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ANNS fi%a3andoudnizu

- Natural Intelligent System
- Machine Learning Algorithms
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Inssadraves Neuron luanesuyud

Dendrites : Accept Inputs

@ <4—— Soma : Process the Inputs

Axon : Turn the Processed

Inputs into Outputs

Synapses : Electrochemical

Contact Between Neurons




Neurons luauesuyd

m Dendrites fe dauiismhiisudeya (Accept Inputs)
m Soma fio duiilszainanadeyaiiiesdu (Process inputs)
m Axon fio duduasdeyait Idszuaitieaduumadnii
ADINT
(Turn the processed input into outputs)
B Synapses fe idudszamiimihiiseusoiions foas iy
Neurons aulussuyeauos
(Electrochemical contact between neurons)

Tassadwwves Artificial Neuron 1y ANNS

Transfer
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Kenji Character Recognizer

translate Japanese handwritten to English
2500 Characters with 92 % reliability

Nestor Learning System(RSE)
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Broom Balancer with Vision Feedback

BROOM BALANCER WITH VISION FEEDBACK
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mseanuuu Artificial Neural
Networks
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uaz Layer gawes o Output Layer #wu Layer degassnarsidon
Hidden Layer owii 1 viownnnii 1 Layer fld siuau Neurons lu
Input Layer sznuswau Inputs (X) wazdswan Neurons lu
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Hidden Layer

Input Layer (can be more than 1 layer)

Output layer

sinuvvesmsiwenlassznang Neuron

Fully Connected

— Neurons uaazaalu Layer # 1 wiyousonu Neurons yasalu Layer 2
Partially Connected

— Neurons usazdalu Layer i 1 ieudosu Neurons wdalu Layer i 2wy
Feed Forward
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(a) A totally connected network (b) A 3 layer network with total
connection between layers

(c) A network of mixed conectivity

nszuaumsien (Learning) wes
Artificial Neural Networks

Unsupervised Vs. Supervised

Unsupervised Learning

® luszuumsiseuduun Unsupervised Hidden
Neurons azisudueslas lideinsanusisiaoainnigusn

lidealidegramaansineld Neurons laizeus nszuiums
9 . -
Feuiuuvilisona Learning by Doing




Supervised Learning
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ussuumsiseudFadesmsnzsvden Fenglunnummeiife yadeya
#neusu (Training Data Set) Neurons 1u Hidden
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Funldsnedanilan Reinforcement Learning
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Perceptorn

Perceptron = A Learning machine

(A Single node having 2 inputs)

Learning | Synaptic Sgn Corection
Rate weights | Inputs Function Factor | Corrections
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y(© = sgn 2 [x (1) w(0)]-O
a

sgn function = +1 if argument > &

-.496

< Activation

= -1 if argument < 0
w(t+1) = w(D+N[2(D)-y(O] x(1)
Awi <— Delta Rule




Initial

o =(0.5%0+0.2%0)-1=-1

y(1)=sgn(-1)=-1
AWi=0.1(-1+1)*Xi(1) = 0

The structure and behavior of a perceptron
are detailed here, with the perceptron as a
single node having two inputs. It is trained
to distinguish a pair of high inputs from a
pair of low inputs. However. It would not

be able to distinguish mixed pairs

u=(0.5%1+0.2%1)-1=-0.3

¥(2)=sgn(-0.3)=-1
AWi=0.1(1+1)*Xi(2)=0.2*Xi(2)

areenamslys Artificial Neural
Network lumsdszanam

Relative Humidity (%)
40-70

0.65
0.75
0.80
0.85

0.60
0.70
0.75

0.80

0.50
0.60
0.65
0.70

0.45
0.55
0.60
0.60




m X1 = In (Fetch)
mX2 = Wlnd Run (km/day) Taasmual# X2

ﬂf’)ﬂ1§]ﬂﬂ<‘lﬂﬁ]1ﬂ‘lﬁﬂ “]K‘ISJﬂH‘VHﬂ’U 175, 300, 562.5 uag 700

km/day
m X3 = Relative Humidity (20) lastmual#

A = U R AV o =
X3 A9 YANINANYUBINAUNIND 40, 55 HaZ 70% a3 VeY

Wanduanuduiussznig Kp uaz X1, X2, X3'1aasil

mKp =f (X1, X2,X3)

monaunsisKp = f (X1, Xz, X3)
mly X1, X2, X3 Ao Inputs
mKp as  Output
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WANIIIAIICNUTITUNITDADDYUDN Kp

W%y Kp Mean Square

Error

Multiple 3 0.00069
Kp=0.4827+0.0243X,

Regression
-0.0004X,+0.0045X,

Indicator " 0.00055
Kp=0.5944+0.0243X,

-0.0583X,-0.1333X,
-0.2083X,+0.0813X
+0.1344X,

Regression Techniques
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(391785, 2543)
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(1 Neuron) (4 Neurons in Each Layer) (1 Neuron)
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Functions

— =1
. :

f(x)=1/(1+exp(-x))

£

f(x)=sin(x)

Logistic(Sigmoid Logistic)

f(x)=(2/(1+exp(-x)))-1

Linear

Symmetric Logistic

Sub Fire ANN-IRT (X(), Kp())

Dim 1 as double
Static Y2(4) as double
Static Y3(4) as double

"X(1)isx1
"X(2)isx2
'X(3)isx3
"Kp(1)is Kp

ir(X(ijy< 0) then X(1)= 0
if (X(1)> 6.9) then X(1) = 6.9
X(1)= 2*X(1)/6.9 -1

if (X(2)< 175) then X(2) = 175
if (X(2)> 700) then X(2) = 700

X(2)=2*(X(2)- 175)/525-1

if (X(3)< 40) then X(3) = 40
if (X(3)= 70) then X(3) = 70
X(3)= 2*(X(3)- 40)/30-1

1= 1.14147
[=1+X(1)* 1.328911
[=1+X(2)* 4655749
I=1+X(3)* .5334326
Y2(1)=1/(1 + exp(-I))

= 3858289

I=1+X(1)* -3.603253E-03
I=1+X(2)* .6842717
I=1+X(3) * -.2884592
Y2(2)=1/(1 + exp(-I))

1=-.6956364
I=1+X(1)* .1388554
I=1+X(2)* -.699429
I=T+X(3)* 3695032
Y2(3)=1/(1 + exp(-I))

[= .6017398

[=1+X(1)* 9828456
[=1+X(2)*-.1793359
[=1+X(3)*-2751269
Y2(4)=1/(1 + exp(-1))

[ =-.4723979
[=1+Y2(1)* 1.16036
[=1+Y2(2)* -2.07593
I=1+Y2(3)* 1461054
I[=1+Y2(4)* 2014299
Y3(1)=1/(1+exp(-1))

I =-3.154097E-02
[=1+Y2(1)* 3.641962E-02
=1+ Y2(2)* -9.839328E-02
I=1+Y2(3)* .1360031
=1+ Y2(4) * -3.594841E-02
Y3(2)=1/(1 +exp(-))

1= 2317155
I=1+Y2(1)*-1.157141
[=1+Y2(2)* 1.732874
T=1+Y2(3)* -1.300422
I=1+Y2(4)* -.6180215
Y3(3)=1/(1 + exp(-1))

ANNS

Mathematical
Model




ANNS Paper#i

Deriving A General Operating Policy for Reservoirs Using ANNs

by H.Raman and V. Chandramouli(ASCE Wat.Res.PInng.&Mngt. Vol.i22

Research Methodology
(1) Calculate Daily Dt

(2) Run DP at 2 week interval for 20 years of

historical data to determine the optimal
release(min.SSD). Using 10,5,3 and 2mcm.

Discretization levels.

DP Algorithm

= St+1It-Et-Rt

ft (St) ft+1 (St+1)

ltl l

It Et Rt It+1 Et+1 Rt+1

= Decision Variable
State Variable




Dynamic Programming Model

DP Objective Function

T
Z=§‘, (D, — R)? I

where T = number of fortnights; R, = release during time pe-
riod r; and D, = irrigation demand during time period r. The
recursive equatton for any time period ¢ is

f?(s.') = min{Z, + f:’:ll(sr + I, — R)] (2)
Subject to
0.0 =R, = Rinu

R =S8 +1 ~E
R=S§+1—-K-E
'S,m,,ﬂs,ﬁs,m

El =f(Sn St—ls el)

(3) Develop operating policy by
(3.1) Multiple Regression Model
Rt=a*St+b*Ilt+c*Dt+d

(.2) ANNs (Do) o

T+ ey

Hidden Output
Layer




(3) Standard Operating
Policy(SOP)

St +1t

Emptying  Filling Spilling

4) Compare the performance of

derived policy DPR, DPN, SOP
and SDP by simulating the
reservoir operations for 3 years

period and using SSD
performance index as indicator




Sum of Fortnightly Squared Deficit and Total Spill
for Three Years of Historical Data

DPR Modsl DPN Modal SDP Model

Discretization] Total | Total | Tota! | Total | Total [ Total
step squared | spill |squared| spill. { squared | spll | SOP
(Mm®) deficit {(Mm?)} deficit |(Mm®)}| deficit {(Mm®)] maodel
(1) @ |G| @ (@& & | @O ®
i 6,086.56| 28.05 | 5,953.81| 13.72 |11,7079 | — [16,61698

5919.75] 2529 |5,62643F 0.0 | 7.259.76

5,869.66 | 20.79 | 5,700.09] 100 | 8,381.52
587516 22,88 | 5,586.59( 0.52 | 8.847.36

ANNSs Paper #2

Multireservoir Modeling with

Dynamic Programming and ANN
by V.Chandramouli and H.Ramman.

Reservoir 5

> > Spill

Reservoir 7

/

Reservoir 8

N > Ry
e '

3-Reservoir System in Parambikulam Aliyar Project




T
minimize Z = Z (D, — Rt + (Dy, — Ry (2)
£=1

where T = number of 2-week periods (here T = 24 since year-
by-year optimization is considered for the three-reservoir op-
eration model): Ry, and Ry, = release during time period ¢ from
Reservoirs 7 and 8, respectively; and D5, and Dy, =.irrigation
demand during lime period ¢t in Reservoirs 7 and 8, respec-
tively.

The recursive equation for the three-reservoir problem for
a given time period ¢ is

f:'(SSn STn Sﬂf) = l“inin]ize [ZJ + f:‘:ll(sir-l-lo S'Iri-_lv Sﬁl+l)]

K, Ay b,
0.0 = Ry, = Ryme: Rs = Sy + Is, — Es,
Ry, = S + Iy, — Eg, = ks Ssrin = S50 = Ssiman
Es = f(Ss0 Ssies €5y 0.0 = Ry, = Ry
Ry = Sy + I, — E,, + 0.25R,,

Ry =8, + L, — E; — k + 0.25R,,
STrmiu = S?l = S'Hlm\x; E'Jr =f(S'.'n S?l—h e‘h)

00 = Rar . Rsmxax; RSr = SH: + [Sl - EB! + O75Rﬁ1
Re = Sg + Iy, — Ee, — Ay + 0.75R,,
SB.'min = SS: = Smmzx; ESl =f(SEn SBlulv eBi)

Multiple Linear
Regression(DPR3)Model

Rs,=a,8 + ayls, + a5y + ady + aDy + Aedy T ady + aglk,

R?r = blsjr + blijr + b:!S‘h + bqfn + bSD’h + bGSBI + b?lﬂr + bBDEr

Rg, = C|Ss, + C‘;Jﬁ, + C],S',l, + C4I'H + ("5[)71' + C(,Sﬂ, '*' (.‘7[’5_. + C}J)g,




Neural Network (DPN3) Model

Performance of DPN3 and DPR3

Reservoir Node  Objective Function Value

for 19 Years of Data
DPN3 DPR3

201933.1 240399.9
13070.7 16372.6
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Deriving A General Operating Policy for Reservoirs Using ANNs
by H.Raman and V. Chandramouli

(ASCE Wat.Res.PInng.&Mngt. Vol.122)

Research Methodology
(1) Calculate Daily Dt

(2) Run DP at 2 week interval for 20 years of
historical data to determine the optimal release
(min.SSD). Using 10, 5, 3 and 2 mcm. Discretization
levels.

B P M —

St+1 = St + It - Et - Rt

ft(St) ft+1(St+1)

It Et Rt  Ii+1 Et+1 R+t

Rt = Decision Variable
St = State Variable




namic Prog

DP Objective Function

r
Z, = > (D, — R)? 1)

=l

where 7 = number of fortnights;
R, = release during time period ¢;
and D, = irrigation demand during time period r.
The recursive equation for any time period 1 is
SIS) = min[Z, + fI5(S. + I, — RD] (2)

Subject to
00 =R, = R

R, =8,+1I — E,
R,=85S,+1I — K — E,
'Smuﬁscﬁsm

El' =f(Sr! S—19 el)

%evelop operatin%

(3.1) Multiple Regression Model
Rt=a*St+b*It+c*Dt+d
(3.2) ANNs vt (S ma) =i

Initial
Storage

Optimal

Release
Inflow

Demand

Input
Layer

Hidden Output
Layer Layer




P————

(4)Standard Operating Policy(SOP)

Rt

Dt

St +It

Emptying Filling

Spilling

P—————

(5) Compare the performance of
derived policy DPR, DPN, SOP
and SDP by simulating the
reservoir operations for 3 years

period and using SSD

performance index as indicator




| =

for Three Years of Historical Data

I Sum of Fortnightly Squared Deficit and Total Spill

DPR Model | DPN Model | SDP Modsl
Discretization| Total [ Total | Tota! [ Total | Total | Total
step  |squared| spill [squared| spill. | squared | spll | SOP
(Mm?)} | deficit {(Mm")} deficit |(Mm®)[ deficit {(Mm®)| model
(1) @ | @) @ &) ® [O 6
i0 6,086.56 | 28.05 | 5,953.81| 13.72 |11,7079 | — [16,616.98
S [591975]25.29 |5,62643) 00 | 725976] — | —
3 5869.66| 20.79 [ 5,700.09] 100 | 8,381.52] — e
2 3875.16| 22.88 [5,586.59( 052 884736 — | —

%s Paper #2 §

Multireservoir Modeling with Dynamic
Programming and ANN

by V.Chandramouli and H.Ramman.

Reservoir 5

\
/

> Spill

o
N4

Reservoir 7

/

Reservoir 8
/

3-Reservoir System in Parambikulam Aliyar Project

¥ Y

> Ry

Yy

> Ry,




DP Model

minimize Z = >, (D, — Rs)* + (Ds, — RedD (2)
=21

where T = number of 2-week periods (here 7' = 24 since year-
by-year optlimization is considered for the thfee-reservoir op-
eration model); R, and R, = release during time period ¢ from
Reservoirs 7 and 8, respectively; and D5, and Dy, =.irrigation
demand during time period r in Reservoirs 7 and 8, respec-
tively.

The recursive equation for the three-reservoir problem for
a given time period ¢ is

f:}(S‘Sn ‘g?n Sth) = ]11iﬂil1]ize [Z: + :||vll(sz+l' S'}'rivrlv Sﬁr+!)]
HNapr Ryr Mao

0.0 = Rsi = Ruraxy Rse =S5, + Is, — Es,
Ry, = S5, + Iy, — Esp = kst Ssiaun = S5 = Ssimax
Es, = f(Ss Ssimas €55 0.0 = Ry = Ryrnax
R;,, = S, + L, — E;, + 0.25R,,

}eTf = S'?r —+- !?1 - ET: - k'} =t 0‘25R5,
ST: nin = S?r = S?{nmx; E'J': Ij-(s'}n S?f—l- (37:)

0.0 = Rg = Ramasi Rg, =t Sy, + Iy, — Ey + 0.75Rs,
Re = So, + Iy, — Eg, — ky + 0.75R,,
SS.‘ min = SS] = SSr maxs ES: =f(SSn SBr—lv eBl)

Multiple Linear
Regression(DPR3)Model

Ry=a,8y + alg + oSy + auly + asDy, + Sy T Oily, + agDy,  (6)
R?r = bISSr + blfjr + bJS‘h T ban + bSDTl + bﬁsﬁt + b?Iﬂr + bBDEr (7)

Ry = 0\8q + ealo + 035y + el + o5Dy + Cody T Coly, + €Dy, t)




!!%eural Network (DPN3) Model

Input Hidden QOutput
Layer Layer Layer

P ————

Performance of DPN3 and DPR3

Reservoir Node  Objective Function Value

for 19 Years of Data
DPN3 DPR3

201933.1 240399.9
13070.7 16372.6




Artificial Neural Networks
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gailllugaraniunes  lasnligdneeniiwasasfivesinn  luge
Aanwasiinenmslui g iedumneganning  dmsuaugulnsianadeninenns

v e to @ o o o Y P2y ya Yo a '
wailiduGassssne wadmsuaunGauaunvaeludy Wamlaguladinenmslna

1 anaganwaBEe anazanenn viaanasanhlaifivszlaninus uaudazde

k4
= A

Gasnaennazyaialuransatuiugmalil @p Artificial Neural Networks

2.

(ANNs) unauulaidummlngh “ssuvdszamiszivg” Wequaiutang  ANNs la
Tiwaslunazlslugati2zo00 uddsdanlniinndmiudideudaioGaumidadlingld
dulasyads delufimssaulunminends Sildhiile 7 Tiudil Professor MeirnTsu
%#aUsemu N Colorado State University aw%’gam%mlsﬁmmL?izmﬂmﬁmﬂisumam{
wn. wazlaussengitauliannsdluaazfadisntumsinie Expert System anlalusn
emmuImnssngalsemuuazlanands ANNs  giisulalusinileeis 38071 ANNs
thhaula wdsdnhemnnuaziufamdunhazionnldnuldaie vsznaudulidesldgua
Tunmsgalssmuthusweiadasidelilddooy  aunsznadi ailldamunanaly
Journal of Irrigation and Drainage Engineering 284 ASCE wuﬂﬁqmmm ANNs i lalums
Interpolate @ FAO Blaney-Criddle b Factor 2a4dNM3 Potential Evapotranspiration
(Trajkovic et al. 2000) Faldnamnds ANNs wwuiailade fidsusaianumnndien
fu ANNs annzu Selad@nmauahlasmamndoyaan ntemet uazqefuauiinafiamug
maguil Fedeh ANNs thasfivsslemidemsdnmuasifamednidmnssusatssmuy
warliennaghaiidalinauusn Seeennwsunianudidosdudoiu ANNs Tiwaninam
gansld3anld TasmwizidaSayaninmminimnssugatssmumaiiay fifasasEy

MINeNIWUS

SANFNENNTE  MAITIFINTTNTIUTEIU ANLIAINTTNAIFAT NININENFULNBATAFNS INELYH
MUWILEY 9.uATUFH 73140



Artificial Neural Networks ﬁaa::ls

ANNs tuifluaevilasilyanussivs (Arificial Intelligence, Al) 9
Qﬂﬁwuwﬁum’luqﬂﬂauﬁama% ANNs AB32UUmMsmMInaiaNEeuuuumMsauees
sruvanosnywd lalsslenilumamensuuvamsainndayafifeguu mswennsel
pme mawennsaifuluamandnning wasluiagiuEudimainer ANNs anldlums
Wﬂﬂﬂ‘iiﬁ%ﬂﬂﬁﬁu@’lﬂ%ﬂm (Mason et al. 1996, Fernando and Jayawardena 1988) uUanann
Hlatmswann ANNs TuldUssTamlluananay 9 snang W Tmage Processing U8
Pattern Recognition =~ ANNs ﬁ%m’%‘anﬁ'uﬁmﬁu Machine Learning Algorithms, Natural

Intelligent System

Neurons Tuanaaaue
s & @ 2 g ' ¢ P
2NAUIENBUNUTIUYBNENDINYBEIAD Neurons Z9nNABNINITRTUIEEIND
o v A o a o Y PR v Yo o Ao
mwhilumsaedr de henwg westssaunmsaintuiinluasvesnlddedulaludie
U5z w@ae Neurons 81939843 NANU Neurons 8U ) ¥INHI 200,000 Neurons Wa3
ANBIINYBEAAIN  Neurons  IMNIUINNMNEY  UATITETUUMITDNFDUUUTULD UV BN
Neurons 31IUMNAWAYE Neurons 489NYugmNnanIzUszamIngn (Neuroscience) Az
] < 1 [ d' 1 1 = A o [ dy
wueaanttly 4 du egUN 1 uaasdruiieizumsinauasil

' o v

Dendrites Ae  dunimhnTudaya (Accept Inputs)
Soma Ap  dunlssananadayailaanu (Process inputs)
= v ] v A v .:‘1” v < [ s v
Axon 110 mm’lLL‘IJaQ“ZlagaﬂlmﬂszmamawmﬂuNaa‘WﬁVlGlaﬂm‘s
(Turn the processed input into outputs)
& v A o v oA oA 2 o .:4'
Synapses A wWudssamnmmhnidaneatinam3dad13nU Neurons DU

Tuszuuanes (Electrochemical contact between neurons)

Tuszuudszamuasanaanysd Dendrites HWiNNTUTDYINNUNEITN 7|
v | v Vv -491 v L 3 v J <
uadlv Soma Ussaianadayailioady ¥aIINUN Axon Aswlasdayarn 9 (Wuwe
AWSUAY Synapses AENNAGWSIV Neurons BULNDTIENUSTNNAINSIUFANY ANNARN
v o o o v a A ¢ v v o]
uarmsinuzasszuulszamlusnaanyedinnududouiunhiivyedazenlale @
AENIMNLE AT ULNELNIANNAANEINUMTINNULEY Neurons aehede 9 Nazthanlglu
MSWAIN Artificial Neural Networks #4aznaniislumdana b



X1

Xz

Xa

Xi

Xn

Dendrites : Accept Inputs

Soma : Process the Inputs

Axon : Turn the Processed

Inputs into Outputs

/)S\QR‘\< Synapses : Electrochemical

Contact Between Neurons

5UM 1 TA398519284 Neuron “luamawgm‘i'

W,
\SVN
W;

Transfer

/)
N\ > Y = (1)
Wi

Output Path

%

Processing Element

Inputs(X,)  Weights(W,)

5UN 2 1A39a519204 Artificial Neuron 114 ANNs



Artificial Neurons
Artificial Neurons AavinaNugIuaay ANNs Z931889msinaunasienzu
19 4 Ty Neurons wavanaenywe agalsheun Artificial Neurons Hlaseasramsinanui

980N Neurons luanasuyudinn UM 2 uaaslasaasmsinanuead 1 Neuron

o8 Weight W, Wy, W, 0NEIAU  Artificial Neurons 2:11803aVN n M5INAY
#FENTN Activation npufiazulas (Transfer) Aayatilumaansuaranly Neurons 68U

i lUdszananalusnvazidamnuiaauaanstiugarng

B IUseaIanaLlaiuuey Artificial Neurons 108m3tidayaenuasn

3INY (Activation) FaINTauaalugUuasnsmeauIn (Summation) GRFNMT
I = DW.X e, (1)

Wa9NTY Artificial Neurons azUaamKauIn %38 Activation (1) iy
uaaws (Y) lagldwsdrunadamansiligeenndudounnin wu Logistic, Linear,

Hyperbolic Tangent, Sine 38 Gaussian (Judu

Y = F(D) e—— (2)

nanzu (1) @8 Transfer Function %38 Response Function
YUFAYNY Artificial Neurons TUEIUNNAAKSAWS (Output Layer) awi) Y
#lean Neurons 619 9 andszanalunaawstugare (Z) luhuaadeniu Neurons 6
U4 AB NI Weight  MIWIHAUIN (Summation) waziad@) (Transfer)

NI13aanNtuUy  Artificial Neural Networks

d' | v 4 4

11588NUULY ANNS Lﬂu%”'umaquqmmtazwuwau WAZABIABINADBIYN

(Trial & Error) Waaumsnauiazld ANNs figeams Junaumsasniuy ANNs Waay
asunalasail

¢ M%uUA Neurons luu@az Layer lagmwvualyd Layer wsn@e Input

Layer Wt8% Layer EjGWgﬁEl k) Output Layer a1 Layer ﬁagjmmaw



Input Layer

Ui

=4
N

(38n1 Hidden Layer 01ail 1 30300 1 Layer fld daguil 3
12U Neurons 14 Input Layer 2tnAUSIUIY Inputs (X) waeiuiu
Neurons 11 Output Layer NAVIIUIU Outputs (Z) Neurons Tu
Hidden Layers @@ Neurons fivhwihitlumsussananatayaiiiaua

Inputs (lu Outputs

Mruams@enles (Connection) 3¥%WIN Neurons Z9BEHAN Layers

a2 Neurons U Layer LAY

d0U Network 138U (Learn) ANNFNWUSITUINTDYAUAZHAANST
GENMS  LWBEFNAY Connection Weight (W) Ninanzan lagldyads

Qaﬁlﬁiﬁlﬂ’h Training Data Set

Z

Zn

Hidden Layer
(can be more than 1 layer)

Output layer

3 sUuuunsidanlesyaq Artificial Neurons 114 ANNs



gﬂtm‘ummmsv‘fmu‘[mswdw Neuron

Neurons UARzAIEADNU  Neurons GIDUMNITUUMIBONADNTINYY
Output 2849 Neurons #3I%793st¥1 Input 289 Neurons @Idudall msandaaaiuuwuy

WanmaLie (Unidirectional) ¥3auUULEBN 2 9 (Two-way connection) 1 b&)

Neurons W Layer wilsanadanlesviseludanlesiy Neurons fadulu
Layer (@gnnuAle we Neurons 14 Layer #ilNazeaaanleant Neurons 8ehaiiag 1 62

Tu Layer dutaue

ﬂ‘]iL%ElNIEN’Zlm Neurons 3% Layer %ﬂﬁﬂﬂ’j’l Inter-Layer Connections
sansautaduuuus 9 ldeadd
4 Fully Connected
Neurons WHazaly Layer ‘171 1 %L%'EINGI'E]ﬁJU Neurons nﬂé'fﬂu Layer ﬁ 2
4 Partially Connected
Neurons WAzl Layer ﬁ 1 L%'awiaﬁu Neurons UMY Layer ‘ﬁ 2
whiiy
4 Feed Forward
Neurons 114 Layer ﬁ 1 & Output 14 Neurons Tu Layer ﬁ 2 unazlile
SU Feedback a0 Neurons 11 Layer ‘171 2
4 Bi-directional
Output 7N Neurons Tu Layer ﬁ 2 ngﬂé?'Qﬂﬁumﬂu Input 28N

Neurons Tu Layer n1

Tulas9a519289 ANNs NdUZausn 9 Neurons asdimsianleanuiadly

Layer t@gnnu #u3an71 Intra-Layer Connection @4azlajzananialuiiil
N32UIUNIII8U; (Learning) 24 Artificial Neural Networks

Artificial Neurons sansadauildidudenfuanasyud daiunsauie
(380 ANNs 71 Machine Learning Algorithm  Neurons L%Eluéiﬂﬂﬂ’l’iﬂ%’uﬁ’l Connection
Weight tiialilduasnsiifienuamaiadau (Eror) Vosiign mawmasmsidonlasszning
Neurons azuaoag lugUaada Weight



]

ANuaINTaluMIEeuiEes ANNs Zuagiulasenmsaiingss ANNs #
v ot P .. = 1 ad = v v &
sanuuubiuasiEmslumsiineusy (Training) ZeanansouudismsiSeuseanloily 2
WuuAD
1. Unsupervised Learning
luszuumsi3ausuuy Unsupervised  Hidden Neurons asU5udaadlag
v ' = 1Y Ao ' v 7oA v Y v
laidasnmsanudiemaannmeusn lidasdidiagnamasnsiiald Neurons lai3eus

NILUIUMSITEUFUUUHEEAT) Learning by Doing

2. Supervised Learning

fluszuumadeusfedasmsagheaey fasluenuvaneiids gadaya
Wnausy (Training Data Set) Neurons 14 Hidden Layer azU5u@ Weight NG
(Random) #3anyuIEY (Rotation) MINKALBNMIAIUIMHAANS ssuum‘sf‘”sﬂuﬁll,uuﬁ

2131580 l@ 8N BeNK eI Reinforcement Learning

H
N ala

FEUUMSISEUIUUY Supervised FeflanlddmSunsdindivans Layer wasdl
seuumsi@anleauuy Feed Forward @8 Back Propagation %ﬁﬁatﬂuszuumiﬁﬂuiﬁﬁ
sruumsdedayaimduamnuamaadou  lumsdnnaumaawsnauludiuemmaslums
Faalaeszning Layer tilaiinUszansmwlumsdunameszuy

@2819n1517 Artificial Neural Network 11n15Uszanaua)

ialiideamaudilalunguiues ANNs  Gdagu  azzesndiaghemsld
ANNs  aaenuamawndaulumslsanamdnlssansnniomsssme Kp  ane
anudian amaduduius warssEsennMaiamassvenUY o desauiuiivgnuah
(Upwind Fetch of Low-Growing Vegetation) Iﬂﬂiﬁﬁaga Kp %83 Doorenbos and Pruitt
(1977) am519% 1



o Vv a £ o
MMM 1 dudszansoneIansszive Kp (Doorenbos and Pruitt, 1977)

Wind Run Fetch Relative Humidity (%)
(km/day) (m) < 40 40-70 =70
<175 1 0.55 0.65 0.75
- 10 0.65 0.75 0.85
- 100 0.70 0.80 0.85
- 1,000 0.75 0.85 0.85
175-425 1 0.50 0.60 0.65
- 10 0.60 0.70 0.75
- 100 0.65 0.75 0.80
- 1,000 0.70 0.80 0.80
425-700 1 0.45 0.50 0.60
- 10 0.55 0.60 0.65
- 100 0.60 0.65 0.70
- 1,000 0.65 0.70 0.75
> 700 1 0.40 0.45 0.50
- 10 0.45 0.55 0.60
- 100 0.50 0.60 0.65
- 1,000 0.55 0.60 0.65

a v o v
MNHITNDY 1 ﬂ’]ﬂ’]ﬂuﬂiﬂ

Aasoiauns

Kp

In (Fetch)

Wind Run (km/day) leafmuuald X, Aearqatananezy

FNANINAU 175, 300, 562.5 (e 700 km/day

Relative Humidity (%) Taafvuald X, Aa yanenaigu

FANAINU 40, 55 WaL 70%

s

£ (X5 X5 X5 )

UANNFNWUTIZWIN Kp Uaz X, X, X, 1664

Sbe




TaemlU  azaansom f (X, X, X, ) lalogismadenzvimsnanas
wuuUw¥Aal (Multiple Regression)yll Fufiuiizdndud vialfinaiiamsiensimsan
0RELUUNTIBH (Indicator Regression Techniques) "?hL?Ju'iﬁmiﬁLﬂswﬁmmﬂaamwu
wianugs aansoiensinadiidiulsdasansilildfianiiudon uniludedmia
ngue (Categorical %38 Qualitative Data) o lagmsutasiiulsdass Fafien n 2aeen
(Classes) Hluduwdsdaselvd n-1 a2 AaUiMIAATILVNMIaNaRELUUNANMNUNG
(19175. 2543)

HaMFIANEiIMIAtuEeY Kp lagismsinnzimsannasiuunvan

LATMFIATITHNTOADDLUUUATIAT  LOANNTNWUSAIN TN 2

MINN 2 NAMIIUATIERNFUNMTOADDYBY Kp

% Wadzu Kp R’ Mean Square
Error
Multiple " 0.9496 0.00069
Kp=0.4827+0.0243X,
Regression

-0.0004X,+0.0045X,

Indicator 0.9597 0.00055
Kp = 0.5944+0.0243X,

-0.0583X,-0.1333X,
-0.2083X,+0.0813X,
+0.1344X,

Regression Techniques

(39M)5. 2543)

N
KaMIATERMaNMszas Kp (Predicted Kp) lumsah 2 aziiulen

wallamMIeNimMsannssuuuasiwiilia R* §9nd ey Mean Squared Error (MSE)
MNN FUENALANSILATLVNMTINDRELUUATITHAzsanmAaNNaMaLdau L

maUszanma Kp laananmsialannmsinssimsonnasuuunyamsssue




10

M3Ld Artificial Neural Networks Uszanasan Kp

PVNFUMIN 3 Kp = f (X, Xy X,)
W X,y Xy X, Ao Inputs
Kp Ao Output

AFINI0NLULUU Neurons, Input Layer, Hidden Layers LLtas Output
Layer vl,ﬁléfﬁgﬂﬁ 4

X1 = In(Fetch)

Input Layer 2 Hidden Layers Output Layer
(1 Neuron) (4 Neurons in Each Layer) (1 Neuron)

5UN 4 1A39a59 Artificial Neurons wagn131dalaauad Neurons

Tuuaz Layers dmsunsuseanmad Kp
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NngUN 4 vuald$uy Neurons 11 Input Layer & 3 Neurons ¢

NUIU Input Variables (X,, X,, X,) warl Neurons Tu Output Layer § 1 Neuron §%3U

Kp Fafluafaaamsly ANNs fua uaziviualid 2 Hidden Layers w@ae Layer 3 4

Neurons

FUABUNITINNIY (AIMIN) 28I Neurons T ANNs fiaanuuulilugui

4 granseasuawaludiadlana

(1) Neurons 1 Input Layer udasen X, Tvfidagsening -1 & 1 Tagld
Scaling Function 18l ) 15

X. =2¢( —)-1
I Xmaxi -Xm|ni

Wei=1,2,3

(2) w@ay Neurons 11 Hidden Layer #1 1 ae@MuIs@k@asI8 (Activation)
NENMT

3 '
D N O (5)

W i= 1,2,3 Wwoes j=1, 2, 3, 4, ; ej = bias term 28N Neuron j

usutaelaelyd Transfer Function WUU Logistic (2

wAae Neurons b Hidden Layer 1 2 281Wan13MuIa@ad 4 Neurons b
Hidden Layer 9 1 snénnadluvuaadennu

4
2, = 3 Wy YI)+6, e (1)

/1

Lflaj =1,2,3,4u9ck =1,2,3,4 ek = bias term Y84 Neuron k
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(3) Neuron L Output Layer #3493 1 Neuron 2¢/mMs@IUImINaans Kp

TaglFIsmsmuauuuL®ennu Neurons DY

4
13 = W, Y2, +0 s (9)
&k Tk
Y3 = ;Is ...................... (10)
1+e
Kp = £(Y3) e (11)
£(Y3) azdianvasadeidtulumsulasn x Ju X
Y3'a1
f(Ys) = a (—)-a3 ...................... (12)
o a2

d‘ I~ v a £
B a,, a,, a,, a, PRAFNUILANTYRIENNT

Wa9INBBNUUY ANNs u,ﬁmzztﬁaﬂﬁay‘aquaumﬂmswﬁ 1 uwuugy
(Random) ti\BEINOUTH ANNs MNNIZUIUMSIFTIUFUUY Supervised ulaANNMABIN
waaulumsdszanaen Kp anufisvue  denesnsnlaaa Weight lumsidaulas
Neurons 619 9 Renansarhanlglumsuszanae Kp e Algorithm fisanuuuly

MIBBNUUULIEMINNBUIN ANNs  lagtaniznsiiviug Neurons 5UU
mMaFanleasening Neurons lundas Layer wasmsidenjUuuvwasiedzuen o {u
nIELIUMSING Zeasdesaas 9 nassuluruiunsuaulauaanslumslszanae Kp

ANNADINS

fansinWesrulumsulasmuaanaas Neurons aztluiadzude 9 wans
M Weight Tumsanlealussuuinid Neurons S1nusnn lildGesihe Jesndudas
daulusunsueaniauaasivezialunsaumen Weight NANge
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Ham3ld ANNs fisanuuulilugun 4 wazanuzuasuiinainua asm
14 ANNs ahansauseana Kp laadi Mean Squared Error (AU 0.00507 396nAINNT
Uszanam lagaumsnlaannmsinnzinsonoasuuunssyil

5UN 5 waasnamsussnaa Kp lagldaumsaanasuuunyamiisuiu
ANNs Fasiulanmaslumsussanne Kp 289 ANNs Tugduasa R? ganin35du

Multiple Regression Indicator Regression Technique
L 1
©
0.8 72 5
O _ Ziy
5 R2 = 0.9496 0.8 R™=0.9597
o
g 9o 2 0.6 -
2 2
T 0.4 - g
5 k=] |
& g 04
~
0.2 0.2
O I 0 T T T T
0 0.2 04 06 08 1 0 02 04 06 08 ]
Actual Kp Actual Kp
Artificial Neural Networks
1
0.8 R* = 0.9667
o
-% 0.6
|
2
T 0.4 -
~
0.2 1
0 T T T T

0 0.2 04 06 0.8 1
Actual Kp

sUi 5 wamsSauiisua) Predicted Kp uag@) Actual Kp

Tagaunsannasuwazlasgis ANNs
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Artificial Neural Networks (Humnadialuaifihaula Fesansohanldly
mstszanaen viamanennsaimadmnssusalszny Tesfanuamaindousd udanad
doymgagnnlumswann Algorithm wazmsidsulusunsuiiiodum Weight fitwanzan
peslsionutiagiiuil Commercial Softwares §M3UTILEDONUUULALIATIEW ANNs H9ae

g lvinsld ANNs igeennaganae
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