractable
concave maximization problem.

q⇤i = argmax
qi2�i


�

X

yi2Yi

qi(yi) log qi(yi)

�

X

F2F ,
i2N(F )

X

yF2YF

⇣ Y

j2N(F )\{i}

q̂j(yj)
⌘
qi(yi)EF (yF ;xF , w)

�
, (3.38)



CRF e graph cuts

• Semi-supervisionato
• Esplicita 𝜙(𝑦/, 𝑥/; 𝜃) per alcuni punti specifici



source (foreground label)

sink (background label)

cost to assign to 
foreground

cost to assign to background

cost to split nodes

Graph cuts



source (foreground label)

sink (background label)

cost to assign to 
foreground

cost to assign to background

cost to split nodes

Graph cuts





unary potential

low cost

0: 𝜙(𝑦$ = 0|𝑥$)
1: 𝜙(𝑦$ = 1|𝑥$)

0    1
0  0    K
1  K    0

pairwise potential

low cost



Propagazione






