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Abstract — This article reveals three methods of noise
generating with Gauss distribution by using uniformly
distributed random-numbers in computer imitation modeling of
the digital communications systems — the uniformlydistributed
random-numbers summing method, Box-Muller method ad
Marsaglia-Tsang ziggurat-method. The results of simuaition by
the Monte Carlo include histograms of noise generats and
limits for accuracy and computational time of variaus methods of
Gaussian noise generating to evaluate the noise iramity of
transmission of binary data by antipodal signals insymmetric
channels with intersymbol interference and the Vitebi detection.
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I.  INTRODUCTION

that normalizes variance to 1, is gradually conveyg
estimation of the distribution N(0,1) with MG inasng. In
C/C++ language standards for calculation of thefonmily
distributed numbersy, there is implemented standard
functioni nt rand(), which returns integer pseudo-random
number from the interval of [BAND MAX], where
RAND MAX is constant, defined b#defi ne RAND MAX
32767. In order to gety; values from the interval of [0,1], it
is necessary to convert result of the rand() fuimctd the real
number and divide it b)RAND MAX. If the probabilities are
equal, the relative frequency of aryy number approaches to
the probability of 1/32767, when the length of gemed
sequence is increasing.

However, the random-number summing method
relatively slow, or, when MG values are smallsiinaccurate

is

In the computer imitation modeling of the digital yescription of the Gaussian distribution of the reatary

communications systems, normal (or Gaussian) whitise
(Additive White GaussiaNoiseor AWGN) is being added to
the information signals, based on the given sigoadeise
ratio (SNR or S/N). This noise has zero mean valnd
variance value of 1 (standard normal distributiaw IN(0,1)).
Such noise can be generated by random-number gersera

Wide spread occurrence of the Gaussian distributianis
caused by fact, that it is the limit law for anatldéstributions
and is very common in practice, for instance asise in the
electronics or noise in the radio-electrical citsui

There are few methods for calculation of normal ham
with distribution N(0,1) by using the uniformly diguted
source numbers. One of the simplest and prevalettiods is
based on the limit of the random values sum digtioim laws
(distribution of the sample average), which has ¢bmmon
name of the central limit theorem. It has been edoin [1],
that the sum of the large number of independentiaam
components with the same distribution law, so #eth of
these components has nearly zero influence onsthis has
the distribution, which is very similar to normahe In
practice, by using this method, the numbers fror@,N(can
be calculated with simple adding of the uniformigtdbuted
(over the interval of [-1,1]). These numbers carchkulated

by the formulax, = 2y; —1, where Y, numbers are uniformly

distributed over the interval of [0,1]. It is recoranded [2],
[3] to sum at least MG=12 base numbe¢s in order to get
random number with distribution law similar to Gsaias one.
The result of the sum after dividing by multipliefr

sqrt(1./3.*(doubl e) M3 <->+VMG/3,

noise values, especially in the area of the larganantary
noise values. At the same time, the simplicityhaf Gaussian-
like numbers calculation is attractive, when uging method.
There is not much known about how such inaccuracy
affects the estimation of the channel quality wittersymbol
interference, when using imitation modeling, exceminmon
considerations. We are interested in getting sstimation by
making modeling of the data processing in the lyindata
transmission channels with use of the Viterbi diéec
Another original method of generator building foa@sian
numbers is based on the Box and Muller transfoiomaf8].
This generating method is faster and more pretise, central
limit theorem based method, in the same time dinsple for

realisation. Its algorithm can be reduced to follmy Let X;

and y; be independent random numbers with uniform
distribution over interval of [-1,1]. We now can
calculates =R*=x?+y?. If R >1 or R =0, then x, and

y; values should be “discarded”, then we make anqvaar

of the numbers X;,y;) and calculates again. Once the
condition 0< R <1 has been satisfied, we calculatg and

z, following formulas z;=Xx - ,_—Z-Ins and
S

—2:In .
—S', these numbers are independent values,

Zp=Y-
that satisfies standard normal distribution N(0,1).

At the present moment the fastest and the mostigarec
method of the normal distribution law satisfyingndam-
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numbers generating methods is so-called truncayeainpds

The SNR step is chosen to be 0.5 dB. The numbemwisie

method (The Ziggurat Method for Generating Randormmunity graph points is set by global constarpriogram.

Variables), which has been offered in 1984 by Mglia and
Tsang [4] and improved by same authors in 2000TB¢ [5]
describes in details this method from mathematiealpoint
and its programming realization in C language.
mathematical and programming realization diffidtican be
considered as the methods weaknesses.

By using computer imitation modeling with Monte-@ar

method [2, 3], we made histograms and analyzedt limi

possibilities of all three described methods of &&an
number generators for the Gaussian noise imitaitorthe

binary data transmission channels. The purpose hif t

modelling was quality estimation (noise immunitgy binary
data transmission digital systems with antipodghails by
using symmetric channel with intersymbol interfaren(ISI)

with  AWGN. In order to make optimal detection ofeth
received signals we used Maximum-Likelihood Seqeenc

Estimation method (MLSE), realised according to ‘igerbi
algorithm [6,7], that is known also as the Vitedeitection [8]
or the Viterbi equalizing [9]. The length (the nuenbof

samples) of the channel's discrete impulse respoisse

parameterized by the constant value V, which ddtexsn
state-diagram structure (the trellis-diagram, sameForney
trellis) and decoding procedures in program, dbsckiin [10].
The discrete values of the impulse response angtagh from
the keyboard. In real digital communications systeeg., in

The -

.| Creating the state
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Generation of the.

Viterbi Detector

Number of plot
ploints
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Fig.1. Processing algorithms flow block.

The additive mixture, which consists of the conviolo
signal and noise, is sent to the Viterbi detectgyut. The
impulse response samples (inputted from the keyl)dar the

GSM (Global System for Mobile Communications), thdinear portion of the transmission channel are usded

impulse response of the channel is estimated dutirgy
process of periodical channel probing with testpggudo-
random sequence.

convolution calculation as well as in realizatidrtlee process
of useful signal receiving with noise by using Vite
detection. The binary data after detection is beiompared

Below we give noise immunity graphs, which we'veWwith really transmitted for the estimation of rélatfrequency

received after imitation modelling, for differentaGssian
noise forming methods and different types of tlamsmission
channel’'s frequency response linear parts. We bawgpared
noise immunity of the simple threshold detectingbafary
signals as well as detecting with Viterbi algoritHor the

channels with spectral zeroes (zeroes of the clianne

frequency response). The lag time of data readiom fthe
Viterbi detector’s state diagram “survivor” (or &ef) paths
has been defined more accurately in order to getero
probability of the bit error. As an estimate of thi# error
probability, we used bit error rate (BER), denotexlow as

Per -
The Fig.1 shows flow block of calculation prograwr f
binary signal processing modeling in the channétl 181 and

AWGN when using Viterbi detector as a receiver. The 1.

schematic in Fig.1 includes two random number geoes
(RNG). The first one is used for the source “infation”

binary sequence generation with two symbols of kqu

probabilities. Before sending it to the channelpuin this
sequence is converted to the binary impulse seguerith
pulse-amplitude modulation (PAM), which consistghe +1
values. The second random-number generator modhels
discrete white Gaussian noise with the zero medwmevand
variance of 1. The AWGN is added to the convolutiesult

of the +1 sequence with channel’'s impulse response. T

noise effective value is set according to the gi8&R in dB.

pe, Of the bit error, i.e. BER. The probability of thé error
is estimated through relative frequency valpe, for big

enough number of binary data. Afterwards the pnognaakes
graph of noise immunity curve representing depecyesf
BER logarithm (g p,,) on SNR measured in dB. This graph

determines the quality of the digital communicasiaystem.
The processing program, which corresponds flow lbloc
Fig.1, is written in C/C++ programming languaged d@s full

listing is available in [10].

Let's examine three methods of the normalized Ganss
number generators mentioned above and compare bdyem
their influence degree on the noise immunity ediomafor
the binary channel with ISI and AWGN.

THE SUM OF RANDOM V ALUES

Let's use the central limit theorem for quasi-Gé@uss
Qumber generating. As it has been mentioned befiorerder
to get appropriate approximation for Gaussian ithigtion
law, it is recommended to make a sum of at leastuibers
with same uniform distribution law. However, despithe
tsimpliness, this operation can be time-consumingst o
make sure, how fast normalization becomes, whemdineber
of components increases, Fig.2 shows histogramsrevh
MG=1, 2,3,4,5, ... - the number of componenta Bample
sum of random values. The number of these sampies,su

which were used for histogram building, 4 =10°. The step
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of histogram in probability axis isiX = 0.1 and it belongs to
a range of the random vakief -5< X <+5. 03 R S T1) /N Ve
The values of the random numbers with uniforn N b
distribution in the range of [0,1) can be calcufaia four R e Attt Tty nintl Htt it sty Rl
ways. The first one is to use standard library @Gefioni nt - l i L J i l i L J
rand() . Another example of uniformly distributed numbers £ °°[ S R
generator is functionur and() used from [3], which is - I S S I S S N N N N
defined in C language a&fsl oat unirand(long int % S b
*iy) [10]. For the third example we used generatociesd 2 0if--q-----re-q---F--T--~---r--7---
in [4] by macrosUNI and SHR3, which can be launched by e
macros UNI . The fourth generator is Wichman and Hill L e e e R e e Rt Ml Rt
random numbers generator [11], which has beensgzhlin R
MS Excel2003/2007 as a functioRAND [12]. The algorithm e
of this generator (Algorithm AS 183) is availabte [iL1,12] Random variable X
for FORTRAN programming language. In case of C
programming language it is described by function Fig.2. The histogram of uniformly distributed proiiiy density. MG=1,

the step dX:O.lM:IOS.
float frandom()

{

/[* Wchmen-H |l Random Number Generator 045 — -

for Excel 2003 IR S S N T N S N M B

(http://support.mcrosoft.com kb/ 828795/ r o iy S

u) */ Sl S A i A
doubl e anod, x; g 0.3———4‘———;———f——ﬁ;.’——;——':f———;———f——ﬁ——f
i x=(171*i x) ¥80269; Y N AN N S G (A
| y=(172*iy) %80307; O I S O S R N
i u=(170%*i z) ¥80323; 3 ; ; T ; A ; :
ambd=(doubl e)i x/ 30269. 0+ S R

(doubl e)iy/ 30307. 0+(doubl e)i z/ 30323. 0; 0.1f774‘777:777574‘777:777f77:‘;77‘L——J‘——f
return (float)nodf (anmod, &) ; P O S e S SN O SO RN

X T [ 7 [ T (ol ‘r 7‘

/* The global variables long int ix, iy T
,iu are given values in range between 1 Random variable X
and 30000 until the first handling. The
standart C/ C++ function nodf() separates Fig.3. The histogram of the normalized Simpsorritiisted probability
the fractional part and the integer part density for the sum of 2 uniformly distributed ramndvalues. MG=2, the
of dt*?e value assigned to the wvariable step dX=0.1,M:105.
ano

When MG=1, each sample sum consists of one randc 04 L S A — [y

. . . . | | | | h | | | |

number from the uniformly distributed interval pfy3,v/3], S i R
with zero mean value and variance of 1. The histwgis O S H T DA RS S S T S
shown in Fig.2. g ST T ':1 Lo

When MG=2 each sample sum is the sum of two rando g “*| 1 & e
numbers with the same uniform distribution for ealthe sum € o2f -4 r - oo
of two random numbers follows the Simpson distitmutaw RO S S S N AU R . SR R
in the interval of [-/6+/6]. In this case the probability & S -

L I S e et A R B
density has a shape of the isosceles trianglee shis law is a ! g ! A !
convolution of the two same uniform laws. The higston for 0.05 I B R O A
Simpson law is given in Fig.3. o ‘ = ! ! ! i ‘

When MG=3 the histogram in Fig.4 already looks like R :andomjariablelx zo8 4

histogram of the Gaussian numbers generator, wtéchbe
generated by, for instance, ziggurat-method (or-BloXer
method), which is shown in Fig.5. The difference thé
histograms for the random values, calculated asstimes of
the uniformly distributed values (whellG > 3), in general,

Fig.4. The histogram of the normalized probabititstribution density
for the sum of 3 uniformly distributed random vaubG=3, the step

dx=0.1, M=105 .

lies in the accuracy of description of the probgbfor large
(by absolute value) momentary noise values, i.scrijgion of
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integral curves “trails” for Gaussian probabilitysidibution,
where it's values are close to 0 or 1. When MG=84tm of
random values is distributed over the interval-8f3], i.e., the
generator doesn’t generate numbers with absolutes vaver
3, meanwhile, theoretically, at the output of thengrator
there can be numbers with any numeric value (thgdsithe

numbers absolute value, the less probable it wiljenerated).

0.45 . . - , .
| | | | | I Ziggurat Method <
| | | | | | | | |
L e e e
| | | I R | | |
2 A P
035 | I | [l | I | I
= | | | e 1= | | |
R - B e e e e I il et T A et
> | | | - | - | | |
@ P
5 0.25 | | | - i | | |
° | | | | | ] | | |
E 02F-——4———l———4+ - —®— — - - — g — = —— 4+ — — == — —
< | | | -l | |- | | |
5 | | | e | |- | |
L e e S e R B By E B
| | [ | [ | |
T T B Iy R
| | |- | | | - | |
| | g | I | - | |
R e e e
| | | | | | | | |
S L S T T .
-5 4 -3 -2 -1 0 1 2 3 4 5

Random variable X

by-tact refreshing and analysis of the survivor hpat
Symbolical estimations of the transmitted binaryada this

case are read from the survivor paths with a deleeyyalue of
this delay is assigned to the varialé (W > 0).

The discrete impulse response of the channel, wirial
consist of any number of the samples assignedetowvahiable
V (V >1), is sequentially input step-by-step from the PC
keyboard at the beginning of the processing proeedior
analysis we have chosen the discrete impulse respon
h(k)={1,2,3,4}, which consists of 4(=4) samples.

The decibel-log frequency response, which corredpdno
impulse response h(k)={1,2,3,4}, is shown in Figa6 a
dependency of 20Ig[K (j@T)] on T  (where

w=27f/(NT), f=0,1,2,..N /2T — sampling period).
Such frequency response is substantially irregubédr.the
interval from 0 to ¥4 of sampling frequenc9 € wT < 7 /2),
it is falling from 0dB to -10...-12dB and with fiadr increase
of the frequency it doesn't exceed value of -11BBe to the
intersymbol interference, the data transmissiomavit Viterbi
detection wouldn't be possible in this channelcsirthe bit

Fig.5. The histogram of normalized Gaussian distéd numbers. RNOR arror probability is close t0/2 in case of threshold detecting.

(Ziggurat-method), the step dX:Ol\‘Jl,:lo5 .

When MG=4, the sum of random values is distributeer

the interval of[—Z\/§,2\/_3], when MG=5 — over the interval

of [—\/E\/TS] and, at last, when MG=12 — over the interval
Generally, when summing MG

random numbers, we get random
of

[—\/3- MG 3 MG} with zero mean value and variance of 1. "

of [-6,6] and so on.

uniformly distributed

asymptotic Gaussian numbers over the interval

Ill. THE RESULTS OFIMITATION MODELING OFTHE BINARY
TRANSMISSIONCHANNEL WITH VITERBI DETECTION
WHEN ISI AND AWGN ARE PRESENT

According to the table of the probability integeadailable
in hand-books (e.g., in [13]), it's easy to detarejithat the
probability of the Gaussian numbers with zero mauiecal
expectation and variance of 1, that exceed thelatesvalue
of 6, is very small and is equal merely97e-C. For that
reason, the number of random valuels >12 when using
the central limit theorem should

i}

20Ig(|K(jX)

-12

|
|
1
0 0.5

-14
15 2 25 3 35

Fig.6. The decibel-log frequency response of thanokl with impulse
response h(k)={1,2,3,4}x=wT=2af IN, f=0,1,2,...,N/2, N=1024.

The number of the binary symbols at the channeltingas

set to M=10°, 10° and 10’ for each point of the noise
immunity curve.
As it was mentioned before, the simplest generabor

indeed give goodealize is the uniformly distributed random numbsusnming

approximation to Gaussian numbers for the most h&f t generator. In C programming language the programdse

Gaussian process modeling application, for instamoeleling
of the Gaussian noises in digital communicationstesys.

the following way:

This assumption has been checked in example of MLSE. 0;

modeling task in binary channels with antipodahsig when

for (k=0; k<MG; k++)

ISI and AWGN are present. When modeling such channes+=(2. *rand()/32767.01.)/

the task is to get small error

probability valuesqrt (1./3.*(doubl e) M3 ;

(1077...10° and less) at the output of the Viterbi detectod an

the noise itself should be Gaussian, since itssimed that the

channel is linear.

Instead of the expressiorand()/ 32767. 0, it is possible
to use the functionni r and() or the macrdJNI or, at last,

The imitation modelling was made by the method othe functionf r andon(), described before.

Monte-Carlo according the flow block in Fig.1. Weed

different types of generators described beforeHersource of language,

the Gaussian noise. We also used Viterbi detedatitm tact-

In order to realize ziggurat-method in C prograngmin
the  pre-processor  directive#i ncl ude

10
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"Zi gGauss. cpp” (see [10]) must be included in thethe same value of SNR, the bit error rate is irgirgawith the
processing program. In this case the Gaussian msmbéncrease of MG. For instance, in Fig. 7, whdwG=1 and
generator is (_:alled by macro RNQR (it is neces'skaryal'l SNR=8dB, there islg p,, =—60 (p, =10"), and in Fig.8,
zi gset (unsi gned | ong) function before doing this,
[5]). The Gaussian numbers generation algorithmBmx- 3
Muller method is realized by functiogaussr and() (see !9 Per =—2722 (e, =1.8967-107°), i.e. the order of error
description in [10]). probability estimationp,, has increased by three, which can

be explained by expansion of the possible valuesnial for
— generated random numbers by increasing the number o
lne2 Moz —— components in the sum. In all figures the estinmatibthe bit
Line_3: MG=12 — — - s -
77777777777777 i g error probability (as a sample average value of riflative
frequency [1]) becomes less accurate when the pilitlga

itself approaches to the value bfM (i.e. the value10° in

Fig.7 or value ofl0”’ in Fig.8, 9). This can be explained by
the fact, that corresponding the 1/M value, therestnbe in

***** average a one error d (10° or 10”) binary symbols at the
channels input. The decrease of the error prolabili
estimation accuracy when reachitfM is caused by decrease
of the number of errors in the sample over interg&lM
16 cycles. The changes in the noise immunity curvgeagance
are the evidence of the bit error probability estilons
Fig.7. The noise immunity curves when using rangénerator, MG=1 (Line increasing statistical instability — from monotaecreasing at
1), MG=2 (Line 21 MG=12 (Line 3), M=16, h(k)={1,2,3,4}, W=25. the beginning they have more or less noticeablaksref the
curves in the reference points at the end of th&® S&hge.
The curves of noise immunity as the dependencd®f,,  This can be seen, e.g., in Fig.7 (Line 3). The daitor

(pe =BER) of SNR for all three values of MG, when Probability belowl/M can't be estimated.
M =10°, are shown in Fig.7. For Fig.8 MG = 12 and |gpg,
0

where MG=12, at the same value of SNR there is

[
i

|

|

1
4 8 10 12
Signal - to- noise ratio, dB

o F---

M =10". For comparison, the Fig.9 shows the noise ‘CordFile.dat
immunity curve for Gaussian numbers gener&§OR when At
M =10". 2|
| gper 3t
0 i i i i i ‘CordFile.dat'
-4 |
1+
5 |
2+
sl
.3 L
-7
a4t 0 16

4 6 8. 0 . 12 14
Signal -to- noiseratio, dB

Fig.9. The noise immunity curve when using RNOR ayator, M :107,
6l | h(k)={1,2,3,4}, W=20.

7 By comparing Fig.7 and Fig.8, we can see that when
° 2 signal -to- ndise fatio?dB *  *  MG=12, the noise immunity curve is close enoughote
plotted for the Gaussian numbers generBNER. E.g., when
SNR=12dB, the bit error probability estimation,adhted as
the sum of 12 random numbers generatedioyr and() , is

3 times less than the estimation of RMOR generator. At the

By comparing plots in Fig. 7 and Fig. 8, we can,ghat S@me tme, when SNR=12dB thelg p,, =-6222
when MG is increasing, the noise immunity curvediclw (P =60e-7), and in Fig.8 the Igp, =-5745
nearly overlap over interval of-co<SNR<2..4dB, are (p_ =18e-6). The increase of MG from 12 to 24 causes the
sgparatmg Whep SNR>4dB and they bgcome even Me fincrease of the value of error probability estimatiogarithm
with the further increase diAG approaching to the Gaussian

o up to | =-5854 =14e-6), i.e. increases the
numbers generator’'s curve in Fig. 8 from the lolveund. At p. .g p‘?' ( p.er . ) _
estimation itself by 2.33 times, which is just 1.@%es less

Fig.8. The noise immunity curve when using uniramgdnerator, MG=12,
M =10, h(k)={1,2,3,4}, W=20.

11
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than estimation, calculated for tRAIOR generator. However,
the time required for calculation of the whole moisxmunity
curve (consists of 30 points with step 0.5dB on Sabs
(from 0.5dB to 15dB), thevl =10’ for every point, W=20) for
MG=12 when using unirand() generator is taking am®
times long (43 min, 22.00 sec), and for MG=24 alh®8mes
long (72 min 0.26 sec), than the one when usings€&ian

h(k)={0.2275, 0.46, 0.688, 0.46, 0.2275}, whichcaing to

[9], belongs to category of “very bad” quality cimats. This
impulse response is shown in Fig.10, the V valueifds
V=5 and a recommended value of data reading delayidshou
be W=20. The channel’'s gain-frequency response in Fig.11
corresponds this impulse response. This frequeaspanse
has a spectral zero aX=wT=2.1, where T is sampling

numbers generator RNOR (24 min 37.98 sec). The s period.

numbers generator Box-Mullerg&ussr and()) for same
calculations requires comparable wiRhNOR amount of time
(30 min 2.190 sec). Almost same time — 28 min 1585— is
required when using generator rand() for MG=12 &hdnin
33.25 sec for MG=24. When using generator frandafioi)
MG=12 it takes 37 min 46.36 sec, and for MG=246-din
55.56 sec, i.e. a bit longer than in caseafid().

The measurements of the calculation time were nigde
means of the C functionnt gettinme(struct tinme

*). For experiments we have used PC with dual-cor °’

processorCore 2 Duo E655@ith clock speed 2.3Z5Hz on
the Intel DQ35MP LGA 775motherboard with 2.048B

Kingston DDRII RAM (the available physical memory is

1.45GB), that is evenly divided between two cores.

Thus, we can note, that the calculation of the Gianslike
values by summing uniformly distributed numbers nist
always convenient way. In order for such case tdlgeresults
of the digital communications system modeling whesing
Viterbi detection, which would be close to onesngsihe
straight Gaussian number calculation methods (BaoXev!
method or ziggurat-method of Marsaglia and Tsaitg)s
necessary to significantly increase the calculatiioe.

In conclusion, we'd
characteristics of the channels when using Viteidtiection.
Compared to the equalizers of other types [9] thesector
provides the least loss of SNR at the presenceSbfahd
AWGN, and at the given value of SNR it provides best
channel quality, since it realizes the least prdhglof the bit
error. Viterbi detection makes it possible to tfanglata with
small bit error probability even in channels withry bad
frequency responses, which has zeroes in the wgprkank,
that leads to partial spectrum suppression anddasequence
of that) intersymbol interference. Such channels dse
encountered in digital radio-communications [9]. #ie
presence of ISI (even if there are no noises) firactically
impossible to transfer information in such channsithout
Viterbi detection, since the bit error probability reaching

]/2. During the process of Viterbi detection testirglized in
the C/C++ functiorvi t er bi _m() [10], we have received
the noise immunity curves for channels with spéctesoes.

These curves match similar quality characteristics
Fig.10.3.3in [9].

like to note the good quality

hik)

o7

T

[

.46 .48

04

0.ZE75 0235

-] a

1 F 3 4 5 & 7 w k
Pulse response of discrete channel

Fig.10. The impulse response of the discrete cHah(g={0.2275, 0.46,
0.688, 0.46, 0.2275} with spectral zero.

The curves of the noise immunity for the channethwi
impulse response illustrated by Fig.10 for the masi values
of a delay for the binary data reading from survipaths of
the Viterbi detector state diagram are shown in12d.3 and
14.

20lg(IKGX)I)

Fig.11. The gain-frequency response for a chanriti inpulse response
h(k)={0.2275, 0.46, 0.688, 0.46, 0.2275}, &= TN, f=0,1,2,...N/2.

For comparison, the Fig.12 illustrates noise imrtyourve
Line 1 for the channel with no intersymbol intedice (i.e.

for the Nyquist channel), when h(k)={1,0,0,0,0)...Line 1

It's important to note, that the bit error probiilin the  shows the dependency of thg(BER) on SNR for the binary

channel with Viterbi detection at the presence $f &nd
AWGN can be decreased by increasing the recommen
value of a delay for decision-making on transfert@dary
data by survivor paths. This recommended valuéhefdelay
comes from the expressiov=5x (V-1), given in [9].

The research of such possibility for the channethwi
spectral zeroes was made on example of the impetgmnse

ntipodal signals (see examplepnc.5.2.4 in [9] or BPSK
&

ve in 2.7.att. in [10]).
By comparing Fig.12,13 and 14, we can see, that the

increase of the reading delay fro'=15 to W=25 for big
enough value of SNR, which is at least 10dB, causes

noticeable decrease of the bit error rajg .
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Line 1
Line 2
Line3 — - -

| | |
| | |
l l l
. 6 8. 10, . 14 16
Signal -to- noise ratio, dB

atio, dB

) L . 6 .
Fig.12. The noise immunity curveBNOR generator,M=10 . Line 1 — no

; . Fig.14. The noise immunity curveBNOR generator,leOG. Line 1 — ISl
ISI, W=5; Line 2 — ISI present, W=15; Line 3 — |8ksent, W=25.

present, W=25; Line 2 — ISI present, W=35; Line [B+present, W=45.

The fact, that the channel with impulse responsamfr
Fig.10 is “very bad” from the viewpoint of reliaibyl of the
data transfer, is confirmed by Fig.15, which shales quality
characteristics of three channels with spectrabe®r Fig.16
also proves that, which shows gain-frequency resporof
these three channels. Two of them — Line 1 and Rirehave

two zeroes in range from 0 tkz{(ZT) Hz, but “vary bad” Line

3 one — just one zero, however this zero has th#esti
suppression frequency band on any level.

I goper
! ‘ ‘ ‘ ‘Line_1: h(K)={1.0,1,0,1} ——
i Line_2: h(k)={(1.L1,1,1} ——

Fig.13. The noise immunity curves. RNOR generatx«m;lo6 . Line 1 —ISI
present, W=15; Line 2 — IS| present, W=25; Line [B}present, W=35.

E.g., for SNR=14dB an estimate of the bit errarbyability
is decreasing from p,, = 185102 (lg Per =—2732) for

W=15 to p, = 92-10° (lg p,, =—4036) for W=25, i.e.,

by 20 times. The further increase of W up to 35egycas it's Si ghal -
shown in Fig.13, where for SNR=14dB there is

—5
Per = 54-107 (Ig p, = —4268), and even more up to Fig.15. The noise immunity curves for impulse res®s with spectral zeroes:
W =45, as it's shown in Fig.14, where for the sameRSNLine 1 —h(k={1,0,1,0,1}; Line 2 — h(k)={1,1,1,1)ine 3 ~h(k)={0.2275,

6
value there isp,, = 46:10° (Ig p,, = —4337), gives a little  0.46,0.688,0.46, 0.2275RNOR M =10", W = 25.

improvement of the channels quality, proportionally . ) i , ,
increasing calculation time value instead. Thus, noise immunity curve Line 3 in Fig.15 for the

The modelling of different channels (with spectzatoes) Cchannel's impulse response in Fig.10 is to thetrigpmpared
shows, that the choice of the reading delay valye HC the other two. To get the given value of the ditor
expression W=5x V is more optimal by quality (ie. it probability in such digital communications systertis i

; ; o necessary to provide additional 1dB for SNR at Vierbi
2;%\:?3?{0;\/\/2?3'('3{1)“ error probability) ratherarh the detector input compared to the Line 2, and addiicsdB

compared to the Line 1.

10, .
Oo-nolseratio, dB
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20lg(IK(X)1)

Fig.16. The channels’ gain-frequency responsesnfippulse responses with
spectral zeroes: Line 1 — h(k)={1,0,1,0,1}; Line-2 h(k)={1,1,1,1,1};
Line 3 h(k)={0.2275, 0.46, 0.688, 0.46, 0.2275},
x=wT=2rf IN, f=0,1,2,...,N/2.

In the case of a simple threshold detection aiétghannels
with spectral zeros can not be used for data treassom, since
the probability of errors in these channels haalaesbetween
0.25 and 0.5 due to ISl and for large values ofidigo noise
ratio, and even in the complete absence of noise.

IV. CONCLUSION

In conclusion, we can say that when estimating enois

immunity of the digital communications systems bsing
means of the imitation modeling, it is possible use the
central limit theorem for white Gaussian noise gatien.
However, in order to achieve more accurate resitlts
necessary to make sum of at least 10...12 uniform
distributed over interval of [-1,1] base randomues. At the
same time, it doesn’t matter which random numbersegator
exactly has been used +and(), unirand(), UNI or
frandon(). In numeric sequences,
generators, the random values are linearly indegn@lelta-
correlated).

Both the method of Box-Muller and ziggurat-methofd o
Marsaglia and Tsang gives same result at the enthébit
error probability, when modeling data transfer eyst with
Viterbi detection.

By comparing the computing time used by processin§a

program, the central limit theorem based methoduireg
significantly more time, than Box-Muller and ziggtw
methods. The least time is required by ziggurathoetfor
imitation modelling. This method should be recomdeshas
the most appropriate for noise immunity estimatiwhen
modelling digital communications systems with [Shda
AWGN with use of Monte-Carlo method. By it's acceya

created by thesg

Box-Muller method is similar to ziggurat-method, tbit
requires several more time (for about a quarter).

In order to achieve as small bit error probabilialue as
it's possible with a little additional computingrte loss, the
data reading delay from the survivor paths of thigersi
detector state diagram should be chosen by follgwime
expressionW=5xV , rather thanw=5x(V-1) one.
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Alberts Zelenkovs, Sergejs Zelenkovs. Gausa tro§ generatora iz\€le binaru kanalu trokSpnoturibas nowrtesanai ar Viterbi detektoru.

Sap rakst tiek apskatas 3 metodes ggdmskaifu forméSanai ar Gausa sagamu N(0,1), izmantojot gapimskaifus ar vienrarigu sadajuma likumu un
nulles vidtjo vertibu, ciparu sakaru sihu datora imicijas modedSara. Tadas metodes ir: ggdmskailu sumngSanas metode, kas basuz cen@o robeZas
teoemu, Boksa-Mullera metode un MaljsaTsanga zikuit-metode (piramdas metode). Dadas gagumskaifu genegSanas metodes tika izmantotas Gausa
trok§u modetSanai biaro datu @rraides ciparu sakaru sistas uztérgja ieef ar diametili pretgjo sigralu izmantoSanu (NRZ jeb BPSK veids) simetriskajos
karalos ar starpsimbolu interferenci un detSanu uztergja izeg ar Viterbi algoritmu. Kafls ar trok§iem un gaguma rakstura bidrajiem datiem tika
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modeéts ar Monte-Karlo metodi pie uzdatattie@bas sigals pret trokéiem (dB). ModetSanas rezuita tika ieditas trok&u generatoru histogrammas, ka ar
tika nowertetas preciziites un skajbSanas laika robezas i€gs daidam Gausa trokgu genegSanas metdan, ar kuem nowerté binaru datu @rraides ciparu
sakaru sig@mu trokdinotufibu. Tika izgtits, ka ietekne trok&notuibas noertéjumu daZda vienmerigi sadaito saskaitmo skaita izéle, gadjuma kad tiek
izmantota cen#ifa robezas te@ma. Tika apskata sakaru kaila lineira trakta daZda veida impulsa reakciju ietekme, kas noved pikunaSaas karala
frekvertu raksturikné. Tika precizts datu nolaSanas aizkaves laiks Viterbi detektoradzéps nepiecieSams lai nodragin pec iesgjas zenaku bitu Kudas
varbitibu pie nelieim skaitoSanas laika izmaksn.

Anbsbept 3esnenkoB, Cepreii 3esieHkoB. BpiGop remeparopa rayccopa miymMa JJIsl OLEeHKH NOMEXOYCTOHYHMBOCTH JBOMYHOr0 KaHAIAa C /IeTeKTOPOM
Burepon.

B maHHOI CTaThe pacCMAaTPUBAIOTCS TPU METO/A MOJIYYCHHMS CITydaifHbIX Ynceln ¢ rayccoBckuM pacrpenencHueM N(0,1) u3 ciaydaiiHbIX dmces ¢ paBHOMEPHBIM
3aKOHOM PacIpeeICHUs. U HyJIEBBIM CPEIHHM 3HAYEHUEM C IICJIbIO HCITIONb30BaHMs MPU KOMITBIOTEPHOM MMHTALHOHHOM MOJCINPOBAHUH ILM(PPOBBIX CHCTEM
cBsi3u. TaKUMH METOAMH SIBJISIFOTCS. METO/ CYMMHUPOBAHHUS CIy4aifHbIX YHCEN, OCHOBAHHBIH Ha LEHTPAJIbHON HPEeAeIbHOI TeopeMe, Meto bokca n Mromtepa u
3UKKypaT-MeTo] (MeTox nmupamuasl) Mapcansu u Tcanra. PasnudHbie METO/BI OYYEHHUS CIIy4ailHBIX YHCEIT MCIIOIB30BAINCE [UIS MOJCIHPOBAHHS FayCCOBBIX
[IyMOB Ha BXOJC MpPHEMHHKA LHU(POBBIX CHCTEM IEepeJavyd JBOMYHBIX JAHHBIX HAa OCHOBE MPOTHUBOMNONOXKHBIX curHaioB (ruma NRZ wm BPSK) B
CHMMETPHYHBIX KaHalax ¢ ME)KCUMBOJIBHOM HHTep(EPEHIMEH U IETCKTHPOBAHIEM Ha BBIXO/E IPUEMHHKA C TOMOIIBI0 anroputMa Burepbu. Kanai ¢ mymamu
U CITydailHBIM [OTOKOM ABOMYHBIX JAaHHBIX MOJEIMPOBaNCS MeToxoM Monte-Kapino mpu 3amaHHOM OTHolneHMH curHaia k myme B dB. B pesymbrare
MO/ICIIIPOBAHUS TOJIy4CHBI THCTOrPAMMBI TEHEPATOPOB IITyMa U OLCHEHBI NPEJIeIbHBIC BO3MOXKHOCTH 110 TOYHOCTH M BBIYHUCIUTEILHOMY BPEMEHH PA3IHYHBIX
METOZ0B TCHEPUPOBAHMS TAycCOBAa IIyMa, MCIOJIb3yeMbIX IPH OLCHKE MOMEXOYCTOMYMBOCTH KAaHANOB CBsi3U. lICCleqOBaHO BIMSHHE HA OLECHKY
[IOMEXOYCTOMYMBOCTH BBIOOpA Pa3HOTrO YHCIa CYMMHPYEMBIX CIy4YailHBIX YKCEN C PABHOMEPHBIM 3aKOHOM DACIpPE/ENCHHs IPU HCIIONb30BAaHIH LIEHTPAIBHOI
HpeenbHON TeopeMbl. PaccMOTpeHO BIUsiHHE BHIOOpPA Pa3HOTO THIIA UMITYJIbCHBIX PEaKIUi JIMHEHHON YacTH KaHaia CBsI3H, TIPUBOAAIIMX K HYJISAM B 4aCTOTHOM
XapaKTEePUCTHKE KaHaja. YTOYHEHO BPeMs 3aCP)KKH CUMTHIBAHMS JAHHBIX Ha BHIXOAE ACTeKTopa BurepOu, HEOOX0AMMOE IS MOTy4CHHUS MPEACIBHO Mol
BEPOSITHOCTH OGHTOBOI! OIIMOKH IIPU HEOOJBIINX 3aTPaTaX BEMUCIUTEIBHOTO BPEMCHH.
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