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Forecasting Highly-Aggregate Internet Time Series using Wavelet Techniques

Samuel Z. Edwards, LT, USCG

Abstract

The U.S. Coast Guard maintains a network structure to connect its nation-wide assets.
This paper analyzes and models four highly aggregate traces of the traffic to/from the Coast
Guard Data Network ship-shore nodes, so that the models may be used to predict future system
demand. These internet traces (polled at 5°40” intervals) are shown to adhere to a Gaussian
distribution upon detrending, which imposes limits to the exponential distribution of higher time-
resolution traces. Wavelet estimation of the Hurst-parameter is shown to outperform estimation
by another common method (Sample-Variances). The First Differences method of detrending
proved problematic to this analysis and is shown to decorrelate AR(1) processes where

0.65<¢<1.35 and correlate AR(1) processes with ¢;<-0.25. The Hannan-Rissanen method for

estimating ( ¢, é) is employed to analyze this series and a one-step ahead forecast is generated.
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1 Introduction

Presenting the Coast Guard Data Network

The Coast Guard Data Network (CGDN+)' connects all Coast Guard computer resources
through numerous connection lines, including T1, T3, modem and satellite links. Through
CGDN+, Coast Guard assets (ships and land stations) are connected to each other via the Coast
Guard intranet, the Internet, and the SIPRNET (a secret-level Coast Guard/DOD intranet). Coast

Guard ships are called cutters.

Packet data from Coast Guard cutters arrives to/from land through a satellite constellation
known as INMARSAT. INMARSAT is used for international maritime communications, and
provides coverage over most of the earth’s seas. Coast Guard cutters currently employ either 64
or 128 kilobit/second (kbps) connections through INMARSAT. This satellite internet connection
to Coast Guard cutters is a recent and very welcome development; it allows Coast Guard
administrative and logistics work to continue away from the dock and is a tool to ease the regular
separation of families while the cutter is underway. The CGDN+ ship-shore connection handles
Wide Area Network (WAN) traffic that consists of emails, internet communication and Coast

Guard information, making it a heterogeneous batch of traffic.

" The Coast Guard Data Network is named ‘CGDN+’ because it is the latest version of an evolving network.
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FIGURE 1-1: ROUTING SCHEME INVOLVED WITH CGDN+ SHIP/SHORE CONNECTION

A polling method has been devised to supervise the routers’ proper operation. In this
polling sequence, an independent server (located at Coast Guard Telecommunication and
Information Systems Command at Alexandria, Virginia) requests operational statistics from the
routers located at each Satellite Earth Station about once in every five minutes and forty seconds
(5°40”). These statistics are an aggregate of the INMARSAT activity with each ship and include
the number of packets (and bytes) received from a cutter or transmitted to the same cutter, as
well as a few other statistics. The four internet traces analyzed during this paper are known as
‘packin’, ‘packout’, ‘bytein’ and ‘byteout’. The direction (‘in/out’) has reference to the
perspective of the router at the Satellite Earth Station, so that byte arrivals are called ‘bytein’ and

represent the bytes transferred from the cutter to the Satellite Earth Station, etc.
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FIGURE 1-2: SUMMARIES OF NETWORK TRAFFIC TO/FROM CGC FORWARD BETWEEN 1-11 JULY 2005. (A) PACKET
ARRIVALS, (B) BYTE ARRIVALS, (C) PACKET TRANSFERS, AND (D) BYTES TRANSFERRED IN EACH POLLING INTERVAL.

The threshold apparent in Fig 1-2(D) corresponds with the maximum number of bytes
that can be transferred through a 128 kbps connection in 5°40”. The congestion in this series
suggests it as a candidate for further analysis. Although packet arrivals appear almost equal with
packet transfers (compare Figures 1-2 (A) & (C)), many more total bytes are transferred from the
Satellite Earth Station during each polling interval than are received. On average, packets
transferred contain more than twice the number of bytes as packets arriving. It seems likely that
much of the packet traffic arriving to Satellite Earth Station from CGC FORWARD is control

traffic (such as ACKnowledgements for packets received).



Overview of this work and its contributions
This research establishes models for understanding and forecasting the CGDN+ data

series. The results obtained may prove useful to network administrators of the CGDN+ and
similar systems. The first contribution of this paper will be to analyze a highly-aggregate®
internet series. The current literature prefers to dwell on the high time-resolution series like the
Bellcore traces, which are useful for router optimization. > Aggregate series, like the CGDN+

series may provide helpful information for more general network administration.
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FIGURE 1-3: LAG ONE PLOTS OF ILLUSTRATING (LEFT) BYTE ARRIVALS TO CGC FORWARD, AND (RIGHT) AN
UNCORRELATED SERIES.

The CGDN+ traces are realizations of a random process; the process is revealed by the
interlag dependencies of its outputs. Figure 1-3 presents strong evidence that significant
correlations exist in the CGDN+ traces, which make modeling and forecasting possible. [6], [7]
and [19] present models that take advantage of the interlag dependencies existing in time series
like the CGDN+. The simplest time series models are called Linear Stationary Models, meaning

that they use a linear structure to produce stationary results. This paper shows that a linear

? “highly aggregate” refers to the fact that observations in the CGDN+ series summarize all internet activity that
occurred during the preceding 5°40”.
? Appendix B compares the CGDN+ traces with the famous Bellcore traces.



model is appropriate for modeling the CGDN+ series, but that the series are non-stationary and
Long-Range Dependent and cannot be reproduced using a stationary model.
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FIGURE 1-4: AUTOCORRELATION FUNCTION OF USCGC FORWARD BYTE ARRIVALS.

Slowly decreasing dependencies, like those in Figure 1-4, are termed Long-Range
Dependencies (LRD). They indicate a self-similar system, and the infinite sum of these
autocorrelations would be unbounded. The slowly decreasing dependencies in Figure 1-4 imply
LRD, but other trends in the byte arrivals must be accounted and removed before that LRD can
be quantified. The first step in this work is to appropriately detrend each series before modeling.
Three methods of detrending are used on the data, and each produces similar results. Quite
notably, the first difference method of detrending (as presented in [6] and [7]) removed all
significant correlations from each of the series, as well as the trend.  Detrending by First
Differences made the CGDN+ series Short-Range Dependent! This finding came as a surprise
and the second contribution of this work is to present the conditions under which the First
Differences operation decorrelates its analyzed series.

Wavelet transforms are especially suited to working with self-similar (and thus LRD)
processes since the wavelet basis function is defined so as to be scalable. The wavelet

transformation can be plotted to display the time and frequency content of the analyzed signal



since wavelets have finite support. Additionally, each wavelet basis function possesses a
number, N, of vanishing moments that remove polynomial trends up to order N-1 upon
transformation. Reference [1] takes advantage of these vanishing moments to produce a wavelet
method of the Hurst parameter that is unbiased to polynomial and linear trends. This research
elaborates by showing that real, LRD series that have one significant partial correlation may be
significantly correlated by the Haar wavelet.
The third contribution of this work is to employ the wavelet estimation method (presented in
[1]) to produce more accurate forecasts of the CGDN+ traces. Estimates of the Hurst parameter
from the wavelet method are compared with the results of the Sample Variances method
(presented in [4]). Both estimates are used to transform the LRD byteout series into a Short-
Range Dependent series that is evaluated for (¢, é) using the Hannan-Rissanen Algorithm. [7]
Chapter Two begins this discussion with a primer on Wavelet Analysis, providing the
tools for improved methods of calculating the Hurst parameter. Chapter Three discusses the
assumption of modeling the data with a linear system, analyzes the non-stationarity of the
CGDN+ traces and detrends them. Also, the decorrelating influence of First Differences and the
conditions for this influence are presented in Chapter Three. Chapter Four presents the ARIMA
(p,d,q) and FARIMA(p,d,q) models for modeling non-stationary and LRD series, and quantifies
the LRD existing in the series. Chapter Five employs the recursive Hannan-Rissanen Algorithm
for modeling and forecasting a detrended byteout series. Chapter Six summarizes this paper’s

findings and gives recommendations for continued research.



2 Wavelet Transforms applied to Time Series Analysis

Function Spaces and Wavelet Transforms

What do wavelets contribute to Time Series Analysis? The answer begins with a
discussion of Functional Analysis. Every signal is a realization of the process that created it.
Other signals created by the same process will enjoy similar properties. A function space can be
defined as the set of all functions enjoying these similar properties. In Digital Signal Processing,
we work with discrete signals, which are either continuous time signals that have been sampled
at regular intervals, or (as in the case of this research) a real process that has been measured at
regular intervals and thus is only available at these intervals. Any set of functions can be divided
into a set of functions enjoying an additional characteristic, and a set of functions that don’t

enjoy that additional characteristic.

FIGURE 2-1: NESTED SUBSPACES, V,, AND THEIR ORTHOGONAL COMPLEMENTS, W,.

Take, for instance, a signal that is sampled at a rate of four times per second. This signal
belongs to a function space of all signals that are constant to intervals of 1/4 second, since there
is no information about the signal changing between samples. We’ll call this function space V»,

and it will be the set of all vectors that remain constant over an interval of 27 seconds. This



space will certainly contain all the vectors that are sampled at intervals of 1/2 seconds. In fact,
these vectors which remain constant over intervals of 27" seconds will belong to that subset of V,
which is called V;. Likewise, the set of all signals constant over periods of one second, called

Vo, 1s a subset of V.

When function spaces are nested, as illustrated in Figure 2-1, a class of functions that
previously fit in V; will no longer belong to Vi.i, and thus belong to its orthogonal complement,
denoted by W;j;. Thus, the “left-overs” are a complementary space to that of the nested
subspace. The more general function space, Vj, cannot be fully defined without both the nested
subspace, Vj.i, and its complement, Wj_].4 This process of nesting subspaces is called Multi-
resolution Analysis. Multi-resolution Analysis involves identifying the key characteristics of a
function (in the previous example: constant time intervals) and then matching the function with a
set of all functions that enjoy that common characteristic. The common characteristic may be
specified further, and with each further specification, the subset of common functions enjoying
that characteristic shrinks. Incidentally, it can be said that the CGDN+ series exists in Vg, the

nested subset of vectors constant in intervals of at least 256 seconds.

Let a polynomial function evolving over time may be expressed as:
f)=a,t"+a, t"" +.+at+a, (2-1)

So that the output, f(t), is related to input, t, by the polynomial having coefficients ax, where k=1,
2,....,n. The functional relationship between time and signal may be more concisely represented

by the n-dimensional vector:

* see [23] for a more complete development



(2-2)

The vector only displays the linear coefficients of the underlying function. Also, a vector may
simply consist of the observations in a series, as in the CGDN+ ‘packin’ series. Vectors that
simply present recorded data are commonly termed ‘arrays’. Since a vector is another manner of
expressing a functional relationship, a ‘vector space’ may be thought as a synonym of a ‘function

space’.
Let the basis vector of V; be orthogonal to the basis vector of W; by construction,

ZV_V\7=<V_V,\7>=O. Thus transforming X from V; into Vj; and Wj,; can be a lossless

transformation. If the bases are likewise orthonormal, ZW2 = Z:V2 =1, then the transformation

il

will likewise be distortionless. Such is the case with the Haar Basis, that is {

appears in R”.

(0,1) average
' (1,1)
Ay ——————— > - - -»>
1 (1,0) X |
: : difference
| (o (L-1)
| |
| |
v v
FIGURE 2-2: TWO BASES FOR THE TWO-DIMENSIONAL COORDINATE PLANE: (LEFT) STANDARD BASIS, AND (RIGHT)

HAAR BASIS.
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Here we have our introduction to Wavelet Theory. The differencing vector in the Haar
basis is the first wavelet vector, and the averaging vector is the first scaling vector. Every

wavelet basis consists of two basis vectors: scaling function and wavelet function.

It is also interesting to point out that Figure 2-2(right) may be applied to any discrete time
series. With a time series, dimensions are created by delay. Thus, bases in a time series relate
present observations with past observations. The total number of dimensions of a time series is
determined by its length, N. This is the total possible number of delays that the time series may
be subjected to in its analysis. Time series delays are further related to dimensions in Appendix

C, “Identifying the Dependencies”.
Vo

Averaged Signal

FIGURE 2-3: FILTER BANK DETAILING THE DECOMPOSITION OF A SIGNAL BY SUCCESSIVE FILTERING

The filter bank of Figure 2-3 demonstrates a signal, X, being decomposed by a succession of
basis vectors. Thus, the signal is averaged by the lowpass filter, and the details are captured by
the highpass filter. If the basis vectors used in Figure 2-3 are Haar basis vectors, then the

orthogonal wavelet transformation allows that the information captured by the highpass filter is

10



not redundant to the information captured by the lowpass filter.’” Thus a partition of vector space
V; has occurred, and V;, may be reconstructed by V; © W, where @ is the direct sum operator
that joins two subsets to a more inclusive superset. Likewise, V may be further decomposed by
another bank of lowpass and bandpass filters. If an orthogonal basis has been used to conduct
these transformation, then V, =V, ®@W , ®W,. This decomposition can be continued through
infinite steps (in theory, but not in practice). In practice, the decomposition will have many

levels of wavelet decomposition and a single set of most averaged value, Vjo.

> The Haar basis vector (like many other wavelet bases) allows for perfect reconstruction as well. More information
about the construction of such filter banks is available in [23].
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Mathematical Properties of the Wavelet Transform

Mathematically speaking, a wavelet is any function that is:

Condition #1: zero-average

J-l//(t)dt =0 (2-3)
Condition #2: square-integrable to one
Jl//z(t)dt =1 (2_4)

is a wavelet, meeting both

-1/ «/25}

Notice that the differencing vector of the Haar basis {l/

conditions (2-3) and (2-4). On the other hand, a sine wave (the basis of the Fourier Transform)
averages to zero, but it is square-integrable to +oo, which disqualifies it as a wavelet
transformation. In fact, wavelets must have a finite length (often called ‘finite support’) to meet
(2-4). Wavelet functions may be shifted (translated) in time or scaled as large or small as the

following equation shows:

1 t-u
v, = EW(T] _ (2-5)

This property makes wavelets a powerful transform for representing non-stationary

signals. The unshifted and undilated (meaning ‘regular sized’) wavelet, ¥, (1), is known as the

mother wavelet. All other wavelets are shifted and scaled versions of the mother wavelet. A

single wavelet pair consists of the scaling function and its mother wavelet. A particular scaling

12



function can create a mother wavelet (and henceforth all other wavelets in that ‘family’) through

. . 6
an 1terative process.

At each split of the filter bank the signal, f(t) or its approximation, is correlated with both
the scaling function on the lowpass channel or the wavelet function on the bandpass channel.
The output of the bandpass branch is stored as the wavelet coefficients at that scale, and the
output of the lowpass branch is the next averaged version of the input. The correlation is

accomplished by an inner product, yielding

t—-u

W, (u,s)=:[ f(t)%l//*[Tjdt , (2-6)

We have used f(t) and continuous time for generality’s sake, although an analogous inner

product transformation exists for discrete signals.

The Fourier Transformation is also useful to decode the frequency content of a time-
varying signal. The Fourier Transform or the Wavelet Transform (or numerous related
transformations) may be used to convert the signal into the frequency domain, but the operation
(an inner product) is similar in each transformation. The signal is correlated with the basis
function of that transformation (e.g.- a sine wave or a wavelet) to measure its similarity. The
output of this correlation is a number representing the signal’s content at that frequency and/or
scale. A primary advantage in using the Wavelet Transformation instead of the Fourier
Transformation is that some measure of time is preserved in the wavelet coefficients. The
Fourier Transform cannot preserve time because its basis vectors (sinusoids) have infinite
duration. Another significant advantage for using the Discrete Wavelet Transform is that DWT

can be performed using an order of ‘n’ (or ‘O(n)’) calculations, which is even less than the

® see reference [23] for more information about the iterative process of constructing wavelets from their scaling
functions.
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number of calculations required to conduct the very efficient FFT, which uses an order of nlog,n

calculations. [16]

Now, to answer the question of how wavelets contribute to Time Series Analysis. The
finite support condition of (2-4) allows for viewing the frequency and time characteristics of a
series in the same plot through a wavelet transform. Wavelet coefficients are pretty well
localized in both time and frequency. Heisenberg’s Uncertainty Principle (HUP) assures that
time and frequency cannot both be known exactly at the same time [23]. The HUP theorem

states that if ||f] = 1, then the product of o6 >1/2. The function’s time spread is defined as

0 0 A 2
o’ = I_ t2|f(t)|2dt, and its frequency spread is defined as &° = I_ o’ f(a))‘ dw. Thus,

increasing the analyzing wavelet’s frequency by 2’ results in a larger spread of frequencies, and

causes the time interval of wavelet coefficients to decrease by 2’ which is a narrower time spread.

Details Coefficients

800 1000 1200 1400 1600 1800 2000 2200

N

Scale of colors from MIN to MAX

FIGURE 2-4: DISCRETE WAVELET TRANSFORM (DWT) OF BYTEIN SERIES. TRANSFORM CALCULATED USING
MATLAB’S WAVELET TOOLBOX. SCALING IS ARRANGED IN DESCENDING ORDER FROM LOWEST TO HIGHEST
FREQUENCIES.

A frequency decomposition represents a process by its energy at various frequencies.

The Discrete Wavelet Transform (DWT) of bytein similarly displays wavelet coefficients at a
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variety of scales. The variance of wavelet coefficients at each scale, u, is referred to as the scale

variance &7(U,S). Scale Variance is a scale decomposition of a process’s energy similar to that
performed in a Power Spectral Density.
One use of the scale variance is to provide an unbiased estimate of the variance of a

stationary process. The Power Spectral Density (PSD) of a stationary process Y(t) may be

integrated as jll//z S, (f)df =07 =Var{Y,} to provide the process’s variance. Unfortunately, the

n —
sample variance relies upon the sample mean’, Gy :%Zi:l(yi —-y)’ =0, —Var(Y) making it a

biased estimator because Y converges in the limit to z,. Since in practice we analyze finite
series, therefore the sample mean Y # 4, does not usually equal true mean, although they will be

equal asymptotically, lim(Y) —0.

On the other hand, scale variances &7(U,S) are obtained through an orthogonal (lossless)

transformation and have zero mean.

E (W, (U,8)} = 2y ELY, .} =24 Yhy, =0 (2-7)

s=0 s=0

where h, s are the coefficients of the discrete wavelet filter. The average value of the wavelet

coefficients at any scale, therefore is 0. The scale variance, then is

57U =Var(w, (u9) = EWi (09} ~[EW, 0.9} = EMi (U9} = Dwius) (-5)

j =0

Scale variance is an unbiased estimator of a process’s variance across each scale. Process

variance is then obtained by

7see [21] for explicit proof
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Var{Y,} = var{v,(J,,5)} + i&?(u,s) (2-9)

u=1
where V;(J,,S) is the scaling function of f(t) after J, levels of wavelet decomposition.

Admittedly, the accuracy of variance is limited by the number of wavelet decompositions are
taken. In theory, infinite steps of decomposition will provide a series of scale variances that sum
to the true variance. Practical series, however, are finite and the wavelet decomposition is
approximated at some point Jo. A thorough treatment of the accuracy and cost associated with
approximation at level Jy can be found in [23].

A wavelet-based method of estimating the Hurst parameter, H, is presented in [1]. The
wavelet method i1s performed by conducting a time average of squared wavelet coefficients at

each scale.

L1
62(U,8) = S wAu,s) (2-10)
n. «—
j s=0

Since wavelet coefficients are a zero-mean process of x(n), the time average of squared wavelet
coefficients is the variance of wavelet coefficients at that scale. This ‘scale-variance’, & (U,S)is
the measure of energy that lies within a given bandwidth around the center frequency of each
scale in x(n). When each of these scale-variances are plotted (as Figure 3-16 (right) will reveal),
the slope, B, is found to be a robust estimate of the process’s H parameter

H=1(6+1) (2-11)
With this wavelet estimator, LRD series will display a positive spectral slope. But, if the series’s
wavelet variances were flat, the series is uncorrelated, or if they decrease, then the series is SRD.

Reference [1] includes a thorough treatment of the wavelet-based estimator, including a

detailed comparison with another standard H-estimator, the D-Whittle estimator. This paper
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shows that the wavelet estimator is resistant to polynomial and sinusoidal trends when a
decomposition wavelet with sufficient vanishing moments is chosen. Wavelet bases have a

number of vanishing moments, N,

[t'w,(®dt=0, Vk=0,1,..N-1 (2-12)

So, polynomial trends tk in the analyzed signal (up to order N-1) are not transformed with the
signal into the wavelet domain. The Haar wavelet is the first in a series of Daubechies wavelets,
numbered in accordance with the number N vanishing moments that the basis wavelet can
ignore. [1] also explains that using a wavelet basis with more vanishing moments means
increasing the wavelet’s coefficients. So, N=H+1 is suggested as a good balance, since more
coefficients can lead to inaccuracy due to border effects, and fewer coefficients results in an

estimate with higher variance. Finally, [1] indicates that the wavelet method is an efficient

estimator of H , with a variance equal to the Cramer-Rao lower bound.

This research has also found the wavelet method able to accurately measure H with
shorter batches of samples than other standard H-estimates. Byteout was aggregated successively
and then measured for H. The log-variance method produces H-estimates with unreasonable
variance when the number of samples is reduced to 100 samples. However, the wavelet method
is able to produce consistently LRD results with data samples of down to 50 samples (see Table

2-5).
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Sequence Title H (by wavelet method) H (by sample var. method)
Byteout (full sequence) 0.975 0.836
Byteout(1:500) 0.927 0.867
Byteout(1:200) 0.808 0.803
Byteout(1:100) 0.800 Inf
Byteout(1:50) 0.659 Inf
Byteout(1:20) 1.007 Inf
Byteout(1:10) 0.850 Inf
Byteout(1:5) -1.805 Inf

TABLE 2-5: HURST ESTIMATES OF SUCCESSIVELY SHORTER SEQUENCES AS MEASURED BY WAVELET AND LOG-

VARIANCE METHODS.
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3  Assumptions of Linearity and Stationarity

Gaussianity employed in highly-aggregated internet traces
Choosing the most appropriate model depends upon the assumptions that may be made

regarding the CGDN+ series. This chapter will demonstrate that the CGDN+ series can be
modeled with a linear system, but that these series are not stationary. The series will then be
detrended to allow for comparison between Hurst parameter estimators in the next chapter, as

well as to simplify the modeling conducted in Chapter Five.

7 ® ms Q-0 plots demonstrate how averaged byteout converge ta Mim=0,std=1.4e6)
4
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FIGURE 3-1: (LEFT) HISTOGRAM BYTEOUT AFTER DETRENDING APPEARS GAUSSIAN DISTRIBUTED. (LEFT) Q-Q pLOTS®
SHOW MORE CONCLUSIVE EVIDENCE THAT DETRENDED BYTEOUT IS GAUSSIAN DISTRIBUTED. (LEFT-TOP)
ORDERED BYTEOUT BROKEN INTO 100 QUANTILES. (BOTTOM) QUANTILES EXTRACTED FROM 23 SERIES OF
BYTEOUT, THEN QUANTILES ARE AVERAGED.

Finding gaussianity in the differenced CGDN+ series simplifies analysis of these highly
aggregated internet time series. This thought runs counter to current research, where
assumptions of gaussianity are relaxed whenever possible. Yet, the detrended byteout series is
manifestly Gaussian (as shown in Figure 3-1). Similar tests showed that the detrended bytein,
packout and packin series also converge to a Gaussian distribution. According to R. E. Kalman
[10], “assuming independent gaussian primary random sources, if the observed random signal is

also gaussian, we may assume that the dynamic system between the observer and the primary

¥ Q-Q plots are created by comparing quantiles of the series under testing against quantiles of a standard distribution
(e.g.-Gaussian distribution).
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source is linear.” This means that since the detrended CGDN+ series appear Gaussian
distributed, it is reasonable to use a linear system in modeling these series.

A linear model is more easily manipulated by engineering tools, and linear system theory
is much more complete than nonlinear systems theory. Also, the Gaussian distribution is stable
and its domain of attraction includes many commonly found distributions, including the uniform
and the exponential. Linear stationary models, as well as the ARIMA (p,d,q) and
FARIMA(p,d,q) are linear models [4], [6], and [7]. Following Kalman’s reasoning, it is
reasonable to expect that a linear model, fueled by Gaussian inputs could recreate the CGDN+
series.

Internet series with higher time resolution are not generally Gaussian distributed.
According to [2], “...Weibullian or log-normal behavior is more common than Gaussian [in
internet traces], unless the data has already been highly aggregated or if scales above a few
seconds are examined.” Similarly, Leland and Wilson published finding that “LAN traffic is
extremely burst across time domains spanning six orders of magnitude” [11]. Finding
Gaussianity in the aggregate traces of CGDN+ is not a trivial finding. The CGDN+ (and more
general internet traces) converge to the Gaussian distribution according to the Central Limit
Theorem. Therefore, the exponent of high-resolution traces cannot be so large as to create a
thick tailed distribution that would diverge from the Gaussian upon aggregation.

Discovering Gaussianity in highly aggregated internet series can work to the network
administrator’s advantage, by providing a strong foundation for modeling through linear systems
and Gaussian inputs. Whereas the distributions of highly aggregate internet series are only
mentioned in [2] and [11], one of the significant contributions of this work is to point out the

simplifications made available by finding that the CGDN+ series are Gaussian distributed.
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CGDN+ series experience a strong daily cycle
Perhaps the experienced reader suspected that the CGDN+ data was nonstationary by

viewing Figure 1-2. The averaged signal in Figure 3-2 presents another evidence of non-
stationarity. As mentioned in Chapter 2, the wavelet decomposition separates high frequencies
from lower frequencies (or an averaged signal). The wavelet decomposition likewise allows for
perfect reconstruction of the original sequence. If perfect reconstruction is not desired,
thresholding the wavelet coefficients before synthesis provides a wavelet method of denoising
the signal. Figure 3-2 shows a 25-day packet arrival series whose wavelet coefficients were
thresholded; roughly 25 peaks evidence the daily cycle found in much of the CGDN+ ship-shore

traffic. Daily cycles are frequently found in internet series.

HL Facket Arrivals {minus two outliers) from 2-27 Aug 2005, denoised by wavelet method
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FIGURE 3-2: AVERAGE PACKET ARRIVALS OVER 25 DAYS.

The reader may notice that two outliers are subtracted from the packet arrivals series
before Figure 3-2 is calculated. Outliers are a serious consideration in analyzing the CGDN+
data, where mistakes are sometimes created by the data collection process. Additionally, long
polling intervals occur on occasion, giving a disproportionately high packet/byte statistic for that

interval. The two outliers subtracted from the sequence in Figure 3-2 are identified visually,
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since they are so large as to visually diminish all other observations. The four series analyzed in
this research did not have similarly self-evident outliers, and were not subjected to robust or
classical methods of outlier detection prior to analysis.

Figure 3-2 gives a more precise estimate of the periodicity in each CGDN+ series. The
series byteout, packin and packout are approximately 24 hours periodic. Periodicity of the bytein
series is much less pronounced, and seems to be out of sync with packin until after about lag
1000. Perhaps bytein is composed primarily of control data. Control data (such as
acknowledgements for packets received) are a more consistent form of internet traffic. Since the
network will constantly check that the cutter is still online, some of the control data will not be
dependent upon the cutter’s workday. Byte arrivals seem to indicate traffic volume, while packet
arrivals give an idea of the changing traffic frequency. When more packets are sent, then more
acknowledgments (which are byte-wise small packets) will be received. Thus packin expresses
much weaker 24 hour periodicity than do the other series.

Comparisen of bytein and packin comelations. Comparison of bytecut and packout comelations.

byteaut comelations

fiein comelations. |
bytein correlations packout comelations

packin comelations

between lagged ob
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Strength of
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(] 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
Lag (in poling intervals)
Lag (in poling intenvals)

FIGURE 3-3: AUTO-CORRELATION FUNCTIONS FOR CGC FORWARD DATA SERIES BETWEEN 1-11 JULY 2005. (LEFT)
PACKET ARRIVALS VS. BYTE ARRIVALS, (RIGHT) PACKET TRANSFERS VS. BYTE TRANSFERS.

Figure 3-4 applies the Fourier Transform to further quantify the estimate of byteout
periodicity. A Hanning Window (employed in Figure 3-4 (C) and (D)) reduces sidelobe

interference before calculating the series’s Magnitude Response. Further frequency domain
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smoothing is accomplished by processing the Fourier Transform of a sequence’s autocorrelation

function (in Figure 3-4 (B) & (D)). This method takes advantage of the Wiener-Khinchine

relation that relates Spectral Density to the Fourier Transform of the Autocorrelation function.”

S, (@)= | R (06 dr=3{R, (1)}

—00

(3-1)

Smoothing is attained by this method because an estimated autocorrelation of byteout is used.

Therefore, only the most significant frequencies of byteout are transformed in Figure 3-4 (B).

® WUH FSD of byteout data, using 8132 point DFT, major freq at f=1.1682e-5 Hz
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FIGURE 3-4: POWER SPECTRAL DENSITIES (PSD) OF BYTEOUT SERIES DEMONSTRATING ITS DAILY PERIODICITY. (A)
PSD OF UNWINDOWED BYTEOUT SERIES, (B) PSD OF THE AUTOCORRELATION FUNCTION OF UNWINDOWED

BYTEOUT, (C) PSD OF BYTEOUT AFTER HANNING WINDOWED, AND (D) PSD OF AUTOCORRELATION FUNCTION

OF BYTEOUT AFTER HANNING WINDOW IS APPLIED.

? The relation between autocorrelation function and sample spectrum is also proved in [6].



Figure 3-4 (D) shows that the 24-hour cycle of byteout is truly the most powerful trend in
this series. Similar power spectral densities were calculated for packin and packout series. The
PSD of byteout and PSD of windowed byteout both have strongest frequencies at 1.1682e-5 Hz,
which corresponds with a trend period of T=23.778 hrs. Interestingly, the Hanning window has
smoothed the