PREDICTION OF NETWORK TIME DELAY WITH POISSON DISTRIBUTION
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Abstract — Prediction of a network time delay is presented and
discussed. Moving average, exponential moving average and
linear least square prediction methods are applied. The accuracy
of prediction is estimated with mean absolute error. It is assumed
that network time delay have no predefined distribution and can
come from Poisson probability distribution family with given
range of lambda. Two types of autocorrelation are considered:
zero autocorrelation and exponential autocorrelation. The
simulation of prediction is realized in Matlab. The results of
simulation are visualized and presented.

I ntroduction

In networked control system (NCS) actuators, sensors
and controller are interconnected via a communication
network. This interconnection makes it possible to
reduce wiring costs and improves scaability of a
system [1]. Main drawbacks of a network, which affect
a control system dynamic, are transmission time delay
and data lost. The properties of network time delay are
depended from type of network. In random access
networks time delay is variable. The reasons of
variability are queues, collisons and change of
transmission path. Focus of the paper is on prediction of
arandom time delay.

In literature different approaches of time delay
prediction are used. Average (A), moving average
(MA) and autoregressive integrated moving average
(ARIMA) models are applied in [2], autoregressive
(AR) moddl in [3] and neural networks (NN) in [4].
Two main approaches for experiment setup are applied:
Internet connection between two hops with rtt time
prediction and time delay generating from predefined
digtribution in simulating platforms, such as Matlab. In
first case, the training sample of time delay was
obtained by ping command. In second case, time delay
training sample normally is generated from Normal,
Poisson, Gamma and Weibull distributions with
predefined parameters. Then for training sample of both
approaches choose parameters of predictors.

There are two main drawbacks of above mentioned
method. The parameters of predictors are dependent not
only from time delay distribution, but also from
autocorrelation, because the next time delay prediction
is based on previous values. And the form of time delay

distribution can variate, if object is mobile or if new
objects are integrated in to the network.

In this paper the simulation of prediction of the random
network time delay is realized. The samples from
Poisson distribution family with zero and exponential
autocorrelation functions are used. For the prediction of
time delay are applied moving average (MA),
exponentially moving average (EMA) and least linear
squares (LLS) predictors.

Task of the paper is an estimation of accuracy of time
series predictors at different time delay distribution and
autocorrelation: error = f(n,1 ,R ).

System description

The simple system with a sender from one side and a
receiver from second side of the network is
investigated. The sender periodically sends packets to
receiver via communication network. The receiver
receive packet i=(1,2,...,N) with time delay t, (Fig.
1).
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Fig. 1. Communication diagram
Time delay model

Assume that the time delay is a random value with
Poisson probability distribution:
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where
t —timedeay;
| — parameter.



Parameter | is a natural number from the range
I'1 (1,2....50) | pojsson probability distribution family
with | increment at one axisisrepresented in Fig. 2.

Fig. 2. Poisson probability mass function

Poisson probability is chosen because: it is one
parameter distribution (only one coordinate axis is
used) and widespread in queuing theory.

Also we have predefined  autocorrelation.
Autocorrelation coefficient is close to zero if time delay
is random and is not equal to zero if time delay have
correlation with itsdf. For example, in Ethernet
networks generaly autocorrelation of time delay have
exponential form.

We assume that autocorrelation coefficient is zero in a.
case and exponentially decrease in the b. case:
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ry=0.25° (2b)
where
k — back shift operator.

Predictors

For time delay prediction moving average (MA),
exponential moving average (EMA) and least linear
square (LLS) methods are used [5].

Method of MA is based on calculating of the average
value n latest measurements. Equation of next value
prediction can be written as:
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In method of exponential moving average for
measurements applies weighting factors which decrease
exponentialy. And asin previous method the prediction
is based on n latest measurements of time delay.
Equation can be written as:

th,=at +(1-a); (49)
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where
a — parameter.

The third method is least linear squares. Equations for
Xy coordinate system for n previous y values can be
written as.
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where
b,,b, — parameters.

Value X is a packet number i and Y isatimedelay U .

By replacing ¥, X and X in equitation’s (5a), (5b),
(5¢) with
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Prediction accuracy estimation

For the predictors accuracy estimation a mean absolute
error (MAE) is calculated. Error calculation starts at
step i = n+1. Genera expression for the mean absolute
error is:

i0, if i<n+1,
MAE, =} a lt,—t,l (8)
| mene , ifi>=n+1.
) i-n
Simulation

The structure of simulation is shown at Fig. 3.

Cumulative Poisson
distribution function for
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MAE calculation
Fig. 3. Smulation structure

At stat of simulation the values of cumulative
probability distribution function for | =1 are
calculated. At the next step the samples with a. and b.
case of autocorrelations are obtained by Monte Carlo
method. Each sample size is N=10000 The typical

autocorrelation curves of samples are represented at
Fig. 4. Then starting from 1= N value U1 is predicted
with MA, EMA and LLS predictors. Prediction results
are estimates with MAE. Simulation sequence for each
| isrepeated Ne=100 times, After N€ js obtained all
simulation steps are repeated for the next value.
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Fig. 4. Autocorréation curves

Results

MAE contours of MA, EMA and LLS predictor are
presented at Fig. 5. Left plot of a. case and right plot of
b. case of autocorrelation. In b. case are reduced
accuracy of MA predictor (exception for n=(1,2)),
reduced accuracy of LLS and increased accuracy of
EMA predictor. Dispersons of contours of dl
predictors are increased.
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Fig. 5. Simulation results



Mean error curves of MA, EMA and LLS predictors for
al | is shown a Fig. 6. The accuracy of EMA
predictor in the range 4<n< 20 is reduced. Predictor
obviously improve prediction accuracy with n
increasing in the range 20<n<100. Probably this
tendency will continues for n>100. Behavior of MA
and LLS predictors accuracy is very similar: accuracy
decrease in the range 4<n<12 and 8<n<18
respectively.
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Fig. 6. Mean error curves

Conclusion

Prediction accuracy of network time delay with similar
probability distribution can be different due to
autocorrelation. It is necessary to consider
autocorrelation at predictor and its parameter choosing.
Accuracy of MA class predictors increasing then
weighting coefficients become close to autocorrelation
coefficients. Accuracy of LLS predictor at wesk
autocorrelation is better.

Future research in this direction is to found a bound at
which MA class predictors more accurate than LLS
predictor. To define an correlation between distribution
moments (expectation, variance, skewness, kurtosis)
and prediction accuracy.
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Renads Safins. Tikla aizkaves laika ar sadalijjumu péc
Puasona likuma prognozesana

Darbs vdtits gadijuma mainiga prognozeésanas jautajumam.
Izmantotas laika rindu prognozesanas metodes — slidosais vidgjais,
eksponencials dlidosais videjais un mazako kvadratu metode.
Prognozesanas precizitate tiek noverteta ar videjo absolato kladu. Ir
pienemts, ka gadijuma mainigam nav defingta varbatibas sadalijuma
un tas var nakt no Puasona sadalijjuma gimenes ar dotu lambada
parametra diapazonu. Aplukoti divi autokorelaciju gadijumi: nulles
un eksponenciala autokorelacija. Prognozesanas simulacija realizeta
Matlab programma. Rezultati vizualizeti un piedavati darba.

Penan Cadun. IIporHosupoBaHue BpeMeHHM CceTeBOil
3a/1epaKKH pacnpeneénHoii no 3axony Ilyaccona

PabGota mocBemeHa BOMPOCY NPOTHO3UPOBAHHUS — CIydYaiHOM
BeJIMYMHBL. M CIOTb30BaHBI METOIBI MPOTHO3UPOBAHMS BPEMEHHBIX
PAAOB — CKOJB3SIIETO CPEJHET0, SKCIIOHEHIIUAIBHOTO CKOJIB3SILEr0
CPEJHEro U MeToJa HaUMEHBUIMX KBaJpaToB. TOYHOCTh NPOrHO3a
OLICHMBAETCS C MOMOINBIO aOCONIOTHOW cpegHedl  OmMOKH.
[Ipunumaercs 4To ciaydaiiHas BEJIMYMHA HE MMEET ONpPENeIEHHOrO
pachpeienieHuss 1 MOXET OTHOCHUTBCS K CEMEHCTBY paclpeneIeHHs
BeposiTHOCcTell Ilyaccoma ¢ 3ajaHHBIM JAWAma3oHOM JSIMOZa.
PaccmoTpensl  gBa  cioydas — aBTOKOpETALMM.  HyneBas |
SKCTIOHEeHIHanbHass. CHMyIALUS POTHO3UPOBAHUS Pean30BaHa B
nporpamme Matlab. Pesynbrarel cuMyssiiun BH3yalTM3UPOBAHBI H
NIPE/ICTaBIICHEI B paboTe.
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