+ Brief review (summary) of the first report
In my first report, three linear classifiers were implemented (perceptron, Bayesian,
and Natve Bayes classifier). Since there is no classification error in training phase by
using my version perceptron classifier, it only can apply on the two-class separable
dataset. For this classifier, we show the stability with different number of features
involved in training stage. With respect to the other two classifiers, we apply three
datasets to do comparisons.

The datasets we used in the first assignment are that Iris, Banknote Authentication
(B.A., for short), Wireless Indoor Localizatio (W.I.L., for short), and Haberman’s
Survival (H.S., for short) dataset. We show the classification performances under
different settings as listed in Table 1.

+ Task 1 (Fisher’s Linear Discriminant - FLD)

In task 1, we apply FLD to project feature vectors onto a one-dimensional space
(the subspace of the original n-dimensional feature space). It is expected that the
classification results given by Naive Bayes classifier and Bayesian classifier are the
same because there is only one feature after projection (the number of dimensions is
the number of features). For FLD, we use the equation w = S;;* (1, — u,) to find the
vector of the direction of projection (S,,is calculated from training samples), and then
feeding the projected testing data(w”x) into classifiers to do the classification. Two
datasets, H.S. and B.A. dataset are used in task 1, and their feature space are shown in
Figure 1 and Figure 2, respectively.
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Figure 1. The feature space of Haberman’s Survival dataset.



Table 1: Classification performances under different settings.

Perceptron Nave Bayes Bayesian
[setting 1] [setting 1]
AUC=0.995, 0.995; Accuracy: 99.3% | AUC=0.995, 0.995; Accuracy: 99.3%
Banknote . .
. [setting 4] [setting 4]
Authentication -
(2-class) AUC=0.965, 0.965; Accuracy: 96.2% | AUC=0.965, 0.965; Accuracy: 95.9%
[setting 3] [setting 3]
AUC=0.597, 0.597; Accuracy: 55.2% | AUC=0.597, 0.597; Accuracy: 55.4%
[setting 1] [setting 1]
Wireless Indoor AUC=0.89, 0.5, 0.5, 0.633 AUC=0.9, 0.5, 0.5, 0.633
Localizatio Accuracy: 44% Accuracy: 45%
(4-class) : :
[setting 2] [setting 2]
AUC=0.97,0.77, 0.5, 0.99 AUC=0.97,0.78, 0.5, 0.99
Accuracy: 71.5% Accuracy: 72%
. [settting1] [setttingl]
Haberman’s Survival
(2-class) - AUC=0.555, 0.555 AUC=0.396, 0.396
Accuracy: 74.2% Accuracy: 51.6%
Iris More features
(2 separable classes) more stable

Note. [setttingl]: 90% for training, all features involved;

[setting 2]: 90% for training, only the first feature involved,;

[setting 3]: 50% for training, all features involved;

[setting 4]: 50% for training, only the first feature involved.
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Figure 2. The feature space of Banknote Authentication dataset.

As shown in Figure 1 and Figure 2, the data in one class are (highly) overlapped
to those in the other class. That is to say, it is hard for FLD to find a better project line
to separate two classes. We apply FLD to these datasets, and the projection results of
testing data and the ROC curves are shown in Figure 3 ~ Figure 5.
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Figure 3. Projected testing data and ROC curves (90% of H.S. dataset for training).
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Figure 4. Projected testing data and ROC curves (90% of B.A. dataset for training).
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Figure 5. Projected testing data and ROC curves (50% of B.A. dataset for training).

Compared to those results without FLD process, classifiers give inferior
classification results as shown in Figure 3 and Figure 4 (refer to B.A. dataset and H.S.
dataset, [setting 1] in Table 1) whereas they give superior classification result as shown
in Figure 5 (refer to B.A. dataset, [setting 3] in Table 1). FLD is the processing of
dimensionality reduction, and therefore some data information may disappear during
projection. It cannot be guaranteed that the classification results are always better than
those without FLD process, but the samples from different classes after projection are
well separated compared to other projection lines.

There are 1600 features in the gender classification data. We use Bayesian
classifier and Nawe Bayes classifier to do classifications, and the classification
accuracy are 70% and 85%, as shown in Figure 6. Involving FLD process before doing
classifications, the two classifiers gives inferior results as shown in Figure 7.
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Figure 6. The ROC curves for gender classification data (90% of dataset for training).
(a)given by Bayesian classifier. (b)given by Naive Bayes classifier.
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Figure 7. The ROC curves for gender classification data (90% of dataset for training).
(a)given by Bayesian classifier. (b)given by Naive Bayes classifier.

4 Task 2 (Principal Component Analysis — PCA)

In task 2, we apply PCA to project feature vectors onto m-dimensional space. For
PCA, we establish covariance matrix COV (XXT), find the eigenvalues A; of COV from
the equation XX"e; = ;e;, and sort the eigenvectors e; in the descending order based
on the corresponding eigenvalues.

In W.I.L. dataset, there are seven features and four classes involved as shown in
Figure 8. Applying PCA to this dataset, we obtain seven eigenvalues that are 303.0398,
92.5933, 22.3806, 14.0373, 11.7094, 10.0307, and 9.21. The first three largest
eigenvalues account for 90% of variance, so if we take these values, then there will be
only 10% loss of information after projection. (The classifiers give similar classification
results in lower-dimensional space for the datasets used in task 1, so we did not show
these results for saving space.)
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Figure 8. The feature space of Wireless Indoor Localizatio dataset.



We adopt different amount of variance accounted for, and the classification results
given by Bayesian classifier (Na'ive Bayes classifier gives the similar results) are shown
in Figure 9. One can find that the classification result with total variance retained
(Figure 9(d)) is close to that experimented in the first assignment (refer to W.I.L. dataset,
[setting 1] in Table 1). The classification accuracy raises when taking more amount of
variance (~85.4%), reaches the highest accuracy in the case shown in Figure 9(b), and
then it decreases as taking over 85.4% of variance.
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Figure 9. The ROC curves with respect to different amount of variance retained.
(a)variance = 65.45%. (b)variance = 85.4%. (c)variance = 98%. (d)variance = 100%.
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Figure 10. The accumulated variances of the gender classification data.



For the gender classification data, the accumulated variance is shown in Figure 10.
One can find that about 200 eigenvalues account for most of the variance. We use PCA
to reduce the number of dimensionality to 44 (accounts for 90% of variance), and the
classification result is similar to those without PCA process (as shown in Figure 6).

The classifiers do not always give a better classification result when taking more
variance in one dataset for training. The reason is that the data will be projected in the
directions of higher variance through PCA process, and they may be useless for
classification. Therefore, the selection of the principal components is more important
than the amount of variance accounted for.

FLD and PCA are the ways to reduce the dimensionality, but their goals are
different. The former is to maximize the class separability whereas the latter is to find
the most accurate data representation in a lower dimensional space.

#+ Task 3 (Eigenface)
In Task 2, we have XXTej = );e;. Because of the rank deficient of COV, we do

some tricks on the COV: by multiplying XTon both sides, the new equation goes to
(XTX)(X"e;) = 1;(X"e;). As we can see that there are two things different from Task
2 (given that we have only 200 samples). One is that the size of the covariance matrix
COV is no longer 1600*1600 (XXT), but 200*200 (XTX). The other is that the size of
each eigenvector is now 200*1 (X"e;), not 1600*1 (e;). To obtain the eigenvectors in
the original 1600-D space, we can put X to the left hand side of the X"e; for matrix
multiplication (i.e., XXTe;).

For the gender classification data, the classification results given by Bayesian and
Na'ive Bayes classifiers are similar to those shown in Figure 6. For the face recongnition
data, the accumlated variance of training data and the first few eigenfaces are shown in
Figure 11. We take the first 41 eigenfaces as PCA dimensions so that the testing samples
are projected onto 41-D space.

Note that the training data include 64 images and 64 horizontally flipped images
and the testing data are the remaining 16 images from faceP1.bmp (no flipped images).
The classification results given by Bayesian and Naive Bayes classifier are shown in
Figure 12. One can find that it is a tough problem for these two classifiers to give better
classification results for each class.
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Figure 12. The ROC curves for face recognition data (take 90% of variance).
(a)given by Bayesian classifier. (b)given by Naive Bayes classifier.
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BRTRTT Fisher's Linear Discrimanent (FLD)
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fclass ratlo
ratio_cl=length{dataTrainl(:, 1))/ lengthi{dataTrain-,1));
ratlo_c2=length{dataTraln2(:, 1))/ lengthi{dataTralnl:,1)3;

®class mean & total tralning data medan
meanl=mean({dataTrainl); meand=mean{dataTraind);
Totalmean=({meanl+mean?) . f2;

Bfind 3w & 3b
®d3w = swmmation all classes 1 (pl * (x-ui) * (x-n1)"T)
%ibh = sunmatlon all classes 1 (pl * {ul-u) * (ul-u)*T)

Sw=ratio_cl ¥ (dataTrainli:)-meanl)y' * (dataTrainl{:)-meanl) + ...

ratlo_c2 . * {(dataTraln?(:)-meand)' * (dataTraind(:)-mean?);
Sh=ratio_cl .* (meanl-Totalmean)' * (meanl-Totalmean) + ...
ratlo_c2 . * {mean?-Totalmean)' * (mean?-Totalmean);

®w
B W = inw(Sw) * ((wmeanl-meand)') == slower operation
W=3wh ( (meanl -mean?) ') ;

ImverselSw) * (ul-u2)

%training data after projection

BPx = x * U

Proj_trainl=zeros(length{dataTrainl(:,13),13;

for 1=1:length{dataTralnl)
Proj_trainl{il=dataTralnl(1,:)*W;

end

Proj_train?=zeros(length{dataTrain?(:,13),13;

for 1=1:length{dataTraln?)
Proj_train?{i)=dataTralnl(1,:)*W;

-ﬁﬁd

Key for FLD

% find the separability of testing data before/after projection

cnt=0;cnt2=0;

®find the size of each class In testing data

for i=1:lengthidataTes tName(:, 1))
1f{dataTes tName(1)==0); cnt=cnt+l;
elseif(dataTestName(1)==1); cntl=cnt2+];
end

end

dataTestl=zeros({cnt,atrb); dataTestl=zeros({cnt?, atch);

fclassifvy the testing data
cnt=1;cnt2=1;
for i=1:lengthidataTes tName{:, 13}
if{dataTes tName(1)==0)
dataTestl{cnt,:)=dataTest(i,:); cnt=cnt+l;
elseifidataTes tName(ii==1)
dataTest2i{cnt2, ;)=dataTest{1,:); cntZ=cnti+l;
end
end




%olass mean & total testing data mean
meanl=mean{dataTestl);

meand=mean{ dataTest2);
Totalmean=(meanl+mean ). 2;

Bflnd Bw & &b

Sw=ratio_cl . * (dataTest1(:)-meanl)' * (dataTestl{:)-meanl) + ..
ratlo_c2 . * (dataTest2(:)-mean2)' * (dataTest2(:)-meand);

Sh=ratio_cl .* (meanl-Totalmean)' * (meanl-Totalmean) + ...
ratlo_c2 . * (mean?-Totalmean)' * (mean?-Totalmean);

®class separaballity before projection (testing data)
Sw_cl=0; Sw_c2=0;
for i=1:length{dataTestl{:, 13}
Sw cl=3w cl+dist(dataTest1{ 1), meanl ' 1"2;
end
for i=1:length{dataTest2(:,131)
Sw_cZ=8w_cZ+dist(dataTest2({1), meand ' )"2;
end
Before_Sw=3w_cl*ratlo_cl+3w_c2%*ratlo_c2;
Before_Sh=dist(meanl, Totalmean' )*2*ratio_cl+ ...
dist{mean?, Totalmean' )*2*%ratio_c2;
Sep=Before_Sh/Before_ 3w

®class separaballity after projection (testing data)
Fro]_Sep=({W" * 8h) * W3/ ({W' * 3w) * U;

®testing data after projection

Proj_test=zeros( length{dataTes tMame( -, 133, 1);

for i=1:length{dataTes tHame(:, 1))
Proj_test{ij=dataTest{i,:)*W;

end

fplot the testing data after projection

Proj_testl=zeros(lengthi{dataTest1{:,1)3,1);

for i=1:length{dataTestl{:,13)
Proj_testl{1l)=dataTest1{1,:)*W;

end

Proj_test2=zeros(lengthi{dataTest2({:,1)3,1);

for i=1:length{dataTest2(:,131)
Proj_test2({1)=dataTest2{1, : )*W;

end

ZEROSl=zeros( length{Proj_test1(:,130,13;

TEROS2=zeros( length{Proj_test2(:,13),1);

figure,

plot{Proj_testl,ZEROSL, 'r. ', Proj_test2 ZEROSZ, 'z.');

title({ 'Testing data after projection';...

['separabllity before projection = ',mum2sto(3epil;. ..
['separabhility after projection = ' mm?str{Proj_Sepi]})

Visualize testing data
after projection.

Show class separability
before(after) projection.
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%find the elgenvalues & elgenvectors of covariance matrix
20V _dataTraln=covidataTraln);
[EigenVTR, Eigen¥L]=eig(COV dataTrain);

®hind elgenvevalues & elgenvectors together
ElG=zeros{atrb,atrh+l);
for i=1:atrh
EIZ1,1)=ElgenVLI{1,1);
EIG(i,2:atrh+1)=ElgenVTR(1,:);
end

®sort by eigenvalues In the ascending order Key for PCA

S0RT ElCG=sortrows(EIG, 1);

%choose enough elgenvectors which account for about 90% of wvariation
TotalVariatlon=sum{ S0ET EIG(:,1)3;
varlation=0;
nhftr=0;
for i=length{ 30RT_EIG(:,1)):-1:1
varlation=varlation+30RT EIG(1,1);
1f{wvariatlon/TotalVariation==0.9)
nhftr=atrh-1+1;
hreak
end
end

Gproject traingftesting data into lower-dimensional space
Proj_trainl=zeres(lengthi{dataTralnl(:, 1)), nbftr);
Proj_train?=zeros(length{dataTrain?(:, 1)), nhfts);
Proj_test=zeros(length{dataTest(:, 1)), nbftr);

for i=l:nbftr
for j=1:lemgthi{dataTrainl(:, 13}
Proj_trainl{j,l)=dataTralnl(], )*¥30RT_EIG atrh-1+1,2:atrh+l) ' ;
end
end

for 1=l:nbftz
for j=1:lengthi{dataTraind(:,13)
Proj_train?{j,1l)=dataTraln2(], )*¥30RT_EIG atrh-1+1,2:atrh+l) ' ;

end

Project data into
new space (be fed
into classifier).

for i=l:nbftr
for j=1:lengthidataTest(:,1))
Proj_test{j,li=dataTest(],: )*30RT EIG{atrh-1+1,2:atrb+l)"
end
end
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BRTRTT Eigenface
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®find the elgenvalue & eigenvector of covarlance matrix
fm = # of images for training

% = # of plxels In one image

®the slze of Ccovarlacnce matrlx 15 (m x m)

0OV _Train=covidataTrain');
[ElgenVTR,ElgenVLU]=elg( OV _Traln);

%hind elgenvevalues & elgenvectors together
®zize of eigenvector 15 (1 % m)
ElG=zeros( length{dataTrainl:, 1)), lengthidataTralnd -, 12)+1);
for i=1:length{dataTrain(:,131)
EIZ1,1)=ElgenVLI{1,1);
EIG(i,2:length(dataTrain(:,1))+1)=EigenVTR({1,:);
end

®sort by elgenvalue in the ascending order
S0RT ElG=sartrows(EIG, 1)

mean_ Train=mean{ dataTraind;

TralnMimsMean=dataTraln-nean_Train;

% trans formed) new elgenvectors (slze 15 1 x 1)

New EigVec=30RT EIG{:,2:length{dataTrain:, 1))+ 1*TralnMinnsMean;

Key for Eigenface

fplot elgenfaces
for i=1:3
for j=1:3
subplot{3, 3, (1-13%3+7);
®reshape 1d arrav to 2d array where size 13 40 x 40

EIGENFACE=reshape]New EigVec(129-((1-1)%3+73, 1,140 401);

Imshouw( EIGENFACE' [ []);
end
end
suptitle( 'The first few eligenfaces.');

fplot accumulated wariances for training data

Show the first few eigenfaces
TotalVariation=sum{ SORT_EIG(:,1}); and the accumulated variance

acc=0; for training data.

accRatio=zeros(length{dataTrain(:,130,13;

i=1:1:lengthidataTrain:,13);
for a=length{ 30RT_EIG(:, 1)):-1:1
acc=acc+30RT_EIG{a, 1)
accRatiof leng th{SORT_EIG{:, 1 )-a+]l)=acc/TotalVarlation;
end
figure(10);
h=plot(i,accRatia,'-h');
setth, 'linewldth', 4);
titlef 'accumulated wariances of tralning data')




%choose enough elgenvectors which account for about 90% of warlation
nhd ln=2;
fproject tralng/testing data Inte new space
Proj_train=zeros(lengthi{dataTrainlet(:,1,1)), nhdin, nbcls)y;
for k=1:nbcls
for i=1:nbdin
for j=1:lengthidataTraindet(:, 1,13}
FProj_train(],1.k)=dataTraindet{], . kE)*New_EigVec(129-1,:3";

end
end Project data into
end
Froj_testezeros( length(dataTest(: 1)).2): new space (be fed
for i=lnbdin into classifier).
for j=1:length{dataTest(:,1))

Proj_test(j,i)=dataTest{],:)*New EigVec(129-1,:3";
end
end

ARARRRARARARARARARARARAR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR RRAS
TRRRRR load fFl.bmp & fF2. bmp FRFRER
ARARRRARARARARARARARARAR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR RRAS

%load female data

Fp=zeros(100,14800); %each lmaze with 40%40 pixels
Fim=imread( ' fP1.bmp');

[height,width]=51ze(Fim);

for 1=1:height
for j=1:width
gronpyv=fix({1-1)740);
gronpx=fix({j-13/40);
=g roupyv*10+z roupx+1;
Gidy=mod¢{1-1),403%A04mad (j-17,400+1;
Fp(@,Gidx)=Fim{1,]);
end
end

%load male data

Mp==zeros( 100, 1400); %each lmagze with 40%40 pixels
Mim=lmread( 'mFl.bmp');

[height,width]=s1=ze(Min);

for i=1:height
for j=1l:width
gronpy=fix(({1-1)/40);
gronpx=Tfix({]-1)740);
G=g ronpyv* 1 0+z ronpx+1;
Gidx=mod{{1-1),405*A04mad{{j-17,400+1;
Mp( 3, Gide)=Min{i,j);
end
end



fmerge female & male data
C=[Fp;Mp];
class=ones(200,1%;
for 1=101:200

classiil, 1a=2;
end

RAAAAARARAAARARAR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR ARAR
FRFRER load facesFl. bmp TRRRRR
RAAAAARARAAARARAR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR AR ARAR

%load female data

Fp=zeros( 80, 1600); %each lmage with 40%40 pixels
Faim=imread( ' facesPl.bmp');

[helght width]l=s1ze(Faln);

Thorizontal flip
flip Mp=zeraos(80,1600); %each image with 40%40 pizels
flip Mim = flipdim{Faim,2); %horizontally flipped Imazes

for i=1:height
for j=1:width
groupv=fixz({1-13/40%;
groupx=fiz({j-13/40);
G=g roupv*lb+zroupx+l;
Glde=mod( ¢ 1-17,400* 4 0tmadi (j-17,400+1;
Fp(,Gidx)=FAlm{1,]);
®flip Mp(3, Gids)=flip Mim{i,j);
end
end

C=[Fp; flip_Mpl;

class=ones(80,1);

for i=1:lengthiclass(:,131)
classil, Di=mad({1-1),160+];

end



