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Ensemble Learning

- Hard voting (A& & H)

— ZI classifier 2] 25 class & CHA S 2 O}
- 4 25777t 4z EHAHY [

_II=|_I
. C}2

. C2 2t Ho|E

ML= OA
oo T T

= o) d==

CIaSS|f|er 1: 0.864, Classifier 2: 0.894, Classifier 3: 0.888
=> Voting Classifier: 0.904

/ “ oAk oS
) (of: chz =3

L i P
& [ o

(cf) Soft voting (Ut FH): Z classifier 2| class & 2H& 3

3

A
OH!
Y
Ras
uin
-+
Ot
L
X
oz



Bagging

Ensemble method 2| training set
— 2 classifier 2= Ct2 ot& H|O|H (training set) T+
1) Bagging (Bootstrap aggregating), Breiman 7996
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Bagging

« OOB (Out-of-Bag) sample
— Bagging Al M| ME T otHE HEIL|X]| i= 28 ME
— Validation H|O|EHHZ A2 => OOB H7}

« Random patches vs. Random subspaces
— Training set Off CHSIO data EE= feature O CH2H sampling 7Hs
1) Random patches method
- D= feature & AMHE3I1 data & sampling Sh= HA
2) Random subspaces
. = data & AME5I1 feature & sampling St= 24



Random Forest

Random Forest

— Breiman, 1999
— Bagging 2 X873} decision tree 2| ensemble &
 Random patch & subspace method &A| A&

Bagging features and samples simultaneously:

m At each tree split, a random sample of m features is drawn,
and only those m features are considered for splitting.
Typically m = v/d or log, d, where d is the number of features

m For each tree grown on a bootstrap sample, the error rate for
observations left out of the bootstrap sample is monitored.
This is called the “out-of-bag” error rate.

m random forests tries to improve on bagging by “de-correlating”
the trees. Each tree has the same expectation.



Random Forest

« Example-problem
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0
1

m Nonlinear separable data.
m Optimal decision boundary: X7 + X2 = 1.



Random Forest

Example — decision tree
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m Sample size: 200
m 7 branching nodes; 6 layers.
m Classification error: 7.3% when d = 2; > 30% when d = 10.



Random Forest

« Example — random forest

Original Tree Bootstrap Tree 1
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m 2 branching nodes; 2 |ayerS- m A smoother decision boundary.

m Classification error: 3.2% (Single deeper tree 7.3%).

m 5 dependent trees.
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Random Forest

« Performance

Random Forest for Spam Classification
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m RF outperforms SVM.
m 500 Trees.



Random Forest

« Feature importance
— Feature £= varlable of o™ Sk 57

(0)) IRIS 52X
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OpenCV

cv::ml::Rtrees Class

| cyzalgorithm |

| cvml:Stathodel |

| cveml:DTrees |

| cvemlzRTrees |

Public Member Functions

virtual int

virtual bool

virtual double
virtual TermCriteria
virtual Mat

void

virtual void

virtual void

virtual void

getActiveVarCount () const =0

getCalculateVarimportance () const =0

getOOBErTor () const =0

getTermCriteria () const =0

getVarimportance () const =0

getVotes (InputArray samples, OutputArray results, int flags) const
setActiveVarCount {int val)=0

setCalculateVarimportance (bool val)=0

setTermCriteria (const TermCriteria &val)=0

https://docs.opencv.org/3.4/d0/d65/classcv_1_1ml_1_1RTrees.html
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OpenCV

« Sample code

https://github.com/opencv/opencv/blob/master/samples/cpp/letter_recog.cpp

Ptr<ml: :RTrees> forest = ml::RTrees::create();
forest-=setMaxDepth(18);
forest->setMinSampleCount(10); for( int 1 = @; 1 < nsamples_all; 1++ ) {
forest->setMaxCategories(15);
forest-=setlCalculateVarImportance(true);
forest-ssetActiveVarCount(4);
forest-=setTermCriteria(

cv::Mat sample = mydata.row( 1 );

float r = forest->predict( &sample );
r = fabs({ (float)r - responses.at<float=[1]) <= FLT_EPSILON 7 1 : ®;

TermCritertia(
TermCriterla: :MAX_ITER+TermCriteria::EPSILON, /] Accumulate some statilstlcs using 'r
1e@, if( 1 < ntratn_samples )
0.61 correct_traln _answers += r;
b} else
¥ correct_test _answers +=r;

forest->traln(tdata, @);
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« Boosting
— Freund & Shapire, 1997
“oFst 2272 20
Ensemble method
« Training data 2| weight (7}&X|) B4
- Ct+Z4 EH Al weight 2t

ORA

=
TT

Boosting

—

« AdaBoost (Adaptive Boosting)
» Gradient Boosting

of 2 F7IE B

Ect

Method Training data Voting
Random Forest Ensemble Re-sampling Majority vote
Boosting Ensemble Re-weighting Weighted majority vote
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AdaBoost

« Weighted sample

— Cp(x) : Classifier m (m = 1,..., M) 2| training data
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AdaBoost

Algorithm

1. Initialize the observation weights w; =1/N, i=1,2,...,N.

2. For m = 1 to M repeat steps (a)—(d):

(a) Fit a classifier C,,(x) to the training data using weights w;.

(b) Compute weighted error of newest tree
Sy wil (4 # COm(22))
2;1 Wi |
(¢) Compute a,, = log[(1 — err,,)/err,,].
(d) Update weights fori=1,..., N:
Wi W - explam - Iy 7= Cm(zi))]
and renormalize to w; to sum to 1.

3. Output C'(z) = sign [Z::le &mCm{ar)].

eIl =

m w; s are the weights of the samples.

B err,, is the weighted training error.
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AdaBoost
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« Performance

AdaBoost

- 72 0|, #tE ALk Al
— Overfitting 2t=}
— Noisy HIO|H E&0| 2 + /=S
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Bagging
— AdaBoost

0 100 200 300

Number of Terms

400
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cv::ml::Boost Class

OpenCV

cvAlgatithm

oyl Stathdodel

cvaml:DTrees

cvoml:Boost

Public Member Functions

virtual int
virtual int
virtual double
virtual void
virtual void

virtual void

getBoostType () const =0
getWeakCount () const =0
getWeightTrimRate () const =0
setBoostType (int val)=0
setWeakCount (int val)=0
setWeight TrimRate (double val)=0
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OpenCV

« Sample Code

https://github.com/opencv/opencv/blob/master/samples/cpp/letter_recog.cpp

vector<double= priors(2);
priors[@] = 1; // For false (@) answers
priors[1] = 25 // For true (1) answers

model = cv::ml::Boost::create();
model-=>setBoostType( cv::ml::Boost::GENTLE );
model->setWeakCount( 160 );
model->setWelghtTrimRate( 0.95 );

model -=setMaxDepth( 5 );
model-=setUseSurrogates( false );

cout << "Trainlng the classifier (may take a few minutes)...\n";
model-=setPriors( cv::Mat(priors) );

model-=train{ tdata );



OpenCV

° E; | (:: (:i Mat temp_sample({ 1, var_count + 1, CV_32F ); // An extended sample "proposition”
al I Ip e O e float* tptr = temp_sample.ptr<floats(); // Polnter to start of proposition
double correct_traln _answers = 08, correct_test _answers = 8;

for( L = 8; 1 < nsamples_all; t++ ) {

int best class = 8; J// Strongest proposition found so far
double max_sum = -DBL_MAX; J// Strength of current best prop
const float* ptr = data.ptr<float=(1); // Polnts at current sample

// Copy features from current sample into temp extended sample

/1
for( k = 8; k < var_count; k++ ) tptr[k] = ptr[k];

// Add class to sample proposition, then make a prediction for thils proposition
// If this proposition is more true than any previous one, then record this
[/ one as the new "best".
//
for{ J = 0; ] < class_count; j++ ) {

tptrivar_count] = (float)];

float s = model->predict(

temp_sample, noArray(), StatModel::RAW _OUTPUT
);
Af( max_sum < s ) { max_sum = s; best_class = j + 'A"'; }

}

// If the strongest (truest) proposition matched the correct response, then
/f score 1, else 8.

H
double r = std::abs( best class - responses.at<int=(1) ) < FLT_EPSILON 7 1 : 8;

J// If we are stlll in the traln samples, record one more correct trailn result.

[/ Otherwlse, record one more correct test result.
// Hope nobody shuffled the samples!
/
if{ L = ntrain_samples )
correct_traln _answers += r;
alse
correct_test _answers += r;



Mushroom dataset

(lassifier Performance results
Random trees | 100%

AdaBoost 99%

Decision trees | 98%

OpenCV

Variable importance

1629

Colll 352 0.44

Col4 342

Coll4 298 0.25

Coll8 268 0.70
Col3 256 0.11 9.15
Col2 232 0.39 12.14
Coll0 179 2.67
Coll 041 0.24 7.26
Coll7 0.18 0.32 0.54
Col0

Col6

Col16
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Cascade Classifier

Face detector

— PViola & M. Jones, 2001

— Harr-like filter AIZ

— AdaBoost 7|t

— Fast & Accurate (at the time)
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Cascade Classifier

« Harr-like filter (A} o}2 ZH)
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Cascade Classifier

e Ensemble method

— 2t Harr-like filter = weak classifier
— O3 7i2| weak classifier & 225t SHLES| strong classifier T+

M
x) = sgn (Z cxzhy {x])

Each weak classifier is a threshold function based on the feature fj.

_ B g; f; <8
By = { 3 otherwise

The threshold value §; and the polarity §; € &1 are determined in the training, as well as the coefficients €.
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Cascade Classifier

« Learning
— 24x24 QMO HH7tS Harr-like filter: 18274
— Face detection Off 7&7%t filter M8 22
= Learning ¥ 11 2|F (AdaBoost) = M&3l0{ 6M 7| M
— AdaBoost €112|&
Input: Set of N positive and negative training images with their labels {:xi,yi}. If image 1 15 a face y". = 1, if not y’: :
1. Initialization: assign a weight u!"l = l to each image L
2. For each feature f; with j=1,..., M
1. Renormalize the weights such that they sum to one.
2. Apply the feature to each image in the training set, then find the optimal threshold and polarity 8;, 8;
that minimizes the weighted classification error. That is 8;, 5; = arg min Zwi.ai. where

Ei- - ] ].fy’z — hj{xiﬁj}sj}
5 1 otherwise

3. Assign a weight a; to hj that i1s inversely proportional to the error rate. In this way best classifiers are considered more.

4. The weights for the next iteration, Le. w§+1. are reduced for the images [ that were correctly classified,

M
3. Set the final classifier to h(x) = sgn (E ujhj{x])
J=1

O



e (Cascade architecture
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Cascade Classifier

« 1EtA|: Harr-like filter 17 AFS
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OpenCV

« CascadeClassifier 22l

FE 13-2 7S CascadeClassifier 22iA Eo|

class CascadeClassifier

{

public:

CascadeClassifier();

CascadeClassifier(const String& filename);

~CascadeClassifier();

bool load{(const String& filename);
bool empty() const;

void detectMultiScale(InputArray image,
std: :vector{Rect>& objects,
double scaleFactor = 1.1,
int minNeighbors = 3, int flags = 0,

Size minSize = Size(),

Size maxSize

Size() )
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OpenCV

void CascadeClassifier::load(const Stringh filename);

» filename EJE 287 XML o2 o=

XML I o HE i XML ot 0|8 o= e

haarcascade_frontalface default xm o 2 e haarcascade_eyexml o

haarcascade_frontalface_alt xml haarcascade_eve tres eyeglssesxml

haarcascade_frontalface _alt2.xm haarcascade lefleve 2splits xml

haarcascade_frontalface_alt_tree xml haarcascade righteye 25D|IEM|

haarcascade_profileface xml sod=ds haarcascade frontalcatface xmi %0 =2 HE

haarcascade_smilexml = haarcascade_frontalcatface _extended xml
haarcascade_fullbody.xml Alde| B HE
haarcascade_upperbody xmi AlEto| MUtM A&
haarcascade lowerbody xml Al2o] GlEtM A=

haarcascade_russian_plate_number.xml
haarcascade_licence_plate_rus_1Gstages xml

2AI0F ZpSAH HET HE

CascadeClassifier classifier;
classifier.load("haarcascade _frontalface default.xml"):

CascadeClassifier classifier("haarcascade_frontalface_default.xml");
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OpenCV

void CascadeClassifier::detectMultiScale(InputArray image,

+ Image

« gbjects

« scaleFactor
* minNeighbors
« flags
*min5Size

* maxsize

vector{Rect>& objects,

double scaleFactor = 1.1,

int minNeighbors = 3, int flags = @,
Size minSize = Size(),

Size maxSize = Size());

U P Cv_8U #Ho|2| &

(E5) =2 AH2) ARtE o g8
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d= oz HHsp| fiet 4 HE Sl
B AR K] &L,
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A= 3o 2ok 57|
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OpenCV

FC 13-3 Y2 A= oiml =273 [chi3/cascadel

01 void detect_face()

02 |

03 Mat src = imread("kids.png");

04

05 if (src.empty()) {

06 cerr << "Image load failed!" << endl;
o7 return;

08 }

09

10 CascadeClassifier classifier(“haarcascade_frontalface_default.xml");
11

12 if (classifier.empty()) {

13 cerr < "XML load failed!" << endl;
14 return;

15 }

16

17 vector{Rect) faces;

18 classifier detectMultiScale(src, faces);
19

20 for (Rect rc : faces) {

1 rectangle(src, rc, Scalar(255, 0, 255), 2);
22 }

23

24 imshow("src", src);

25

26 waitKey(@);

27 destroyAllWindows();

28 |} 31



FE 13-4 & A4S ofH 2213 [ch13/cascade]

01 void detect_eyes()
02 {
03 Mat src = imread("kids.png");
04
05 if (src.empty()) {
06 cerr < "Image load failed!" <( endl;
07 return;
08 }
]
10 CascadeClassifier face_classifier("haarcascade_frontalface default.xml");
11 (ascadeClassifier eye classifier("haarcascade_eye,xml");
12 24 Mat faceROI = srclface);
13 if (face_classifier.empty() || eye_classifier.empty()) { 25 JectordRecty ées;
B cerr (€ "ML load failed!" <C endl; 2 eye_classifier.detectMultiScale(faceR0I, eyes);
15 return; 27
16 } 28 for (Rect eye : eyes) {
7 29 Point center(eye,x + eye width / 2, eye.y + eye height / 2);
18 vector{Rect) faces, 30 circle(faceROI, center, eye.width / 2, Scalar(255, 0, @), 2, LINE_AA);
19 face_classifier.detectMultiScale(src, faces); 3 }
20 32 }
21 for (Rect face : faces) { e
22 rectangle(src, face, Scalar(255, @, 255), 2); & inshow("src”, src);
23 &
36 waitKey(0);
37 destroyAllWindows();
i’}
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