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H 2¥ 1o ®ef #$EET, P(R/A )7 channel
2] s3] modelo| source o] HEFEx PA4)s}
source °] 3tz modelo|®t. P(A) 2} P(RA)
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P(R |A)=P,(R-S(A))e] A=t

AANA apy, & T3H7] Ao

24nP(RIA) _
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78 a(t)7} gaussian process 2hi= 7HH 3ol o] B
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MAPu}¥ ¢ 2 multiple parameter & 33 & 7<%
o TAL At5o] gaussian o] 2he sHA bl 4 (48)
o] #ato e ¢ °I4 2ol
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£ 196 N7AR AT gl NE e wufdl
M )_5 rf S (z, alE))

A=3,,,

¥ (Z) Q,(Z,u)

K,(1,2) Q,(E,u)

94(2)
(r(u)-SCu, a(x))) dudz (67
& ek o714
Ka<z,z>-7“u, wilt) vi(2) (68)
T o] &8k A6D o] alt)d FAH Y a(t)pep &
F& Aoleh alt)d Sl4d HERHAYLE  wo
o,

#; el 4 #(t)7t white gaussian o] I
= a(t)o] A9 nest wal,

Qu(Z, u)=6(Z-u) (69)
AENA & o] §3td 4672

o] A9t

A T/ (TS A
alt)= jTijT;' Ko(t,Z2) 6 (Z-u) [r{u)~ a(u)) dud:

T/
:XTK,,U, 2) (r(2)-8(2)) dz (70)

4100 & ALY ol v, 4(60)F HEh

£ o
ogonal fen set & o] &3td 4A Fad £+

A A F‘, ry

alt)= 32 i wild) an
ole}, oA7AH #;> 1olzbdd

S(t)zé ri wilt) =r(2) 72

of St 4G 8 dpelt)ot ZEE ¢ F Ask
EZ 47 BT do st e e ZHEvd
% a(t)7} white process Q] A $ollE A (T1)el) 4

a(t) =

o] ek

u
T ) (73)
2.4 RecursiveEstimation 112177 [111201-(23]

Ui © 2 recursive estimation -2 data 7} 4| 7+

o wet A& 4 At AL F Aot 2y 2
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A% 549492 KALMAN Filter & 364 9l

3
N
fw

2

i

o i7Hd-2 source( message )¢ modelling 7}
ikl o] modelling & S440 2 o] Fof FHrh:
Zoloh Yub® o g source model & o2 7}x| 7}
=l (#), AR, MA, ARMA Model
del) KALMAN 2]

XEK+D=&K+1 |K) XK + T(K)W{(K) (14)
e 2 F3t (continuous time A E o}
table el Foiz AW wlzsiel)
del &

YK+ =HE+D X (K+1D) +V(K+1) (75)
2 7Agdgick ol7l4 4(74)+= AR model °ofulch
skl oK+1 |K), T(K) & %‘H&a o2 AF7)
opdel Ko o)z al ol 4(74)2F 4(75) |
tjEhe] table off Fo]31 1743} 7HY & 23 X(K) o
i3t recursive estimation & T3l wy-& 27
gEdE PXIK)| YK & 2w Tabe oy
Hilbert spare 9] orthogonal projection 4 A2 o]
L3te] F& wly o] glgf NI2I0A
Table ¢ 273} 7AY Wol| 4 o] A-$ 5 A 4bs}
U e AzE Fg °“’F"4£i Wiener filter =
Kalman ﬁlter4 Ergt A%k Asld Wiener
filter ¢ # modal o]
statlonary process model 8] 7 $o]7] =f-Fo]

th  table &
screte kalman filter 2]

, nonlinear mo-

7%+ source model =

observation mo-

+= source model 3} &

continuous kalman filter £} di-

4% mojet

Table 1. Continuous Kalman filter
source model ).{(t)=A(t)X(t)+ B(z)W(e)
observation Z{t)=C(t)X(t)+ V(&)
model
initial E(X(0)) =X(0), Var(X(0))
condition = p(0)
other E{W?) V()T
assumption EWV) VT3 = R{t) 5 -7)

E(Wt) Wz)) = Q(t)5(t-17)

E(W() =E[V(e)) =0,
Cov (V {7}, X(0]) = Cov [ W(z),
A X0 =0
X(¢)=Al¢)R(¢)+ K(¢)
A
(Z(¢)-cC(t) X(¢))
error coveriance P(f)=A(t)P(¢)+ P(t) AT¢)
eq. -P(£)CT(¢) R-(¢) C(¢) P(2)
+B(t) Q{¢)BT(¢)
P(t) CT{¢) R7Y(¢)

estsmate eq.

gain eq., K(¢)=

Table 2. Discrete Kalman filter

source model X (K+ 1)=¢(K+1|K)X(K)

+T (K) W(K)
-observation Z(K+1)=H(K+ 1)X(K+1)
model +V(K+1)
initial EX(0))=% (0), Var (X(0))
condition =P(0)
other EW/IVIK)=0,E(WK W,;)T)
assumptions =QK) s(K=7)
EVKV()T) =RK s(K-7)
EWKI=EVIK)=0
Cov (V(K), X(0))=Cov (W(K),
X{0)J=0 N
estimate eq, LK+ 1)=0(K+ 1 | £ X(K)

+K(K+1) (Z(K+1)-H
A
(K+ 1o (K+1 | K) X(K)

K(K+ 1)=P(K+1|k) BT(K+1)
(H(K+ 1) P(K+1 | K)HT
(K+ DD+R(K + 1)) !

P(K+11K) =0(K+1|K) P(K|K)

OT(K+11K)+T(K) @(K) TT(K)

PK+1[K+1)= (I—KEK+1)

H(K+ 1)) P(K+1|K)

gain matrix

error matrix

. [213 ~ T241C2710281
3. Data Compression
Data compression-& source coding 9] 3t Wl o
342

o] % & in-

F-o] 2 distortiond ¢l trarsmission rate &
ol UYL A= AL FHoZ el
formation source o] w2}  data compression 3t-
#lo]l =5& o u]gtel  discrete source o] sl
coding 3+ W2 7 source element 7} &8 20|
I source element &) Eo] Fojx Adrhw Hyuff-
man coding ¥l o] optimal o] B}, o 7| 4 X  Huff.
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ete time continuous source off wj3ke] A ZElsE

#jv} oubx o B  data compression > source mo-
delling 3+ WA g A7 deh Hksld source
qFo]l A4S oy Y3be] surceoll A Zdhs

ubyl & source modelling & S A4 ko] & F 217

m £o|t}  information source ¢| 415 ($f2) model
2 # 9 general 3 el
q )4

Xo =55 by e -3 4y Yok 76)
/=0 k=1

2 ARMA (Autoregressive Moving Average ) model
o] et

7] 4 b,=0, e=12 - gold AR (Autoregre-
ssive ) model o]t 32 g, =0, k=12 - po]
o MA(Moving Average ) model o]e} &heh

o] ARMA model & 7z Hofol| wro] of &5 &
A Hofol| 4 &= data compression 2] g vl 2 & sp-
eech signal modellingell wWo| o] &xlc}, 53] AR
model & all pole model ¢]&} &l parameter
ap, k=12 p & Tk A4 Fold

Foll wol o] &8l i aleh o) Aol A(76)
)4
Xy = my =2 ap Xn_k n
=1

sk

o] =] parameter a; —

ez 549 4+ Abd F42 e 2ok

signal X, ¢] correlation

)
RuxlK) = =2 ap Ryg(k - 1) for £2>0
Y (78
= =3 @, Ryy (1) +otfor k=0
i=1
<, o 74
= g2 k=1
E(n ng) {0 for (79)
0 for k!

oz} Ztd el (T8l A ap, k=12 bE
F& 4 ol Tk 94 Fel levinson - durbin
algorithm2V o]z} 3t e}-&4& FE¥ + Urk

011 = ~Ryy (1] Ry{0) (80)
of =(1 - aff) R,,,,(O) 8D
akk:"Rxx(K +Z“zl»eRxx -0 /ot

= (82)
pi = Chets i F Gk @ k1o hei (83)
of =(1-apf) op-1 ) (84)

A78) 3 Aol FolA A Aol A (T8l 4
parameter a,, e=1, 2 p5 T5F7] $I8le] matrix

Z inverse & 3}od of 3k} 4 (80) ~(B4) = parame-

EIABRE B3 & BTH 1B2E TH

ter 2 T&}7] $43t recursive structure & A 33ghef
A7) A { apr, ke, vy age, OF 1S k=p 3w
{ a1, a2, -, ap, a? jo] Hrc}
sl Bl (78) Aol st Tt AFE o &35t
o A(TT) % AR model & & =& LPC(Linear
Predictor Coding )e¢]2} &hel, =44
32 A3 Zrcl g frame (2% 20m sec ~
30msec) S Aol of, {at k=12
ter , voiced /unvoiced parameter, pitch parameter
=2 2l Ao
# data compression rate & ©] Fo} 7] $l3sle] o]

dukzio g
, b, parame-
transmission rate7} @4 o} &
quantizationell =& odF7b &

%} parameter 2
1]1 9\1 I;]— (271C283

‘W

Modern communication systemZ error7t i+ %
4 channel ¢ # &=} S4|dl channel ¢ =& F&
42} #Zell glrka bzlel Fe13 channel capa-
city'29% ol o led error 7k §l&E E4l channel & A
Telete "ol 4 & ol B4l systemo] Al EHe| ¥
data 2] 8] += user ol A ideal channel & | F3stsd=
el oddojzl & F ik e v 4A 2 ideal
channel ¢] ZH & 4 ¢l o= 2 userolA| ideal ch-
annel A& ®olAlw &+ A (0]HL virtual channel
olzl = & 4 3el) o) #H gzhdl HA1AF A e} 3
g mE gaEstd FA4 A
= user 7} ¥3}= virtual channel 3} physical ch-
annel ] interface @ ¥& v}, & o] A& hierar-
chical structure 7} 2l thE A& ¢ #lgich

high level off 43li phy-

user 7}
2+ virtual channelo]
sicd channel o] low level off gtchd 241 A3 H
low level channel ol
&l transparency & A Fsti= Aolek o] I 4
digital %4+ wlzl-£ = detection theory .= bit
ol Zolz} & + Uk in-

g] & high level channel ol

transparency & | &3l
formation theory ¢| hamming code = byte trans-

parency & A F st Aol 4 B 5 Uk o] wHely

estimation theory & -argtchsl )59 sbd (.-
parameter ) ¢| transparency & # ¥ &« T 3 <t

Role}l & # ek, #H 2 E data communication 2]
X25 interface v~ packet level 9|

. .
3¢ %4 5w ek

transparency 2} 4i
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