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Abbreviation : Al: Artificial Intelligence, DL: Deep learning




ML Algorithms Grouped by Learning Style

Supervised Learning
Algorithms

EalZRAIRYBRESP
BMBHEAFEESSE -

BRNEA .

BIEAO)ER - SEMEHEES -

Unsupervised Learning
Algorithms

BMAANERRBFEE -
AIEEIEE R HFRA -

ERNEA
K-Means * PCA%E -

Semi-supervised
Learning Algorithms

WMAANERNESZHIRE
EEMAZENER -
BARZE B SR IEZ
AERNE RN IR -




ML Algorithms Mindmap

Deep Boltzmann Machine (DBM)
Deep Belief Networks (DBN) l

Deep Learning

Stacked Auto-Encoders
Random Forest

Gradient Boosting Machines (GBM)

Boosting
Bootstrapped Aggregation (Bagging) Ensemble

Convolutional Neural Network (CNN) j'

AdaBoost
Stacked Generalization (Blending)

Gradient Boosted Regression Trees (GBRT) }
Radial Basis Function Network (RBFN)
Perceptron

Neural Networks

Back-Propagation
Hopfield Network j

Ridge Regression
Least Absolute Shrinkage and Selection Operator (LASSO) l‘

Regularization

Elastic Net
Least Angle Regression (LARS) ;

Cubist

One Rule (OneR) |

Zero Rule (ZeroR)
Repeated Incremental Pruning to Produce Error Reduction (RIPPER) j

Rule System

Linear Regression

Ordinary Least Squares Regression (OLSR)

Stepwise Regression

Regression
Multivariate Adaptive Regression Splines (MARS)

Locally Estimated Scatterplot Smoothing (LOESS)
Logistic Regression

Naive Bayes

Averaged One-Dependence Estimators (AODE)
Bayesian Belief Network (BBN)
Gaussian Naive Bayes

Bayesian

Multinomial Naive Bayes
Bayesian Network (BN)

Classification and Regression Tree (CART)
/ Iterative Dichotomiser 3 (ID3)

C4.5

Decision Tree
Chi-squared Automatic Interaction Detection (CHAID)

Decision Stump

Conditional Decision Trees
M5

Principal Component Analysis (PCA)

[ Partial Least Squares Regression (PLSR

/Sammon Mapping

/ Multidimensional Scaling (MDS)

/ Projection Pursuit

/ Principal Component Regression (PCR)

Machine Learning Algorithms

Dimensionality Reduction

=

. Partial Least Squares Discriminant Analysis
\_ Mixture Discriminant Analysis (MDA)
\ Quadratic Discriminant Analysis (QDA)
\ Regularized Discriminant Analysis (RDA)
& Flexible Discriminant Analysis (FDA)
Linear Discriminant Analysis (LDA)

k-Nearest Neighbour (kNN)
f Learning Vector Quantization (LVQ)

Self-Organizing Map (SOM)
‘t Locally Weighted Learning (LWL)
k-Means
k-Medians
Expectation Maximization

\ Instance Based

Clustering

Hierarchical Clustering



ML Algorithms Grouped By Similarity
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Regression Algorithms

Decision Tree
Algorithms

D - EEH
*C4.5 ~ C5.0

g

=EEE

Regularization

285057 (L2)

posterior

Bayesian Algorithms

ERBER
JEE

Association Rule
Learning Algorithms

*Apriori

BB (Eclat)

Clustering Algorithms

*K-Means

*K-Medians

Ensemble Algorithms

*AdaBoost
BEREFR M

Deep Learning

-SRI
5T MRS S

Dimensional Reduction
Algorithms

~ERD A
BN H B3 A

Instance-based
Algorithms

*KNN
FEPNNHEER TS (LwWL)
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@ MobileNet-v2 VGE-11.8N
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MobileNet-v1
VGG-13
P shuffleNet VGG-11
.GoogLaNet
/ )/
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88/ /]
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SqueezeNet-v1.1
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|‘ AlexNet
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Operations [G-FLOPs]
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Input shape

(500, 500, 161) => (500, 500,1)

Output shape

HRITE

o

Smoothing

RHEEER

RAENT
BERYG

L& K IE 37 &
(floodFill) 3RS
*REE . BRE
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I

Blsavgol_filterfE
BIEEEBFER
LG 3R PR {EC 45 120
# o
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EBEXD BITE
(PCA) - Z=ERE#A
13 E S EER
" EEm A
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0 8 6 4 2 0 2 4 &

PSNR i ].0 * ].Oglo

[

UDNNER X
B RALSHE
Z{8 - WEIPSNR

RRTL TSR -

\ 4

(MAX;)?
MSE,

0.00004 4

0.00003 -

0.00002 -

0.00001 -

0.00000 -

Ideal_Value = 100
Ideal_Value = 120
Ideal Value = 140
Ideal_Value = 160
ldeal Value = 180

Ideal Value = 200

Unprocessing data

MSE:55.07, PSNR:28.72

add_feature

MSE:13.44, PSNR:34.84
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140

IdealValue
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Data Shape : (47, 37xxx) 1 E DR oo 1
" Accuracy : 0.87
FeASELf : 28:19 Precision : 0.96 23 0

* B EDR113:42:46 DIFTE R » $128% data Sensitivity: 0.82 Ll
* IR ]13:42:46 DIBEOR) » Hh1958 data
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Data Shape : (20, 127999)
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Statistical Distribution 435 & Ef 5=

IxED S AT SR = ARV BRI 15 1S
v 1975 1R(RMS)

v IEE&E(Kurtosis)

v {RE& % E(Skewness)

v EE(P_P)

v KIEEF(Crest Factor)
v FZAREIF(Shape Factor)
v Ik&EF(Impulse Factor)

Table 1
Time domain features.
RMS
1 N
('\/ Zl 1 )
Kurtosis (%) 10
VZ! 1 ot
Skewness }Vle] (x; f os
et a
Peak to peak (P_P) Xmax — Xmin
Crest Factor max|x; —~ 0.6
RMS =
Shape Factor __RMS S
p val X; S% 04
Impulse Factor max|x;
-Lv I 02
Margin Factor —maxixi|
(%E:’_l X -})

HET MO ERIEIR &
9ME

I FZ 1% 81 (Kurtosis)
IR A& % 2 (Skewness)
SEH - ER
BEERE

\\\\\

—ll.—
""" I L T L O o
- HU=0, 02=0.2, =—— _
U=0, 02=1.0, —
Hu=0, 02=50
B R U=-2, 6?=0.5, — -
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Receiver Operating Characteristic Curve(ROCHI%R)

Receiver Rperating Characteristic Curve(ROC Curve)
EWEREEEHELR - SHREN (B E ) WERE—EEEER - REBNE
RN BHA—ERERATE - ROCEBRABEMER (FPR) EEA X - EEM=R (TPR)
EExAYH -
B 1 EZ2ESRENEREIERE - BERENER

2 EE—EHE PR ERERE

1
True Condition
Total Population
Positive Negative
(M
True Positive False Positive
Positive
Predicted (TP) (FP)
outcome _ False Negative True Negative
Negative
(FN) (TN)

R R (ACC): Y

T

True Positive Rate

—r 50 = - TP
BURLE (Sensitifity ~ EBMHE - Recall):——
=3y ificity -~ BEIf2M= « 1-FPR)—Y
FE[E (Specificity ~ Ef2M=R - 1 EER)'FP+TN
& FEHIE (Precision » *%EEFE):THFP
. 2TP 2XPrecisionxXRecall
F1 score: = — ;
2TP+FN+FP Precision+Recall 0 False Positive Rate , 1



https://zh.wikipedia.org/w/index.php?title=%E9%80%A3%E7%BA%8C%E5%80%BC&action=edit&redlink=1
https://zh.wikipedia.org/wiki/%E9%98%88%E5%80%BC
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BHRESK LR UATETHE  HEHFEEREANRAN  HEBREWNERRE
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ground true predlct
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processing

RolAlign
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Nl SR

lTransfer Learning

conv > gonv

fc
Classification

Predict image
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Saturation

Bl R B M

ENEESREEXEMREE LI APE K2
MEHERRARRBYER FTERMEELE - 8XFEE
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hEEBMNEERSY - EIRH RN —EG N EEEERERS
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H1=cos l[
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¢ _ Max(R,G.B)— Min(R.G, B)

r(R-BXG 13))[
[H1 .B<G
1360 ~H1 B>G

Max(R.G,B)
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255

V=

V(Value) BB E
5B ENER
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SRIBEZRE -
HB[ER0~255

H(Hue)&&R(E

ENSEER
FHEE - M3
EEEBH T HIE
A AR BHRE
m&EE0~360/E

AE -

RGBEIHSVZ VISR AT

S (Saturation)
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8 Coral dev board (Edge TPU)

m Raspberry Pi 3 + Intel Neural Compute Stick 2
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wvan, R. (Dr). (2017). Radiation Therapy for oral cavity cancers [conference], Retrieved August 29, 2017 from:
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1. FARCNNEBMRAIRM - BEERECRITKESEELENSRBVE EMWFIHE -

2. BNEEBEENZERIE - WEIEMMETEEABRRIEER D REFIRERE -

Multiple hidden layers
process hierarchical features

Input layer
< a A N\
X -\l N5l ~
R OSRRAIRL O]
X 5L WRREET 2T o
L X X e, 3 X

W
X VANE

R
SR O
IR~ KR

VRN 005 N
NGO

- "”’““' LN
) \ ) ‘ \
Positive Identify /// \\\ /// \\\ Identify ° = - °
pixel value C(:)Tfl:antaut:::s % oe “‘/ //
‘E / ”/
\\_. Identify Identify combi-na Identify § 04 / /"
edges ~> tionsofedges > features —/ 2 / F

[ 02 [ 4 AUC=0.78
S |7
J ] 0.0 L” ~— CNN:curve (area = 0.782)
i . . E 00 02 04 06 08 10

False Positive Rate

CNNEH BN 2RIl Wl FY IR TEAR B Y 2 AR 2R 1B B AR R PR e AR B AV RUR FT A

Abbreviation: AUC: The Area Under the receiver operating Characteristic curve.







!Pectoral







01

AR B & SR




[BIR 2R

i mmWave

S | ' Production Radar

& N
- 9 JJ & B
FER T - Hidng |
« AR Glass o0
« mmWave Radar E—
« Object Recognition
MEEME :

- ARERIR%

ERBIR . - ENIERRR

o« MimE EAR
- BEEMFIER

- #EBRERES .E| @gﬁﬁ ;

o 3EF




ARIRIEE T8

=
o
&
R
4
&




THANKS

cslin@nkust edu.tw

MEE



