Advanced Video Content Analysis
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Classification with Random Forests
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Classification: recap

+ Catogarized / labeled data

— Objects in a picture: chair, desk, person,...
— Handwritten digits: ™—3, o—6 & -5
— Medical diagnosis: OCT image — T2 colon cancer

* (Goal: identify the class of a new data point
+ Statistical modeling and machine learning
* Disctinctive properties (features)
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Classification: example (1/5)

* Separate lemons from oranges

Color: orange Color: yellow
Shape: sphere ~ Shape: elipsoid
7k + 8 cm Q: + 8 cm
Weigth: £0.1 kg Weigth: £0.1 kg

* Use “color” and “shape” as features
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Classification: example (2/5)

* Separate lemons from oranges

O Shape .
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Classification: example (3/5)

* Separate lemons from oranges

Model the given
- training - data

Oranges

./

Color

O Shape .
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Classification: example (4/5)

* Separate lemons from oranges

New data point

—

Oranges - .
/ Classifier:
“It’s an orange!”

Color

O Shape .
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Classification: example (5/5)

+ What if we had chosen the wrong features?

Diameter
Diameter

Weight Weight
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Classification recap

Summary

* Choose distinctive features

+ Make a model based on labeled data (a.k.a.
supervised learning)

* Use the learned model to predict the class of
new, unseen data points
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Models for classification

* Popular method: Random Forests

+ Other classification methods:
— Support Vector Machines (SVM)
— Neural Networks
— Boosting
— Naive Bayes
— K Nearest Neighbours (k-NN)

— LOQIStIC regression
The following part of this lecture (slides 10-31) is largely based on a
tutorial of Antonio Criminisi (slides 8-23, 30-35 ), download at:
http.//research.microsoft.com/en-us/projects/decisionforests/
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Advantages of random forests

* General model for machine learning
— Density estimation, regression, classification, ...

* [ntrinsically probabilistic output
— Measure of confidence / uncertainty

+ Automatic feature selection
* |nherently multi-class
* Runs efficiently — trees can run in parallel

*  Efficient implementations freely available...
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Decision trees

A forest consists of trees A general tree structure

* Start at the root node

* True/false question at inernal —(1) (2
. (split) node
each split node

* Stop when a leaf node is
reached: prediction

terminal (leaf) node
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Decision trees

Example: GUESS WHO*

Is it a male?

Does he have

0 @ a beard?

Does he wear
3 9 9 glasses?
|\
13|14
Jake, Joshua,
Mike or Justin...

*Credits to Mark Janse

T U PdW-SZ-FvdS /2015  Adv. Topics Mmedia Vid. Cod. / 5DD50 / VCA
e Fac. EE SPS-VCA Module 09 Classification Il



13

Decision trees

* How to build a tree?
— Special type of graph: collection of nodes and edges

a?m

— Internal (split) nodes and terminal (leaf) nodes
— Each internal node has one incoming
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— All nodes (exept the root) have

— The upper/start node is called the root
edge and two outgoing edges
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Decision trees

* Mathematical notation
— Data point: v = (x4, x5, ..., x4) € R?, label: y
* Features: x;, dimensionality: d
— Binary split function: h(v,8;): R? x T — {0,1}
+ Split parameters of node j. 6; € T

* Set of possible parameters T

— Training points reaching node j: §; = SJ-L U S]R
» Complete training set S
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Decision trees
* How to split the data?

A2 Y Split function h(v, @) depends on
NS S;  parameters 8 = {¢p(v), P, T}
- Feature selection function ¢(v)
) * Geometric primitive ¥ (e.g. a line)
:‘. e Thresholds T

. > — Note that setting either t; = co ort, = —oo
Axis aligned hyperplane corresponds to using only one threshold.

h(v,0) = [t; > p(V) - P > 1] | |
rr b= x, nr Parameter space J° contains the options that we

example: ogyp=(1 0 y;)  have for parameters ¢p(v), ¥ and t.
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Decision trees

* How to split the data?

[ Y

Axis aligned hyperplane
h(v,0) =1, > ¢(v) - P > 1,]

o) =(x; x, DT
eg.Pp=(1 0 13)

For 2D
example:

ANL9
: e ® o0 ¢
[ 331\
Oriented hyperplane

h(v,0) = [t; > ¢(V) - P > 15]

dp(V) =(x1 x; DT
PYER}egYp=(3 -2 4)

16

\33’2

y

Quadratic surface ]

h(v,0) = [1, > " (V) P p(v) > 15]
o) =(x; x, DT

1 € R3*3 representing a conic

TU/e

Fac. EE SPS-VCA
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Decision trees
* How to determine the best split? ¢ = fetloworangey

— Maximize information gain™:

St .
1(5,0) = H(S) — z ||5||H(S‘)

i€{L,R}

* Shannon'’s entropy:

H(S') = —zceep(c)log(p(c))

— Node training

0 = arg gré%x I(Sj, 0)

purple, blue

*One of many options. Other popular choices:
(1) Gini’s diversity index, (2) Misclassification error

PdW-SZ-FvdS /2015 Adv. Topics Mmedia Vid. Cod. / 5DD50 /

T U / e Fac. EE SPS-VCA Module 09 Classification Il

“@, VCA




48, |SR| =52

|S*]

Decision trees
* What is the best _split?
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H(S) = 1.386 Information gain
1(S,0) = 0.419

PDF of the left node ] PDF of the right node

H(SL) = 0.943 Wl H(SR) =0.990

0

jl -
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Decision trees
* What is the best _split?

’ 08-
8 0o0
o0
06}
o0
Qo..
03 & 04}
@ ~.

33\. 0.2f

0

@
® o 08}
8 0o0®
(] !
‘... R 0.6
o3 e S 0.4
o :

z%‘. 0.2

H(S) = 1.386

PDF of the left node

0

|

H(SL) = 0.693 ol

0.6

0.4

0.2

0

Information gain
1(S,0) = 0.693

PDF of the right node

H(S®) = 0.693
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* What is the best split’.;

Decision trees

:
B AR,
el

I1(S,0) = 0.419

20

.
BESTSPLIT! <t
© 00 :o .: ®
00(%3 OO: 8 o o:
$o 1 8o
o‘:o. : o8 &
® .:5;0 E gﬁ':
1(S,6) = 0.693

)

.. of these two options

TU/e
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Decision trees

* What is the best split?

» The one that yields the highest information gain...
... from a given set of “candidate splits”

* Node training

0 = arg ér’ré%.x I(Sj, 9)

— Split function parameters @
— Limited set of parameter settings J;
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Decision forest model

Node test parameters

Node objective function ey

Node weak learner
Leaf predictor model
Randomness model
Stopping criteria

Forest size

Ensemble model

e.g.

e.g.

e.g.

0eT

1=1(5;,6)

h(v, Hj) € {true, false}
p(c|v)

Bagging, RNO

Max tree drepth D

T

T
1
p(elv) = ) pe(clV)
t=1

]I I”l

Features / split function / thresholds
(Energy) function to minimize

Split node test function

Point estimate / full distribution
Methods for inserting randomness
When to stop splitting the data

Number of trees in the forest

How to combine the output of all the
trees in the forest

TU/e
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Decision forest model

* How to add randomness? (Randomness model)

1. Bagging (randomized training set)

«  Subset of all data points per tree

2. Randomized Node Optimization (RNO)

« Features chosen with selection function ¢ (v)
«  Split function depending on weak learner orientation
«  Thresholds given in T
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Decision forest model

* How to add randomness?
Forest training

> (1) Bagging
So: Full training set

S§ < S,: Randomly sampled
subset for training
free t

FEYY SETYT P IEY YT NER YT IV { . A
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Decision forest model

Node test parameter
* How to add randomness? 0={pM Y} €T

> (2) Randomized Node Optimization (RNO)

T: Full set of all possible node test parameter values
JcT: Set of randomly sampled parameter values to train node j
p =|T|:  Randomness control parameter

p = |T|, low randomness | p = 1, high randomness

O O a
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Decision forest model

* How to compute a prediction from a trained tree?

\%
— Probability distribution at leaf: p(c|v) v

m

>

?
—
9..

“%, VCA

— Point-estimate, e.g. M.A.P..
c* = argmaxp(c|v)
Cc
Generally the full distribution is
perserved untill the decision moment
to incoroporate uncertainty ' ‘ ‘ ‘ ‘ “
umum,
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Decision forest model

* How to combine tree output?

(i S M“}\. """" M , W

N\
iIl_llé
Q
—/
<
C

* Averaging: p(CIV)— Nt pe(clV)

TP where Z is a partitionin
« Multiplication: p(c|v)——H _ipe(elv) g s oo

probabilistic normalization
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Decision forest model

* How to combine tree output?

T
1
p(elv) = = ) pelelV)
t=1

28

T
1 -
p(clv) = —lipt(cIV)
t=1

YA
A A
p2(y|v) Plylv)
p3(y|v)
p1(y|v) Pa(ylv) p(y\ﬂ\ N J k
y> y> y}

Overconfident and

less robust to noise

TU/e
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Y Training points

“e Example: generalization
X1
>
Weak learner: Weak learner: Weak learner:
Axis aligned Oriented line Conic section
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Example: the effect of randomness

Weak learner; axis aligned  Weak learner: oriented line  Weak learner: conic section
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Example: the effect of randomness

Weak learner; axis aligned  Weak learner: oriented line  Weak learner: conic section
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Example: the effect of randomness

Weak learner; axis aligned  Weak learner: oriented line  Weak learner: conic section

Fac. EE SPS-VCA Module 09 Classification Il
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Example: handwritten digit classification

* Task: classify handwritten digits 1, 2, 3,4, 5
— 500 samples per digit: 250 for training, 250 for testing
— HOG* features as data points v € R%, d = 144

— Forest parameters:
 Forestsize T = 300 trees
* Axis aligned weak learner ¥
» Randomness parameter p = 5, with |T°| = 10

+ Selection functin ¢(v) randomly samples v'd dimensions from v

*Histogram of Oriented Gradients, Dalal & Triggs, CVPR 2005
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Example handwritten dlglt classification

IIIIIEIIIIIIIIIIIE
AL ] /]
nuunuunnnnuannnunyan
NdannnunnvEanvanviviv
nNuAunnnunnnivivivivn
rHunvann

LA AN /]
AN AL AL/ /]
LML AN /]
NENEANENNNEANANE AN
/111 AN AL AAD A2/
[N AN HA A 28]\
PANAIRZ S IPZIEN A 2 IRWEN T I

Precision = 0.96 / Recall = 0.97

Ilﬂ
LT[/]
LL[Z][/]
nv
Ann
7]
[(][2][7]
LL[/][/]
L[/ 4]
[2][/][V ]
\|[/]2]/]

92U8PIJUOD UoNIIPaId

Forest predictions for class ‘1’, sorted by confidence. Inverted digits are wrongly classified.
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Example: handwritten digit classification

2..

LEQJMD@@@DDDQ@
IﬂWLWWWCQWm;

o
['BE®
| __Dj
ESNN
E
V][9]
ﬂ

82]| B[R

2

E’D

N R N[R89
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-
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[ e
i

N

N
SO

Pl =l o))

[

&% -v.éflzfi’*’i

2f NJ[Ra 3] 36 [ [ 30] N[ L]
92U8PIJUOD UoNIIPaId

SPEE
NN

A 2] = Ed k2 P4 X N2
ol S IKSESRIEY O RSN 1
Precision = 0.99 / Recall = 0.92

Forest predictions for class ‘2’, sorted by confidence. Inverted digits are wrongly classified.

36
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Example: handwritten digit classification

313313 ]3[3]3[3]3] 3[3]323][3[3[3[3]2 3] 3] 1

JQDIDDIIQZDE®IDE@@®JDI o
HEEE R B HEER S EEEE R EHEBEE 09 @
HEE EEHEEEREEE B RNBEHEEER =
31313]3]3]3]2]3]3]3]3]3]R]3]]3IR]2]3]3]3]3 0g =
E] B EIEFEE RS R EHEBEEHEREE: T 5
BN HEEEEHRRBFEENM A HESEEERE S
A E]HEHEI R HEGHRHE BN EKEHERE 0.7 3
o BEEAERBEHEEREEEREIREEERREE 2
313z z21213l3=z7I21333R7]2[>z3]7]3]3 0.6 2
>335 33333372338E3 75 323 D
533122 E d 05

Precision = 0.96 / Recall = 0.97

Forest predictions for class ‘3’, sorted by confidence. Inverted digits are wrongly classified.
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Example: handwritten dlglt classification
llllnmllmqmml 'll nm 1

EFUH
LMQMW
QA Mal[a]
C./

92U8PIJUOD UoNIIPaId

kal
4]
;

_ 23s
EIEEEE
[

4(
Precision = 0.97 / Recall = 1.00

Forest predictions for class ‘4’, sorted by confidence. Inverted digits are wrongly classified.
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Example handwritten dlglt classification

92U8PIJUOD UoNIIPaId

Prec:s:on 0.95/ Recall 0.97

Forest predictions for class ‘5’ sorted by confidence. Inverted digits are wrongly classified.
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Recommended literature

* “Decision Forests for Computer

Vision and Medical Image ©aa0
Analysis”, A. Criminisi, 2013 | AGiminsi
4 . Shotton itors
* Ch.3:Introduction Decision Forests for
+ Ch.4: Classification Forests Computer Vision

and Medical Image
Analysis

* C++ library: Sherwood

— http://research.microsoft.com/en-
us/projects/decisionforests/

* Breiman L., "Random forests”,

Mach. Learn. 45(1), 2001.
doi:10.1023/A:1010933404324 doi:10.1007/978-1-4471-4929-3
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http://doi.org/10.1007/978-1-4471-4929-3
http://research.microsoft.com/en-us/projects/decisionforests/
http://doi.org/10.1023/A:1010933404324

Conclusions

* Random Forests offer an attractive method classification
— Inherently multi-class, probablistic output, efficient implementations available..

* A forest is a collection of decision trees
— Each tree t is trained with a different subset S§ of the training data (Bagging)

+ A tree is a collection of nodes and edges

— Each internal node splits the incoming data using node split function h(v, Bj)
» 0 encompasses selection function ¢p(v), geometric primitive ¥ and thresholds T
* Each node j receives a random subset T; of the parameter space T for training (RNO)

* Randomness increases robustness

— Randomness control parameter p determines the ammount of randomness
 Maximum randomness when p = 1, minumum randomness when p = |T|

— Tree depth D controls the forest confidence, hence a high D can lead to overfitting

41
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Internship / grad. project

* Computer-aided diagnosis of OCT* images
— Pilot study
— 60 OCT images: 30 cancer / 30 no cancer
— Frontline research

am@

cancer NO cancer *Optical Coherence Tomography

Interested? Contact: ir. Fons van der Sommen (f.v.d.sommen@tue.nl)

TU/e @
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