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Machine Learning is Everywhere

= Image Recognition
= Speech Recognition
= Stock Prediction

= Medical Diagnosis
= Data Analytics

= Robotics

= and more...




4\ MathWors

Machine Learning

Machine learning uses data and produces a program to perform a task

Task: Human Activity Detection

@andard Approach x‘ &]/ \ Machine Learning Approach ‘

6 ’ . Machine
’ Leaming

R
Hand Written Program Formula or Equation
IfX_acc> 0.5 Vactiity model: Inputs — Outputs
then “SITTING”

= ﬂ1x + ﬁzym:c

IfY_acc <4 and Z_acc Machine -
" then “STANDIN model = < Learning >(sensor_data, activity)
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Example: Human Activity Learning Using Mobile Phone Data

Data:

N
af
= ,H\,

» 3-axial Accelerometer data
» 3-axial Gyroscope data

[\ Classification Leamer - Scatter Plot

CLASSPFCATON LEARNER
Acvatcet Soatier Pot
| * 2 * Q - _Jm-u %
* Feature Boosted | Bagged m M - mu
.QMMA . = R"‘W_ sy
M mu- E ToammD 0 = wwow |
E Cwie Suﬂ'v Plot
W History Variable on X axis: - oth .
M NvE_body_gyra_x_test
Linear SYM 86A% 038 =
SYM Vaviable on Y axis:
BowConstraint » 3 1% 03
N siav_lotal_sec y fest .
Fine KNN N .
NN ; g I
NumNechbors = 2 0% Correctly dassified § . 21
*  Waking i -
NN Climbing Stairs > 02 x .
Numieghoor: = 1 1% *  Sitling g S * '3
NN I x 4
Numdieghoon : 2 DRES Bows % ;
h Misclassifed - troe class is >' x d .
=100 959% . X Waking E
Climbing Stairs 0.1 |
W Current model Sitting .
Type Ensemnble s 1
Preset: < Custom > 005 " §
Dats Trersformation: None 2 *
Stetus Trained ¥ Show Clasafier Results - : /
Clasntor Resats




 Data Browser
W History

SVM
Linear SVM

SVM
Quadratic SVM

SVM
Fine Gaussian SVM

SVM
Medium Gaussian SVM
N
ine KNN

KNN
Medium KNN

KNN
Cosine KNN

KNN
Weighted KNN

W Current model

Wmean_total_acc_x_train

Variable on Y axis:

Wmean_total_acc_y_train

Legend

Correctly dassified

® Laying
Sitting

*  ClimbingStairs

Misclassified - true class is:
X Laying
Sitting
> ClimbingStairs

Type: k-Nearest Neighbor
Preset: Weighted KNN

Data Transformation: None
Status: Trained

3:42° /3439

[V Show Classifier Results
Classifier Results
Color of misclassified points
represents:

_train
o
o

Y.

Wmean_total_acc

(=]
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0J (2} Search Documentation

:'f“ Edit  View . AI°°'5 Desktop  Window  Help
NEES b NA0UDEL- 30680

Human Activity Mobile Sensor Data

- - Accelerometer X A
\/\~\/_‘ —— Accelerometer Y
e Accelerometer Z

W/\( AW e o /\,/\/ tyDataiest, 0.05)

I

Y. T ER— _NAVIGATE
G TE L » W BEamples b HumanActivity
Current Folder
[ Name
= Script
“ Publish_Human_Activity_Learnin,|
“) Human_Activity_Learning.m
= MAT-file
£ rawSensorData_train.mat
i rawSensorData_test. mat Time (s)

£ OpeningExampleData.mat Classifier: ClassificationKNN

OpeningExample.m (Script

o
@
(= X
Alojsi pueiwioy O

h
o

\\\ r/ o

o

h o o

(Accelerometer Readings (m - 572)

Workspace
Name « Value

humanActivity.. 2947x19 table

humanActivity... 7352x19 table
1x1 ClassificationKH

Gyroscope Readings rad - sec-1

P> Pl o) 520/3439




4\ MathWorls

Machine Learning Workflow

Train: lterate till you find the best model

DATA

FILTERS PCA

CLASSIFICATION

SUMMARY  CLUSTER
- STATISTICS  ANALYSIS

REGRESSION

%
Predict: Integrate trained models into applications

NEW PREPROCESS MODEL PREDICTION
DATA DATA . —

,,  FILTERS PCA
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Example 1: Human Activity Learning Using Mobile Phone Data

Objective: Train a classifier to classify E—

CLASSFTATON LEAeR

human activity from sensor data laluay

ot Fosee -: !
L 3 <%

Dats Bromse

Data: o
Predictors 3-axial Accelerometer and = =
Gyroscope data g

NN
Nartlogheons s |

Response Activity: X. Aﬂ [& ,ﬁ\ — %"L:u

W Curvert model

Approach:
— Extract features from raw sensor signals

— Train and compare classifiers
— Test results on new sensor data

P »l o) 9:48/34:39 @ ¢ 0OS)




Lol s | ﬁ L » W: » Bxamples » HumanActivity » vW;)
Current Folder ® d Editor - W\Examples\HumanActwﬁy\OpemngExampIem ® x 9
[ Name | OpemngExamplem | + g
e o - ~1%% Opening Example a3
- Publls.h_Human_Actlwty_Learmn... 2= plotModelResults (trainedClassifier, humanActivityData-, 0.05) -f.

£ OpeningExample.m 2

“IHuman_Activity_Learning.m
= MAT-file

tl rawSensorData_test.mat
&= OpeningExampleData.mat

rawSensorData_train.mat (MAT-fie} A

Value
HH body_gyro_x_train  7352x128 double
Hbody_gyro_y train  7352x128 double
i body_gyro_z_train  7352x128 double
- total_acc_x_train 7352x128 double
7352x128 double
7352x128 double

11167734239
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‘- 1 = '@_ 3 4 Search Documentation
| File Edit View hsut Tools Desktop Window Help ~ ;’. .
e [\ L_,j] JNGde kA 0UDEL- QA DE a0 i 1
plot bar stem stairs N -l A i
i SELECTION R 0.06 v ! - __ OFTIONS
@ ‘ T E L » W » Bamples » HumanActivity » vl
[o#] Variables - body_gyro_x train 005} 1 ; @ x o
- | body_gyro x train 4 ”"\1 I\ %
£ 7352428 double V l a ,f \ 3
I 0.04 1 v \ I}\ T
1 2 3 4 ‘ \ ' - 3
1 0.0302 0.03 L / {”, l _ V.UOC d V. UL 7 AL _ |”2
2 0.0171 0.0242 0.0302‘ 0.0320 \'d f\\ / H P4 0.0128 0.0135 0‘0142, 0.013¢
3 0.0262 0.0217 0.0146 0.0148 0.02 v \ A ,l ‘ flhl'x | b2 0.0524 0.0458 0.0414 0.0362
4 -0.0375 -0.0331 -0.0304 -0.0250 5 Y/ W tﬂ le ‘\,f D4 0.0055 -0.0048 -0.0109 -0.020¢
A I \
5 -0.0194 -0.0191 -0.0148 -0.0140 \ ‘{ 3 -0.0137 -0.0147 -0.0142 -0.014¢
. e | |
6 -0.0058 -0.0104 -0.0133‘ -0.0152 ot V\ \( 8 -0.0139 -0.0143 -0.0104' -0.0061
7 0.0141} 0.0123 0.0069 -0.0030 ‘ 1 -0.0231 -0.0229 -0.0162} -0.013:
8 00122 00119 00110 0.0057 a0 % w0 & % 90 R 5 0.0048 -0.0067 -0.0138 -0.0221
9 0.0194 0.0244 0.0241 0.0238 ' 6 0.0101‘ 0.0090 0.0098' 0.007¢
10 -0.0097} -0.0138 -0.0098 -0.0040 00033 0.0013 0.0048 0.0020 8.6238... -6.255... _0‘0036, -0.0036 -0.0038 -0.0045 -0.0042_ -0.006¢
11 0.0085 0.0174 0.0255 0.0284 0.0301 0.0268 0.0168 0.0017 00066 -0.0081 -0.0110_ -0.0075 0.0068 0.0221 0.0283] 0.032)
12 —00104 -0.0109. -0.0123 -00132 —00146 ~00165 -00160 -0.0178 00158 -0.01427 —0.0168‘ -0.0168 -00161‘ -0.01207 -0.0070 -0.005:
, 000331 -00015 -0.0067 -0.0067 -000951 -0.0077 -0.0030 -0.0041 -00059i 0074 -0. -0 oo71| -0.0045 -00032{ -0.004:

Ml ) 11:27/ 34:39



Fle Edit View Inset Tooks Desktop Window Help
DEde | ARKODLAL- G 0E D :
% total acc_x_| tuin
— Laying Laying —
w 20} Siting _ Sitting . v|R
’ ClimbingStairs ClimbingStairs ®x o
E 10 —‘- Standing . Standing A 2
> Walkhg Walking 3
p i
10 I ! 1 1 1 1 = | from S
Time (sec) b while doing =
a0 btd _acc_y_ traln joal of this|=s
L )
- ' hat can
@ 101 7 =1 . I measuremen
£ 3
. w *-'* ll‘ W ﬂ W
§ -0} " E
20 | Eiass———
Tlme (sec)
total_acc_z_train
20 T T T T T T T -
-
w
E' 10 - = -1
E L L - ; :
il P o L
-5 . b Fac o )
1 1 = 1 .I ' 1 ) | A

12:07 / 34:39
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alsifll; : 1
mples » HumanActivity » v

FUE

G TE Lrwrea o
Current Folder .
[ Name g
= Script @17 -3
€1 Publish_Human_Activity_Learnin... |18 /%% Pre-process Training Data: *Feature Extraction* B
“) OpeningExample.m 19 $ The sensor data contain windows of 2.56sec (128 readings/window) 2
20 % Lets start with a simple average feature for every 128 points
“ MAT-file |21
i rawSensorData_train.mat 1|22 — T mean = varfun(@, rawSensorDataTrain);
i rawSensorData_test.mat Ekz3 = T stdv = varfun(@Wstd , rawSensorDataTrain);
&= OpeningExampleData.mat =[24 — T pca = varfun(@Wpcal, rawSensorDataTrain):
Human_Activity_Learning.m (Script) A |25 -
Workspace ® |26 — humanActivityData = [T mean, T _stdv, T pcal; 1
[ Value 2= humanActivityData.activity = trainActivity;
tbody_gyro_x_train  7352x128 doubl “||28
tibody_gyro_y_train 7352x128 doubl| 1129 [-/%% Use the new features to train a model and assess its performance
Hbody_gyro_z train  7352x128 doubl| |[30 = classificationLearner
i 7352x6 table 31
Htotal_acc_x_train 7352x128 doubl| 1132 [ %% Test classifier performance on new data

$ Step 1: Create a table

i total_acc _,y_train

7352x128 doubl!
> Ml ) 1358/3439 - B S i S

33



B s | A.iv W DEExampIes

Current Folder

[ Name
4 & html ~
“ Function 7
ElWstd.m =
1 Wpcalm _‘

) plotRawSensorData.m

:J Openingbamplem

. Human_Activity_Leamingm |

£ plotModelResults.m
& plotActivityResults.m -
Wmean.m (Function) A
Workspace ®
Name ~ Value
body_gyro_x_train 7352x128 doubl =
Hibody _gyro_y train  7352x128 doubl
7352x128 doubl

£ body_gyro_z_train

7352x6 table
7352x128 doubl
7352x128 doubl!

-t total_acc_x_train
- total_acc _y_train

1

4_

-l function Y = Wmean (X)

% Copyright (c) 2015,
Y = mean(X, 2);
end

MathWorks,

Wmeanm

Inc.

il
Al0¥s 14 pueliniey 0 |

)

B & O5] 0



Search

7% FAVORITES

S HHE Lrw | CurveFitting  Classification  Distribution

Current Folder ‘ Leamner Fitting
Name |
@ . htmi | MATH, STATISTICS AND OPTIMIZATION
* Function @* B* @*
& Wstd.m Classification  Curve Fitthg  Distridution
Le Fittin
SlWpcalm | '%ﬁ .
““Wmear SIGNAL PROCESSING AND COMMUNICATIONS
& plotRawSen:
&1 plotModelR¢
p 7] BRErorRate  EyeDiagram  Fiter Buider
Bl plotActivityf  Anavse Scope
Wmean.m (Function ‘ * A
: s o o
| Workspace | SignalAnalysis  Wavelet Veindow

I Name « |
1

. body_gyro_x_tra compuranona anance
Hibody_gyro _y_tra;x
ll:iﬂbody_gyro_z_tra‘; &

MBC Mode!

Design & An... Design & An...

& & & s

Neural Net Neural Net Neural Net Neural Net
Clustenng Fiting Pattern Reco...  Time Seres

@ e & W

Fiter Design &  LTE Downlink  LTE Test Model LE
Analysis RMC Generator ~ Generator Throughput ..

L ‘
C O @
MEC MuPAD Neural Net
Fitting Optimzaton  Notebook Clustering

Signal Analysis Fiter Design & MATLAB Coder

Analysis

@—.)*

Neural Net

Radar Equation

Calculator

Report
Generator

5%

Optimization

RF Design &
Analysis

System
dentification

PDE

TOP &

Sensor Array
Analyzer

Financial Time
Senes
<t rawSensorDataﬁ
T_mean 7352x6 table 33

> Pl o) 1532/34:39

| % Step 1: Create a table

A10)61H pukliwioy 0

L




Step 1 Step 2 Step 3
Select dataset from MATLAB workspace. Select predictors and response. Defne vaidation method.
[omen - Neme | Type |  Range |  Importas | [P e
;-’:;v Wmean_total_acc_x_t... double 0.3707 . 1.05533  Predictor = X
Wmean_total_acc_y._t... double 0494512 . 1.005... Predictor 2 Select a number of folds (or divisions) to parttion the data
. inte. Each fol is held out in tumn for testing. The app trans |
rawSensorDataTran Wmean_total_acc_z_t... double -0.988372 .. 0.977... Predictor - 2 model for each fold using all the data outside the fold.
gbwv_wm-*_'g?" Wmean_body_gyro_x... double -0.914161 .. 0.790... Predictor - The app tests each model performance using the data
-“"’%—Z-m: Wmean_body_gyro_y... double -0.351097 .. 0.485... Predictor v L e e Ree e o ||
body_gyro_z_| ¥ folds. The : i f
total_ace_x_tran Wmean_body_gyro_z.. double -0.437807 . 0.404... Predictor = e cenid amommu pemlsgot
| total_acc_y_tran Wstd_total_acc_x_train double 0.00134528 .. 06... Predictor - data. it requires muttiple fis but makes efficient use of all
total_acc_z_train Wstd_total_acc_y._train double 0.00151609 .. 0.3... Predictor = b g R e S
Wstd_total_ace_z_train double 0.00298051 .. 0.3... Predictor - '@ Holdout
Wstd_body_gyro_x_tr... double 0.00169888 .. 1.7... Predictor - Select a percentage of the data to use as a test set. The
Wstd_body_gyro_y_tr... double 0.00201112..15... Predictor v app trains the model on the training set and sssesses the
Wstd_body_gyro_z. tr... double 0.0021924 . 0.97... Predictor = performance wih the test set. Since the resuting model &
based on only & portion of the dats, i ® recommended
Wpca1_total_acc_x_t.. double -13.2962 .. 2.85553 Predictor - only for large data sels.
Wpcal_total_acc_y_t. double -5.92044 . 11.0487 Predictor =
Wpca1_total_acc_z_t.. double -12.1606 .. 10.0782 Predictor &
Wpcal_body_gyro_x.. double -9.18752 . 8.79438 Predictor v
Wpca1_body_gyro_y... double -10.0066 . 10.9873 B B ko
Wpcal_body_gyro_z... double -3.08108 .. 8.22598 Fredictor - u . i
- vi . se all the data ng and compute the error rate on
BEIVY i il B 0ngae fieapanss = the same data The estimated error rate & Ikely 10 be
unrealistically low. The actual error rate when the model
is used to predict new data is Tkely to be higher.
= Percent Held Out: 25
@) Use columns 33 variabies

Pl o) 16:27/34:39



4\ Classification Learnes - Scatter Plot

loll@]=]

4 4 4

Tree

Complex  MedumTree Simpie Tree Linear SVM

4

Data BrowsdWmean_total_acc_x train [ * ®
| ¥ History \Wmean_total_acc_y trsin [V
Wmean_total_scc_z_train v
Wmean_body_gyro_x train [V
\Wmean_body_gyro_y _train  [¥
Wmean_body_gyro_z train [V

'Wstd_total_acc_x_train I
Wistd_total_acc_y_train @
Wetd_total_acc_z_train @

Wstd_body_gyro_x_train v
\Wstd_body_gyro_y train [V
Wstd_body_gyro_z_train v
Whpcal _total_acc_x_train @

4 | I ’

w Current model

| Data Transformation: None
| Status: Untrained

| O

o) 17:38/34:39

Scatter Plot
Variable on X axis:

Wmean_total acc_x_train

| Variable on Y axis:

Wmean_total_acc_y_train

Legend

Observation from class
® Laying

Sitting
*  ClimbingStairs

Show Classifier Results

Classifier Results

< Model not trained >

_train

.Y

Wmean_total_acc

0.5




Ef 4 TRAINING
Data Browser @ ¢ | ScatterPlot | Confusion Matrix > |
|2 Hstoy | Overall Accuracy
Tree 193.0%
Isi ; Confusion Matrix for: Decision Tree
{Stmple Tree 844%| | 0 L Esror :
é:ﬂlzium Tree 89.8% 7.0% 0 0 0 0
i {
= summarize i 0.0% 0.0% 0.0% 0.0%
omplex Tree 930y (| ® Pertrue class
| || View percentages per true class
including True Postive Rates (TPR)
A siing| 4 00, Bk Sk o.l%
»
Per predicted class 3
View percentages per predicied O ; 0 0 0 45
class including Postive Predictive g ClimbingStairs | 4 oo 0.0% 0.0% 10.9%
Valies (PPV) and Faise Dscovery | ©
Rates (FDR).
1 . 0 20 0 0
'w Current model ~ Overal Standing | 4 g0, 7.3% 0.0% 0.0%
[ : View percentages over the entire
| Type: Decision Tree confusion metrix-
| Preset: Complex Tree
%Duta Transformation: None Wkl 0 0 29 0
| Status: Trained aking 0.0% 0.0% 11.8% 0.0%
Laying Sitting Walking TPR/FNR

19:45/34:39

" cla:
N 555t WA W &

ClimbingStairs Standing
P icted cls




 Data Browsser ® | ScatterPlot x Confusaon Matrix | ROC Curve
W History | | Area Under Curve
Tree 0.974432 ROC Curve for: Decision Tree
Smple free AN | Posiive class:
(Tree | ‘ 1}
Medium Tree 89.8%| ||Stting %
ree ‘
Laying L
CimbingStars o
Standing
Walking
g
~ 06
o
£
@
g
Soar
==
w Current model ‘
i 02r
Type: Decision Tree
Preset: Simple Tree
Data Transformation: None
Status: Trained
o -

20:45/34:39




_ FLE | FEATURES |

@ Advanced =] scatter Pt

Advanced KNN Options

o7

X8

Number of Neighbors ‘

i ~CLSBPER — —inistance Metric Minkowski (Cubic)

- Data Browser @ | ScatterPlot | Confy !

{ w History | Area Under Curve Distance Weight ; Equal

‘;'“ T Sk 0.997382 Standardize Data V]

i ; Positive class:

Tree — it
|Medium Tree 89.8%| ||Siting -

gTree {

{Complex Tree g30%| |Meastive classes;
i Laying L

N 08
CimbingStars

ne KNN 950 | Gy

KNN Walking

Medium KNN 92.0% 3]

S o6t

KNN =
Coarse KNN 858% E

KNN g
Cosine KNN 925% % 02

£

'w Current model

‘rl'ype k-Nearest Neighbor
Preset: Cosine KNN

Data Transformation: None
Status: Trained

21235/ 34°39

ROC Curve for: k-Nearest Neighbor

0.2
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& & & @ & 2
Meural Net Neural Net Neural Net Neural Net mm Flerbnm& MATLAS Coder Report
Clustering Fitling Pattern Reco...  Time Series Analysis Generator Uonhﬁ:dnn
APPS [

<G EE L » W Eamples » HumanActivity »
Current Folder ®

Name

# . htmi -
“ Function ,

By wstd.m =t

) Wpcalm '

) plotRawSensorData.m
=1 plotModelResults.m

) plotActivityResults.m -
Wmcm m (Function A
Workspace _ @
| Name ~ Value

i body_gyro_x_train

tibody_gyro_y_train  7352x128 doubl
b‘:l body gyro_z train  7352x128 doubl|®
: ‘ 2y 7352x19 table
7352x6 table

= rawSensorDataTram
: 7352x6 table

o) 22:09/34:39

> 4

7352x128 doubl =

Untitledd* +

Human_Activity_Leaming.m

«
©

- function [trainedClassifier, validationAccuracy]

% Extract predictors and response

predictorNames = {'Wmean_totai_acc_x_t:ain', 'Wmean total acc y train!
predictors = datasetTable(:,predictorNames) ;

predictors = table2array(varfun(@double, predictors));

response = datasetTable.activity;

% Train a classifier
trainedClassifier = fitcknn(predictors, response, 'PredictorNames', {'l
% Set up holdout validation

cvp = cvpartition(response, 'Holdout', 0.2);

trainingPredictors = predictors(cvp.training,:);

trainingResponse = response(cvp.training,:):

sifier
fitcknn(trainingPredictors, trainingResponse,

% Train a clas

validationModel = 'Predis

= trainClassifier (dat.?

Ll

A0S IH pURLLILIOY

-




Example 2: Real-time Car Identification Using Images

Objective: Train a classifier to identify car
type from a webcam video

Data:

Predictors Several images of cars:

P A W

Response NIGEL, LIGHTNING, SANDDUNE, MATER

Approach:
— Extract features using Bag-of-words

— Train and compare classifiers

P »l o) 24:27/3439
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irnage . pey
Workspacd

| Name «

4\ VATLAB R2015,

25:39 / 34:39
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Search Documentation

SP TP bW Gamples » CarFinder > pe
Current Folder ® 9
ok Hg
A Lol 7] [ R %% Real-time Car Identification Using Image Data - H
- Function 2 % Image classification involves determining 1f an image contains some g
StrainClassifier.m 3 % specific object, feature, or activity. The goal of this example is tq b
£ getimageLabels.m 4 % provide a strategy to construct a classifier that can automatically
&) CarfinderLiveCompare.m 5 % detect which car we are looking at using streaming images from a webis
£) CarfFinderLive.m 2l 6 % feed.
7 % Copyright (c) 2015, MathWorks, Inc.
e -| e
Caridentification.m (Scrot 219 /%% Load image data :
Workspace @ |10 - imset = imageSet('Carbata’, 'ml)f
Name ~ Value 11
12 %% Pre-process Training Data: *Feature Extraction*
13 % Requires: Computer Vision System Toolbox
14
15 % Create a bag-of-features from the Car image database
16 — bag = bagOfFeatures (imset, 'VocabularysSize',200,...

P Pl o) 26:21/34:39




earch Documentabon

- T e

Fo 8 L » W Bamples ¢ Carfinder » - p
Current Folder - Q
i Hg
¢ 4 LIgNININgG - 11 e |
~ Function 12 %% Pre-process Training Data: *Feature Extraction* ’,%
£ trainClassifier.m 13 % Requires: Computer Vision System Toolbox <2
£) getimagelabels.m 14
&) CarfFinderLiveCompare.m 15 % Create a bag-of-features from the Car image database
&) CarfinderLive.m = |16 — BN (imset, 'VocabularysSize',200,... J
-~ Scri 17 'PointSelection', 'Detector’');
. |18
Coridontficationm (Scrpt) ~ |19 % Encode the images as new features
Workspace ® |20 - imagefeatures = encode (bag,imset); £
Name ~ Value 21
I imset 1x4 imageSet 22 ¥% Create a Table using the encoded features
23— CarData = array2table (imagefeatures);
24 - CarData.carType = getImageLabels (imset):
25
26 %% Use the new features to train a model and assess its performance
27 - classificationLearner -




4\ MathWorts

Key Takeaways

= Consider Machine Learning when:

— Hand written rules and equations are too complex
« Face recognition, speech recognition, recognizing patterns

— Rules of a task are constantly changing

« Fraud detection from transactions, anomaly in sensor data
— Nature of the data changes and the program needs to adapt _
« Automated trading, energy demand forecasting, predicting shopping trends
= MATLAB for Machine Learning Email me if you have further questions

Q What's New
- From Shashank Prasanna

Statistics and Machine Leaming
Toolbox Techmcal Expent

See recorded webnars

i > 33:516/34:39 . (cc I o S e BN




