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&8 1: FEZF3 (Deep learning)

Prof. Ir. Ts. Dr. Shahrel Azmin Sundi
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FH2: RARXNEHR (Embedded System)

Associate Prof. Dr. Syed Sahal Nazli Alhady
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8 3: FERNBAEAR (Aerial robotics)

Dr. Ho Hann Woei
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Professor Farzad Ismail
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8 5: IEHENEBAREAR (Swarm Robotics)

Dr. Wan Amir Fuad Wajdi Othman
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& 6: BAUFEI (Reinforcement Learning)

Dr. Zhou Ye
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1HHi% LRIED =

ﬁuﬁm AI’H 8 ‘ The perceptron Iea;llgg,ﬂw —=F

wilp +1) = wi(p), H%_ {(p) - eC Y
7where p=123.. <
— &) 15 the \earmng rate, a pOSIIIVe constant less than unity.
* The perceptron learning rule was first proposed by Rosenblatt in
1960. Using this rule, we can derive the perceptron training
algorithm for classification tasks

Introduction to Artificial Neural Network (ANN)

+ Data Collection
« Training
« Validation
+ Testing
« What happen during training?
~ This is the learning process. Learning from input data by adjusting the weights so that
learning error obtained is minimum (near to zero)
What we have learnt in this lecture will be used during this period, i.e., initialization, input
training data, activation function for each neuron in hidden and autput layers, weight
training, iterate until convergence:
— Terms used in training an MLP:

(a) AND (x, ;) (B) OR (xy wx2) () Exclusive-OR-
(x) ®xp)

A perceptron can learn the operations AND and OR, but not Exclusive-OR.

)29909999999990
) 9999999999990

Artificial Neural Networks iB&E /&

SRIOFEEEFHNEXTHSRFINE, $RREFIMEMEXRIEGR, BRERANBHE 7 HEMEEIN, 8
TEEMFS) ERMETT, iR, WRENMERZIHSEHEME, XTHE5)4%, REEFFAMEHE w SRUELR b (REE,
XEFRE w —fRIEEE-0.5~ 0.5 XIeEF. Rk, BAEENNED, THREREE, —ESERESEALE
lgaX, REERHE, XERGREEVMMIRTIIMET, ALMEINER. MTXER, HLHDPAKESE2UT
BRY, EARX—FHI— P IEREMREF IHEMEXSERRRR, FIRMENZ CNN, B2 ANN 71 CNN BX
RtRBL, EREREEEARSIR, BRREEEMAEINIEE)IGXED, MESBIXERD, MEREREL
R, AEREEXERERERSFIMER, NENRtbERDHIRE. —HREF



Embedded Systems

Introduction to Embedded Microprocessor
ystern

Introduction to Embedded Microprocessor
System

Refer

rences: References:
1. Infroduction to Embedded Systems - shibu k v, Mc Graw Hill 1. Infroduction fo Embedded Systems - shibu k v, Mc Graw Hill
Education. Education

iueation.
2 Embedded chopmc%m Real World, Stuart R. Ball,
Butterworih-Helnemann,

Other references o
Embedded Microprocessor Systerms: Stuart Ball,

m: Real Time Interfacing,
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Embedded Systems i & &

REREFHANNE T ERFFE ORI LTS ERERBF/IEB RS, BHMNEYE (4) RESG—HRA

MRS, NSERITENNR, SE—RBRARRRSIN, HAETERIIREIEE. SRS, e

M7, AR ERIARMRAIMARRS. MARNRRCEE IZHNA, RAREEFNSLERE. B

FNR, FHEANERTRAXNRFONBERN. SR, 7. Tl UEEE. E (55) LE. b

B4t EHRE. NAEFAENAFAES. BS-R%-mm, F=HBoXRTRAoEaIHi)ER T RFERR

it e, 28, FRIEN, EHIEsa0EE, MARL, 8051 7F18255 M3IME, NEFEAIFEK, ROM LIRSS

BIEEHRIRER. AEHERNR. BFinHE, BRIERXTRARNHRS, SAZDEX. —2E%



Swarm robotics
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Dijkstra’s Shortest N . = Search Applications
Path Algorithm 2l I \ — 1. The vehicle routing problem

Swarm robotics iR E /G

£S5 RAY Dr. Wan ZIFHIREF, tEREHRIINBTHRANESR, F£LTT 10-70 FHHMRHMESZE T HIE
HEUGECIREIRINAEA , [REX T The Writer Automaton 1 Automatons, human-like figures run by hidden
mechanisms, XILFBERARZIRFRYBARNRFEHRBERESREN, MEARENIHMEMNE 7 XM B
WA RIS AT A ANERENE, FEEIMNH TS A SRR ARRREL R, N8 TR
W -1TARE, RS ASENRIEE TERNN TR, ZEE T RBSAIaERIRIERG R
TRREHAEREXMES. 1SAURESRE, SEFA BRI MR T E R T RE R BB — LR E SRS MA
R, BEEEIH—MERMMIMESESR, Z2BTRESRSIIER, MURREMNNAFRNRERFZHIT

ZURIRAER A BERRIPEAINIINEE. — BRI



Aerial robotics

Speaker o Content

Quadrotor Dynamic Model = Current Trend of Research
oo xPyPzh Newton-Euler Equations N
AQE = pb, +qb, +7b, Autonomous Navigation & Obstacle Avoidance

Recall Newton’s Second Law: * Solutions: g Onboard Systems
F=ma + Multiple Cameras + binocular Vision (stereo system|

In OV xRz
m

[ o 0
i=| 0 |+a2
—mg (Fi+E+m+a] W

Aerial robotics iR E

SRE usm iRENRE—X, BIARMINBTEXRTSHIRANSE_HS, ITRE, EXSREE, 2
REABINT SRR, FizA=EUIRERS AR T EMER T ShEAN CT84. B
iR T ARIEHER, RIETTA= PR ARER THIA WT/RE, BT 2D iR TR ANAHEEIE
R, HTHT=PRANACTHRASH. BIMHRE T HRITANEIREIHE. Gps EURFETANL
AORETRNIFR, EARAGEIEINEE, BB, TANBIMERS, SUSRNISEEH. WENERTRRSGE,
DIRIRE T HRIRIARES, NAINBRARCSEMHRSANBRINEM, it S 2k B ESnFnEE
A9REN]. ECEHEMARRTHEEEM, IMERAETSE. SKENIXMRERILERT, & 10 REFEIHT

BT ARGUERIATR, MUK THERRNIR, BithaE T HEEETERISN. —E=RF



Reinforcement Learning

Markov Decision Processes (MDPs)

Introduction to Robotics
Reinforcement Learning

Dr. ZHOU Ye Defined by
Senior Lecturer/Assistant Professor « 5 € § is a set of states £ S X AX S [0,1]
School of Aerospace Engineering, Universiti Sains Malaysia
¥ * a € Aisaset of action
Email: zhou , elizabeth.ye.zhou
* One-step dynamics of the environment

Transition model / Transition probabilities

Reinforcement Learning in Robotics

= Examples
* Large spaces / Continuous spaces

* Supervised learning

* Function approximatars
* Neural Networks.
* Radial Basis functions
* Polynomials
* Kernel machines

+ Splines

Reinforcement Learning iR E /&5

EXTREARIRARAINE T BUFINEFXENR (Reinforcement Learning), it HEEX. EHE—KAGEES, FH
REBNATRUFINEAESHITIE, LR Markov IRERITIES. AERBEESTSANTRAREZBmIESMF, B
ENREFEABENF I HBR agent, environment ZHMIMI4N TR, B Policy, Reward function, Value function #1
Model, LIRBXREHXFINEITE. HPSROKRLMEEHERXSAFRiBTiA(Monte Carlo Methods)iy, &
HREBI RN, FRAVIMIFBHSRAY. ELIRRTTEHREIFEEL.

ESE—RRFED, FHREENME TRUFIENRAPRINA, BEER, UNRECEImEIGRI—LHiE. 8BTS
—RIEAESHING, FRIRETESHE—LEANEEZANS, 83T7TESHTEANEBNHFRFSE. BEEH
REEER T ARG FRBEIIEE S AL, HEREFEENEE.

EXEEAARRNZEIF, FANFEIZTEAEINGXRINR, FHEDEEIH, HRNRRBETTEEINR T HXX TE
ERVEME. FENEZIETEARNRFESEERSARM, ESRNFANRERS, RBERFXM-EARNSE, ¥
JUTBSMRUNERE AR EMMUITIERIA LRGN, REECHNFAEDTIKFE., —FRF
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