SVM — Support Vector Machine

> SVM
~ supervised classification and regression
discriminative (line or curve separating classes)

~ Application to Indoor Localization
(MLP x LVQ x SVM)

GO ELEERTEEI N Laboratdrio de Automacdo e Robética - A. Bauchspiess — Inteligéncia Comptuacional - SVM 1/47



SVM Master

GitHub, Colab: 05.07-Support-Vector-Machines.ipynb

Python Data Science Handbook by Jake VanderPlas, 2018

LARN Laboratério de Automacao e Robética - A. Bauchspiess — Inteligéncia Comptuacional - SVM 2/47


https://colab.research.google.com/github/jakevdp/PythonDataScienceHandbook/blob/master/notebooks/05.07-Support-Vector-Machines.ipynb#scrollTo=dQqcpm9iOyX2

SVM Master

GitHub, Colab: 05.07-Support-Vector-Machines.ipynb

Python Data Science Handbook by Jake VanderPlas, 2018
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https://colab.research.google.com/github/jakevdp/PythonDataScienceHandbook/blob/master/notebooks/05.07-Support-Vector-Machines.ipynb#scrollTo=dQqcpm9iOyX2

SVM Master

GitHub, Colab: 05.07-Support-Vector-Machines.ipynb

Python Data Science Handbook by Jake VanderPlas, 2018

Softening Margins: model = SVC(kernel='linear', C=C).fit(X, y)

C=10.0 C=01
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https://colab.research.google.com/github/jakevdp/PythonDataScienceHandbook/blob/master/notebooks/05.07-Support-Vector-Machines.ipynb#scrollTo=dQqcpm9iOyX2

Multiclass SVM

Multiclass Classification with Support Vector Machines (SVM), Du
al Problem and Kernel Functions

Towards data science, Hucker Marius. Jun. 8. 2020
Linear kernel RBF kernel

linear = svym.SVC(kernel='linear', C=1,
decision_function_shape='ovo').fit(X_train, y_train)
rbf = svym.SVC(kernel="rbf', gamma=1, C=1,
decision_function_shape='ovo').fit(X_train, y_train)
poly = svm.SVC(kernel="poly’, degree=3, C=1,
decision_function_shape='ovo').fit(X_train, y_train)
sig = svm.SVC(kernel="sigmoid’, C=1,
decision_function_shape='ovo').fit(X_train, y_train) Sepal length Sepal length

Sepal width
Sepal width

Polynomial kernel Sigmoid kernel

Sepal width
Sepal width

Sepal length Sepal length
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https://towardsdatascience.com/multiclass-classification-with-support-vector-machines-svm-kernel-trick-kernel-functions-f9d5377d6f02
https://towardsdatascience.com/multiclass-classification-with-support-vector-machines-svm-kernel-trick-kernel-functions-f9d5377d6f02

SVM — Kernel Trick

What is the kernel trick? Why is it important?

Medium.com, Grace Zhang, Nov 11, 2018

P(x) = (mfa T1Z2,21T3, 332931,:13%, ToT3, T3T1, T3T2, mg)T

o(y) = (Y2, 1192, Y1Ys, Yo¥r, Y2, YoUs, Ystr, YsYa, Y3)T
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g (x, X,) = (X, X, 9 (X, X))
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https://towardsdatascience.com/multiclass-classification-with-support-vector-machines-svm-kernel-trick-kernel-functions-f9d5377d6f02

SVR — Support Vector Regression

Support Vector Regression (SVR) using linear and non-linear kernel
S

Scikit-learn v0.20.20

Support Vector Regression

—— RBF model
= Linear model
1.0 4 ——— Polynomial model
svr_rbf = SVR(kernel='rbf', C=1e3, gamma=0.1) s
svr_lin = SVR(kernel='linear', C=1e3)
svr_poly = SVR(kernel='poly', C=1e3, degree=2)
0.5
y_rbf = svr_rbf.fit(X, y).predict(X)
y_lin = svr_1lin.fit(X, y).predict(X) T
y_poly = svr_poly.fit(X, y).predict(X) 4
= 0.0
=
_.|:|.5 -
_]_D .

0 1 2 3 4 5
data
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http://man.hubwiz.com/docset/Scikit.docset/Contents/Resources/Documents/auto_examples/svm/plot_svm_regression.html
http://man.hubwiz.com/docset/Scikit.docset/Contents/Resources/Documents/auto_examples/svm/plot_svm_regression.html
http://man.hubwiz.com/docset/Scikit.docset/Contents/Resources/Documents/modules/generated/sklearn.svm.SVR.html#sklearn.svm.SVR
http://man.hubwiz.com/docset/Scikit.docset/Contents/Resources/Documents/modules/generated/sklearn.svm.SVR.html#sklearn.svm.SVR
http://man.hubwiz.com/docset/Scikit.docset/Contents/Resources/Documents/modules/generated/sklearn.svm.SVR.html#sklearn.svm.SVR

SVM - Support Vector Machine

Linear Separable Classes Non Linear Separable Classes
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Optimality — Features transformation — K(X,y) = <@(x),p(y)>
Maximum margin to the Separating Hyperplane Linear in the output space!
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SVM - Support Vector Machine

Linear Separable Classes

X, (Q\&‘ Classes
~$\Q© T |
.@'b\' wx +b=0 ford, = +1
x 4 Q\.
O
Support x(f) " WTX,' + b <0 ford, = —1
vectors

Optimal hyperplane
wix+b,=0

Distance to the optimal hyperplane

g(x) = wix + b,

Optimality —
Maximum margin to the Separating Hyperplane
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SVM for non separable patterns
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SVM for pattern recognition —
feature space

TABLE 6.1 Summary of inner-Product Kernels

Type of support Inner product kernel

- vector machine Kx,x;), i=1,2,....N
Feature space

Polynomial learning machine ~ (xx; + 1)

Input (data) space

Radial-basis function network  exp (— 21 5 [x — x; ”z)
o

‘Two-layer perceptron tanh(Box’x; + B
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Architecture of a SVM

Bias b

Input x
vector < 2
X Output
neuron
Linear
outputs
A xmﬂ
Input Hidden layer of
layer of m, Inner-product
size my kernels
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X-Or using SVM

TABLE 6.2 XOR Problem

Input vector, x Desired response, d

(-1,-1) —1
(-1, +1) +1
(+1,-1) +1
| (+1,+1) ~1
K(x, Xi) = (1 + KT?‘%:)2

- 2.2 2.2 :
K(X, Xi) - 1 + X1Xi1 -+ 2x1x2x,;1x£2 + X2X i -+ 2x1xi1 + ZXZXQ

o(x) = [1, x4, V2%, %y, x4, \/ixl, \/ixgr

. 1.6 x (1,1
‘ (-1,1)
y=-xx,
0 Decision
X, i | boundary
~1.0 x (1, —1)
- (-1, 1)
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SVM ‘Double Moon’ classification

Classificaion using SYM with distance = ~&, radius = 10, and widih = 6 Clasificaton using SV with distance = -6, radius = 10, and width = &

|2

L0

> . g
{a] Training result (b)Y Tesling resual

LARN ™ universidade de Brasilia
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SVM ‘Double Moon’ classification

Classification using SVM with distance = = 6.5, radius = 10, and widih = i Classification using Y M with distance = —6.5, radius = 10,amd wilih = #
. : i . - .

(1) Testing resull

{a) Training resull
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Train the SVM Classifier

cl = fitcsvm(data3,theclass,'KernelFunction','rbf',...
'‘BoxConstraint',Inf,'ClassNames’,[-1,1]);

. . y
157 . Y e o+
data3 = [datal;data2]; .o " .*| O Supportvectars
theclass = ones(200,1); l
theclass(1:100) = -1;
0.5
!
05
AF
15}
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SVM

L]
] [ ] _'I
15‘ i .- * ] . +1 T
» 'E-IEI O Support Vectors
L]

Training with the default parameters
makes a more nearly circular
classification boundary, but one that
misclassifies some training data. Also,
the default value of BoxConstraint is 1,
and, therefore, there are more support
vectors.
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SVM

Scatter Diagram of Simulated Data
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SVM

0.8 |

-1 08 06 -04 02

- 1 1 1
0.2 0.4 0.6 0.8 1

g * {:} Support Vectors
0
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SVM

Scatter Diagram w-ith the Decision Boundary
. ® (o
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Train and Cross Validate SVM Classifiers
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Train and Cross Validate SVM Classifiers
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Train and Cross Validate SVM Classifiers
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Train and Cross Validate SVM Classifiers
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Train and Cross Validate SVM Classifiers

ar 4
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Train and Cross Validate SVM Classifiers

3 b 4
2f % * * % ]
OF
11 %* @ " * }
0F -1 (training}) .
+1 (training)
-1 (classified)
At +1 (classified) i
Support Vectors
Correctly Classified
i Misclassified i
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LARN Laboratério de Automacdo e Robética - A. Bauchspiess — Inteligéncia Comptuacional — SVM 26/47



Indoor Localization

- Indoor Localization
- Ambient Intelligence (Occupancy dependent services)

- Thermal Load Estimation

Energy Efficiency

(mainly Air conditioning)

Credits:
Next slides are mainly based on:

= Lucas O. Fonseca, 2011, Sistema de Identificacdo de Usuarios utilizando RFID para Racionalizacdao de Energia em Ambientes Inteligentes.
- Gabriel Figueird Oliveir e André Luiz Gama de Souza, 2011, Sistema de Localizacdo para Robotica Mével com RFID.
- Cristovam A. Silva Jr., 2012, Classificacdo de Ambientes Prediais para usudrios utilizanod tags RFID ativas e Filtro de Kalman.
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RFID occupancy identification

(GPS indoor) for thermal load estimation
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RFID occupancy identification

for thermal load estimation
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RFID "

occupancy

identification .
for thermal load
estimation

Interpolated
"1 from measured RSSI

RSSI

(Lucas Fonseca, 2011)

400
100 100 200 300
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Indoor RFID
[.ocalization

in the Context of Mobile Robotics
with Application in Ambient

Intelligence
E ‘‘‘‘‘‘ F:e -t_i-e}i-r;e-d-_ |
ARToolKit, -~
AugmentEd Reality - rconstant
Localization

(Gabriel Figueir6 e André Luiz Gama, 2011)
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Indoor L.ocalization

(Gabriel Figueir6é e André Luiz Gama, 2011)

Red - odometry
Black — odometry + vision (augmented reality)
— odometry + vision + ANN RFID RSSI
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Thermal Load Influence Areas
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Identification of users in areas by
RFID — RSSI classificators

(Cristovam Silva Jr., 2012)

LARN Laboratério de Automacdo e Robética - A. Bauchspiess — Inteligéncia Comptuacional — SVM 33/47



Sistemas de Localizacao Indoor

RSSI - Received Signal Strength Indicator

" valor adimensional
® influenciado pelo efeito de Caminhos Multiplos

250 , ,
200 —
]
§ 150 — —
=]
=
Vit
=
= 100 M _-I- h - — =5 5 . " P
— ! ! T a..
S0 - —
| | |

o}
o S000 10000 1500
Amostras coletadas em 48 horas dispostas em ordem cronolagica
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Sistemas de Localizacao Indoor
OUTROS SISTEMAS DE LOCALIZACAO

"  GPS-Indoor

"  A-GPS
" Repetidores
" LOCATA

" UWB - Principio de funcionamento de um radar
"  WIFI - Localizacao baseada em RSSI

" WSN - Localizacao baseada em RSSI

" Bluetooth — Localizacao baseada em RSSI
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Classificacao

MULTI LAYER PERCEPTRON - MLP
" Reconhecedor de padroes de ampla aplicacao;

" Sua arquitetura permite atuar em problemas nao lineares e
complexos;
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Classificacao

LEARNING VECTOR QUANTIZATION - LVQ@

" Rede do tipo Mapa Auto Organizavel com aprendizagem
supervisionada;

" Possui uma camada competitiva e outra linear;

" Quantidade de saidas igual a quantidade de classes do
problema;
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Classificacao

SUPPORT VECTOR MACHINE - SVM
" C(Classificador de padroes binarios;

" Vetores de Suporte definem hiperplano que separa as
classes;

" Definicao de classe vem da comparacao com os vetores de
suporte;

" Consegue fazer multiclassificacao dividindo o problema em
varias classificacoes.
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Materiais e Métodos Aplicados

Hardware do Sistema RFID Ativo
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Materiais e Métodos Aplicados

MIDDLEWARE DO SISTEMA RFID
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Materiais e Métodos Aplicados

NEURAL NETWORK TOOLBOX DO MATLAB

" Ferramenta completa para Redes Neurais;

" Interfaces graficas facilitam o acompanhamento dos
processos de treinamento e teste das redes neurais;

— - —E b — q 3 — It
Meural Network Training Performance (plotperformy), Epoch 326, Validation stop. M= 52 B Newral Network Training Confusion (plotconfusion), Epoch 326, Validation stap. o o |
File Edit View Insert Tools Desktop Window Help ~ File Edit View Inset Tools Desktop Window Help ~
Best Validation Performance is 0.010926 at epoch 320
10 — Training Confusion Matrix Validation Confusion Matrix
rain
Validation 337 22 3
Test Moaat% | 16% | 02%

Mean Squared Error (mse)

1wl i 2, 3 465 0
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Materiais e Métodos Aplicados

PACOTE DE APLICATIVOS LIBSVM
" Biblioteca de Software Livre;

" Aplicativos de treinamento gera conjunto de Vetores de
Suporte;

" Permite varias configuracoes de funcao de nucleo da SVM
(Linear, RBF, Polinomial, Sigmoides)
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Materiais e Métodos Aplicados

CONFIGURACAO FISICA DOS EXPERIMENTOS

Localizacao das leitoras nos ambientes delimitados
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LARN Laboratério de Automacao e Robética - A. Bauchspiess — Inteligéncia Comptuacional — SVM 43/47



Materiais e Métodos Aplicados

CONFIGURACAO FISICA DOS EXPERIMENTOS

Leitoras instaladas nos ambientes delimitados
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Materiais e Métodos Aplicados

CONFIGURACAO FISICA DOS EXPERIMENTOS

Pontos de coleta de dados nos ambientes delimitados
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Materiais e Métodos Aplicados

PROCEDIMENTOS DE LEITURA DOS DADOS

" Tempo de coleta de 30 minutos por ponto;

® Usuario portando a Tag como cracha;

" Liberdade de movimento em torno do eixo vertical;
" Dados armazenados em planilhas eletronicas;

" Correcao manual de erros de registro do middleware.
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Pré-Tratamento e Filtragem dos Dados

(Como lidar com a auséncia de alguma leitura das antenas)

Método 1 Sem alteracao (Dados conforme coleta)
Método_1E Método_1 + Filtragem EKF

Método 2 RSSI nulo = 71

Método_2E Método_2 + Filtragem EKF

Método 3 RSSI nulo = RSSI anterior

Método_3E Método_3 + Filtragem EKF
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Arquivos de Treinamento dos Classificadores

" Rotulacao das amostras quanto aos ambientes;
" Aglutinacao das amostras em uma unica planilha;
" Embaralhamento das amostras;

" Separacao de amostras para teste e validacao;

LARN Laboratério de Automacao e Robética - A. Bauchspiess — Inteligéncia Comptuacional — SVM 48/47



Resultados

Testes em relacao a Orientacao das Antenas
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Resultados

DESEMPENHO DO TREINAMENTO DAS REDES MLP
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Resultados

DESEMPENHO DO TREINAMENTO DAS REDES LVQ
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Resultados

DESEMPENHO DO TREINAMENTO DAS SVM
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Resultados

MELHOR DESEMPENHO DENTRE OS CLASSIFICADORES PARA
CADA BASE DE DADOS
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