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3. (b)

i.

function result = gaussian2(x,sigma)
result = (1/(sqrt(2*pi)*(sigma^5)))*(x^2 - sigma^2)*exp(-0.5*(x/sigma)^2);
end
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ii.

function [result] = gaussian(x,sigma)
result = (1/sigma*sqrt(2*pi))*exp(-0.5*(x/sigma)^2);
end
function [result] = gaussian_diff(x,sigma1, sigma2)
result = gaussian(x,sigma1) - gaussian(x,sigma2);
end

function Y = cv2q3b(x)
Y(:,1) = gaussian_diff(x,1.2,1);
Y(:,2) = gaussian_diff(x,1.4,1);
Y(:,3) = gaussian_diff(x,1.6,1);
Y(:,4) = gaussian_diff(x,1.8,1);
Y(:,5) = gaussian_diff(x,2,1);
Y(:,6) = gaussian2(x,1);
end
fh = @cv2q3b

fplot(fh, [-5,5])

legend('1.2','1.4','1.6','1.8','2','True Second Derivative')
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(c)

% Defaults: sigma = 1, max = 5, scale = 0.1
function laplacian_of_gaussian(sigma,max,scale)
min = -max;
k = max/scale + 1;
for x=min:scale:max
    for y=min:scale:max
        i = floor(x/scale+k);
        j = floor(y/scale+k);
        z(i,j) = (-1/(pi*sigma^4))*(1 - (x^2 + y^2)/(2*sigma^2))*exp(-(x^2+ y^2)/(2*sigma^2));
    end
end;
mesh([min:scale:max],[min:scale:max],z);
end
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7. (b)

% Declare global variables
global T;
global alpha;
global classifier;
global h;
% The ground truth classification
y = [1,1,1,1,-1,-1,-1,-1,-1];
% Calculate the number of negative and positive examples
m = 0;  % the number of negatives
l = 0;  % the number of positives
for i=1:9
    if y(i) == -1
        m = m+1;
    else
        l = l+1;
    end
end
% The results of the weak classifiers
h(1,:) = [1,1,-1,1,-1,-1,-1,1,1];
h(2,:) = [1,-1,1,1,-1,1,1,-1,-1];
h(3,:) = [1,1,1,-1,1,-1,-1,-1,-1];
h(4,:) = [-1,1,-1,1,-1,-1,1,-1,-1];
% Initialise the weights
for i=1:9
    if y(i) == -1
        w(i) = 1/(2*m);
    else
        w(i) = 1/(2*l);
    end
end
% The number of weak classifiers to use in the strong classifier
T = 3;
% Clear the alpha and classifier arrays
alpha = zeros(1,T);
classifier = zeros(1,T);
for t=1:T
    % Normalise the weights so that w is a probability distribution
    w = w/sum(w)
    % Train weak classifiers with error evaluated with respect to w
    for j=1:4
        e(j) = 0;
        for i=1:9
            if h(j,i) ~= y(i)
                e(j) = e(j) + w(i);
            end
        end
    end
    % Output the errors
    e
    % Choose the classifier with the lowest error
    [minErr,index] = min(e);
    % Set alpha(t) and classifier(t)
    alpha(t) = 0.5*log((1 - minErr)/minErr);
    classifier(t) = index;
    % Update the weights
    for j=1:9
        w(j) = w(j)*exp(-alpha(t)*y(j)*h(index,j));
    end
end
% Output the settings for the strong classifier
alpha
classifier
% Test it
sc = zeros(1,9);
for i=1:9
    sc(i) = strong_classifier(i);
end
sc
function result = strong_classifier(x)
    global T;
    global alpha;
    global classifier;
    global h;
    total = 0;
    for t=1:T
        total = total + alpha(t) * h(classifier(t),x);
    end
    result = sign(total);
end
EDU>> adaboost

w =

    0.1250    0.1250    0.1250    0.1250    0.1000    0.1000    0.1000    0.1000    0.1000

e =

    0.3250    0.3250    0.2250    0.3500

w =

    0.0806    0.0806    0.0806    0.2778    0.2222    0.0645    0.0645    0.0645    0.0645

e =

    0.2097    0.2097    0.5000    0.2258

w =

    0.0510    0.0510    0.1923    0.1757    0.1406    0.0408    0.0408    0.1538    0.1538

e =

    0.5000    0.1327    0.3163    0.2841

alpha =

    0.6184    0.6634    0.9389

classifier =

     3     1     2

sc =

     1     1     1     1    -1    -1    -1    -1    -1
