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Channel model

Diffraction
(Shadowing)

Scattering *~' -
‘_—l—-

iﬁ Reflection

Reflector: dominating power, less amount, resolvable,
Scatter:  weaker power, larger amount, not resolvable, and not ignorable



PDP of received signal vs PDP of DMC
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Figure 2-7: PDP of a complex SIMO-impulse response (LOS) averaged over all receive an-
tennas (left) and the same impulse response after removing the concentrated propagation
paths (right).
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Figure 2-8: PDP of a SIMO-impulse response (NLOS) averaged over all receive antennas

(left) and the same impulse response after removing the concentrated propagation paths
(right).



What is RIMAX?

A Flexible Algorithm for Channel Parameter Estimation from Channel
Sounding Measurements.

Please refer to the dissertation:

Andreas. Richter, "Estimation of radio channel parameters: Models and algorithms”, Technische
Universitat, 2005, ISBN 3-938843-02-0.



Multipath Components (MPC)
Introduction



Propagation path

Cluster -
(group of scatterer)

ZT

RXx

Figure 2-3: Definition of a propagation path



SISO signal and channel model in time domain
with omni-directional antennas at Tx and Rx

I _J2nfclp
V() = v¥p - gr(t) *¢ gr(t) *tx<t—C—p>-e Co
x(t): transmitted signal; *.: time domain convolution;
gr(t): receiver impulse response; g (t): transmitter impulse response;
fc: carrier frequency; Co: speed of light;

l,: propagation length;

Yp: all effects which are frequency independent, e.g. free space loss, complex antenna gain,

loss on scattering or reflection, etc.



SISO signal and channel model in frequency domain

J2rfcly
Y(F) =X(f) v Gr,(f) - Gp,(f) - e 2. Co

l
Where 7, = 2
Co

Time invariant frequency response: _
j2rfcly

H(f) = Vp GTf(f) ’ GRf(f) . e—jZTL'pr . e_ Co

Time variant frequency response:
j2m (lp+vpt)

H(f,t)=)/p-GTf(f)-GRf(f)-e_jZ”pr.e_ Ac




Antenna Polarization

/i;\ld strength at angle 8,

++++

\ Radiation pattern



Antenna Radiation Pattern
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(c) Dipole Azimuth Plane Pattern (d) Dipole Elevation Piane Pattern

Link to Cisco site

10


https://www.cisco.com/c/en/us/products/collateral/wireless/aironet-antennas-accessories/prod_white_paper0900aecd806a1a3e.html

SISO signal and channel model in frequency
domain with polarization

H(f' @r, 19T' QDR'ﬁRit) _ _
= GRf(f) - br(@g,UR) - I - br(or,9r)" GTf(f) L@ TJ2M T . gmJ2mapt

Where
bT((pT; 19T; f) = [bTH((pT' 19T, f) bTV((pT' 19,1_,, f)] = C1X2
bR(pr;ﬁR,f) = [bRH(ch:ﬁR:f) va(ch»ﬁR:f)] e C1%2

YHH, YvH,
[, = P p] € (X2
Yuvp VYvvp



Extension to multipath and MIMO system

Extended to multipath channel, P is the multipath number.
H(f, @1,97, Qr, O, t)

— GRf(f) . GTf(f) : E{bR((pR,prﬁR,p) . ['p by (@7, 19T)T e~ J2mfTp e—jZnapt} e c1x1
p=1

Extended to MIMO case:
H(f, 1,97, or, Vg, t)

= Gre(f) - Gr,(f) - Z{BR(‘PR,p'ﬁR,p) Ty - Br(@r,97)7 - e 12T . g7J2m0pt} g CMRXMr
p=1

_ bg 1(<PRp»'9Rp) _

BR(¢R,p;ﬁR,p) = R? — CMRrx2

bg y (‘PR p UR, )
RlthDR p’ szj

: RZ N CMTXZ

BT((pR,pr 19R,p) —

bRy (QOR,p' ‘9R,p)_



Frequency domain sample
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Representation in matrix form (SISO)

bR (QDR; ‘9R) y Fp . bT(QDT;ﬁT)T . e—j27tfrp

YHHp VVH,p] . [bTH (o7,97,f)

:[bRH((pR; 19R; f) va((pR; 19Rr f)] . [)/HV,p YVV’p bTV((pT’ ]9T, f)

= bRH((pR»ﬁR»f) "YHH)p - bTH((PTrﬁT»f)
+bg,, (@Or, Ur, f) * Yvup - br, (01,97, f)
+bg, (Qr, 9%, f) - Yuv,p - br, (01,97, f)
+bg, (@r, g, f) - Yvvp - br, (@7, 97, )



Representation in matrix form (multipath)

r=1br(@rp Orp) - Tp - br(@r, 97)T - e 720} =

[bRH((pR,l;ﬁR,l;f)

bRH ((pR,p» ﬁR,prf)] ) diag{yHH,p} ) diag{e_jznfrp}

-bTH (QDT,l)ﬁT,lif)-

-bTH ((pT,P' ‘9T,p» f)



Representation in matrix form (multipath MIMO)

P
Z{BR (<PR,p»19R,p) T, - Br(or,97)" - e—j27rfrp} =
p=1

_ bRH,1(§0R,1:19R,1:f) bRH,1(€0R,p»19R,p»f) -
: " : - diag {VHH,p} '

_bRH,MR(<PR,1ﬂ9R,1:f) bRH,MR(QOR,p:ﬁR,p:f)_

| _bTH,l(cpT,l,ﬁT,pf) bTH,MT(QDT,l'ﬁT,lJf)-
diag{e 12" v} ‘ ; :

brya (QDT,p’ﬁT,p'f) SO (‘PT,p'ﬁT,p'f)_



Representation in matrix form (multipath MIMO)

* Xp=1Br(Prp Irp) - Tp - Brlpr, 9r)" - e 12} =

~N— B, (®r 9R)

s )
bRH,l (‘PR,1»'9R,1»f) bRH,1(<PR,p» 19R,p»f)
. : : - diag{yHH’p} .
_bRH,MR (¢R,1» 19112,1:f) bRH,MR (¢R,p»19R,p»f)_
\_ %
r )
_ bTH,l(CPT,l» 19T,1:f) bTH,MT(fﬂT,pﬁT,l»f)
° diag{e_]znfrp} . .. . + ..

/\_bTH,l (QUT,p: 19T,p»f) o by My (‘PT,p; ﬁT,p»f)_/

BgH((pT:ﬂT)




Representation in matrix form (multipath
MIMO)

H(0,0) = GTf(O) ' GRf(O) '

By, (g, Ig) - diag{VHH,p} ‘ diag{e_jznﬁp} ' B;*H (pr,97) +

BRH (@r,IR) - dlag{VVH p} diag{e 7>} - BT L(@r,97) +
Br,(@g,Ug) - diag{yHV,p} - diag{e /¥ v} . BgH (pr,97) +

BRV(‘PR»ﬂR) dla.g{VVVp} diagie” ]Znﬁp} B ((pT:ﬂT)]



Representation in matrix form (multipath
MIMO, frequency domain sample)

H f' (pT'ﬁT' (pR'ﬁR' t) =
* GreAf] - GTf(ﬁ - Y h=11Br(Prp Orp) - Tp - Br(@r, 97)T - e 72U fp - e7/2m %t}

Hy (0) = (Gr, ® B, - (1 ® diag{yuu}) - diag{vec{AT}} - (G1, ® By, ) + -

M —1 M —1
o =ataa{fon (20 6y (-2 )} oo

—j2m| - T —j2n| —5%—|fot
e J > 0T1 e J > olp
AT(T) - Kropecker product
—fzn(+Mf_1)foT1 _j2n<+yf_1 otp [[212B - B
e 2 e 2aB4| ¢
amlB amnB




Representation in vector form (multipath MIMO)

=1

P
vec( {Br(¢rp 9rp) - Tp - Br(pr, 97" - e_jznffp}> € CMrMrx1
D

4
bRH,1(§0R,1;19R,1;f) z bRH,1(§0R,pﬂ9R,p»f) ]
géRH,MR (‘PR,1» 7-9R,1:f) E bRH,MR (‘PR,p» '9R,p»f)

/bTH,1(<PT,1»'9T,1»f) \--- bTH,l (<PT,pﬂ9T,p:f) ]

_bTH,MT (‘PT,L 19T,1rf) bTH,MT (QUT,p» 19T,p»f)
NS J/
-diag{ynnp} - diag{e 7™} + .-
= Bg,(@g,9g) * By, (@r,97) - diag{)/HH,p} . diag{e 7*™ ™} here o means Khatri-Rao product,

i.e. column wise Kronecker product
A°B=[a1®b1 an®bn]




Representation in vector form (multipath
MIMO, frequency domain sample)

S(HSp) = vec (Hf(O))
— (BTH o Bg,, © (Gsf -AT)) “Yyy + (BTH * Bg, © (Gsf 'AT)) ‘Yuv T

(Bry ©Bry o (s, - Ac)) - vum + (Bry o Ba, 0 (G - 4c) ) - v

= (Bry © Bry © Br) - Yun + (Bry, © Br, © Br) - vuy + (Bry, © Bry, ¢ By)  Yyu + (Bry, © Br, ¢ By) - vvy
YHH

= [BTH ° BRH ¢ Bf BTH 0 BRV 0 Bf BTV ¢ BRH ¢ Bf BTV ° BRV ° Bf] )];I;IZ

| Yvv |

=B vy
Where , By = Gsf A = GRf - GTf - A;

Parameter vector to estimate:
O, = [a” 7" <P$ 1977: ‘Pg 195 ER{VEH} S{VEH} 9?{)/51/} S{YEV} 93{)’17/1}1} S{VEH} 93{)/17/11/} S{%;V}]



Dense Multipath Components
(DMC) Introduction



DMC model
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Figure 2-4: Dense multipath distribution model in the time delay domain v__(r.7).

Parameters characterize DMC 04, = [Ta @, Bg  ao]



DMC model

The proposed model (2.60) describes the power delay profile (PDP) of
the dense multipath components, which is an exponential decay over
the time-delay. _

lj;li_,(z']zE{Hs[r]F}:-{ a, -+ r=r, (2.60)
\a, e %) o)

T'he related power spectrum density, i.e., the Fourier-transform of (2.60) is

o S A
Y. (Af) = L Lo 1T 2.61
= (Af) B+ iamnf (2.61)

B B : . : . .
where [, =3 = ¥, 5 18 the normalized coherence bandwidth of the DMC.



Frequency domain covariance matrix

Opp (11, 72) = E{h(t)h(T)"} —

Covariance function of the
channel impulse response

4

qJHH(fl'fZ) — E{H(f1)H(f2)*} —

Covariance function of the
channel transfer function

Discrete version:

This is a Toeplitz matrix
Ry = toeplitz(k(6), k" (6))

V.0  W(-f) - ¥, -1)f)
r | Y=lf) ¥ (0)
/ : . Y. (- 1)
V(1. -1)f) - Ye(fy) ¥e(0) |
_jmr, —i2n(Mp-1)ry Tl
k(0 ) e | ° o,e

= ) 1 . M1 | T Hoto:
Mr_f‘ ﬁ»} JBA_J‘-‘Tﬁ /Bd_.lzn- :JEJ«

(2.68)




Overall channel model



Complete radio channel model

h = S(Bsp) +dgme = B() - ¥ + dgme
dime~ N-(0,R(04,,,.)), complex circular symmetric Gaussian process.
h~ Nc(s(esp); R(Hdmc))

Global maximization algorithm

L} P } = argmax |- In(det(R(0,,_)))—(x—s(0 )" -R7(0,,,) (x- s(0,, ). 5.1

dan



How RIMAX works



RIMAX: an alternating way of channel estimation

Channel sounding
data

=1 ]

Read new Calculate estimates for the path weights using the | Ste 1
Observation structural parameters p of the previous hl p
X observation (BLUE, Section 5.1).
x !

Search for new propagation paths
(Section 5.1.5).

:Ac
\‘/

Improve the parameter estimates of the
distributed diffuse components ML-Gauss-Newton | ¢ Step 3
Algorithm (Section 6.1.5).

!

Improve the parameter estimates of the
propagation paths with the Levenberg-Marquardt
algorithm using alternating path group parameter
updates (Sections 5.2.4 and 5.2.5).

A

Step 2

< Step 4

not reached

check
convergence

Check the reliability of the propagation paths.
Drop the unreliable paths (Section 5.2.7). < Step 5

Paths
dropped ?

Store the parameter estimates.

Figure 6-13: Outline of the RIMAX structure



Step 1: BLUE (Best Linear Unbiased Estimator)

If the noise parameter 0 ;,,is known, then maximization problem reduces to
0 =arg mgn(x — S(H))HR;,%(x — 5(0))
= arg min(x - B(w) - ¥)" Ryt (x — B(W) - )
With BLUE
7 =(B'@ - Rut - B@) - BY(®) - Rih - x
Replacing y by its estimator ¥ yields

A~

6 = arg min (xHRE%x — (xR;1B(W)) - (BH(u)xHRE%B(ﬂ))_l(BH(u)xHRE%x))

Match filter tries all the possible parameters combination of i, and find the best one.



Step 2: to find new MPC

Remove the contribution of the tracked MPC, we get x,- and search fro
new MPC iteratively, stop until the signal power is lower enough.

p
X, =X — z s(Ospp)
p=1



Step 3: Gauss-Newton algorithm introduction

Given m functions r = (r4, ..., r,;,) of n variables 8 = (B4, ..., ,,), with m > n , the Gauss-Newton
algorithm iteratively finds the value of the variables that minimizes the sum of squares

m

SB) = ) @)

=1
Starting with an initial guess ﬁ(o) for the minimum, the method proceeds by the iterations

BETY = B — (L1 )Ty (B)

Where 1 and B are column vectors, the entries of the Jacobian matrix are

5‘ri (ﬁ(s))
dB;

(Ir)i,j —



Step 3: Gauss-Newton algorithm

Gaussian-Newton algorithm

9n+1 — 97’1 + AH
Where,

A9 = (DYD) 1D - vec(R,, — R(6,))



Step 3: Jacobian of DMC

9, 9,
30, — R(0 41nc) = toep (00 k(Oppc), — 38, —k (eDMC)>
6 -~
- K(0)=¢e, (4.93)
)
A -)2x7o —i2x(M-1)rg 17T
< x(0)= 1{1 s - J | (4.94)
oa, M| B, PB,+12ny B, +2nE
A -1277g =12n(M-1)7g T
-2 = . (4.95)
C M (ﬂd)- (ﬂd+j27rilf)- (ﬂd+] .t\fl)
o — 2. e 370 _in , —i2z(M-1)r ¥
k(@)= XT° BRI ) . (4.96)
Qs v By +]2m; B, +j2mi

D(0)=

1 A

Vec{ L (EI)[ %R(H}\I‘L‘H (e]} .

Vec-Jr () 2 | |
LL (@) > R(H]‘L (B}H. (4.88)

|\ c -[ fl



Step 3: Estimation of DMC parameters with
Gauss-Newton algorithm

Table 6-1: Iterative optimisation of the parameters 0, using the direct approach
(GauB3-Newton algorithm)

Input data: Data matrix X. initial solution 6"

Preprocessing: Compute the estimate of the non-parametric covariance matrix

R-Lxx®

i

1) Compute the first order derivatives to the parameters 8 of k(8) using equa-
tions (4.93) - (4.96).
2) Compute the Jacobian D(8").

3) Compute A" :argn}mHD (017 )- AB— VEC{ (8" [R I}H . Set A" =1

4) Compute the update QU l — gt = 2L AQVY

5) Check strict maximization £ X‘G" ) X‘El 1) yes goto 1. . no: reduce

'|i'

A" go to 4.

6) Check convergence: not converged: go to 1.




Step 4: MPC parameters estimation

Probability dense function of MPC

e e p—— L SRS (4.4)

7 det(R,p, (8))

Take the logarithm form yields the log-likelihood function
£(x]0.R, )=In(p(x|6.R,, ))=—-M -In(1)—In(det(R )—(x—s(8))"R ' (x—s(8)). (4.5)

The first order partial derivative with respect to the parameters 6, of
the log-likelihood function is called score function

- -

" (xo.R ). —

- -

T
L(x/0.R,, :—} e C™. (4.6)
C .

q(x]6.R,, )= ;L{:x|ﬁ. R, )=
cB

1



Step 4: MPC parameters estimation

The first order derivation to specific parameter 6, is as follow:

/

° L(x]o,R, )= ]
co, ’ |~.

© SH{E}}.I‘R:}, {x—s{e})L (4.8)
.cf, ,. ]

If we define the Jacobian of s(0) as

oy O oy -y c ) ML ?
D[6) = S(B}_{fﬁl s[El)J ‘._\aal s(e}fﬂek. . (4.9)

Then we can get score function as
q(xp.R,,)=2-RD*(B)R ! (x—5(8)).. (4.10)

And the second order derivation of log-likelihood function (Fisher
information) as:

J(O.R, )=2-R{D"(0)R;. D(0);]. (4.16)



Step 4: MPC parameters estimation

For Gauss-Newton algorithm
ﬁ::fH] = éi] T f—; j_l(égz ? R.ir.:.' )q(X“T% Rim )

Levenberg-Marquardt Method

0 =0 1 (7(6" R, )+ cTog(0"” R \e R, ) (5.61)

J-'-



Step 4: MPC parameters estimation

Table 5-3: Iterative optimisation of the parameters 6, using the Levenberg-Marquardt

algorithm.

. . . ~ 10 . .
Input: observation x . initial solution 8, covariance matrix R, ¢ .

1) Compute the component matrices of the Jacobian matrix Table 4-2 - Table
4-4.
2) Compute the score function
alo R, )=2- RfDF(0" )R, (x5(6 ).
3) Compute the approximation of the Hessian using equations (4.70), (4.75), or
(4.78)
76".R,,)

4) Compute the parameter update
-1

00 =01 1+ (906" R, )+ cIog(6" R,

q(X é{? > R.:.'J:- )

B{s‘+1])> L(xﬂ‘i‘;]); yes: set ¢ =% go to 6., no:

5) Check strict maximization L(x
set ¢ =8¢ go to 4.

6) Check convergence; not converged: set i=7i+1 and go to 1.




Step 5: check the reliability of MPC

The problem is to check how reliable the MPC is, and decide if we want
to keep it or discard it.

Since the estimation is asymptotic distribution of

6" (6.7 6.R,)) (5.63)

The valid MPC should fulfill the following criteria:

var{ly|}
Y[

<gy<l. (5.64)

Which means we require that the certainty of the estimated path
magnitude must be larger than its uncertainty.



