On the Self-Similar Nature of Ethernet Traffic

Will E. Leland† Murad S. Taqqu§ wel@bellcore.com murad@bu-ma.bu.edu

Walter Willinger† Daniel V. Wilson† walter@bellcore.com dvw@bellcore.com

†Bellcore §Department of Mathematics 445 South Street Boston University Morristown, NJ 07960-6438 Boston, MA 02215

Abstract

We demonstrate that Ethernet local area network (LAN) traffic is statistically self-similar, that none of the commonly used traffic models is able to capture this fractal behavior, and that such behavior has serious implications for the design, control, and analysis of high-speed, cell-based networks. Intuitively, the critical characteristic of this self-similar traffic is that there is no natural length of a "burst": at every time scale ranging from a few milliseconds to minutes and hours, similar-looking traffic bursts are evident; we find that aggregating streams of such traffic typically intensifies the self-similarity ("burstiness") instead of smoothing it.

Our conclusions are supported by a rigorous statistical analysis of hundreds of millions of high quality Ethernet traffic measurements collected between 1989 and 1992, coupled with a discussion of the underlying mathematical and statistical properties of self-similarity and their relationship with actual network behavior. We also consider some implications for congestion control in high-bandwidth networks and present traffic models based on self-similar stochastic processes that are simple, accurate, and realistic for aggregate traffic.

1. INTRODUCTION

The main objectives of this paper are (i) to establish in a statistically rigorous manner the self-similarity characteristic or, to use a more popular notion, the fractal nature of the high time-resolution Ethernet traffic measurements of Leland and Wilson (1991), (ii) to illustrate some of the most striking differences between self-similar models and the standard models for packet traffic currently considered in the literature, and (iii) to demonstrate some of the serious implications of self-similar network traffic for the design, control, and performance analysis of high-speed, cell-based communications systems.

Intuitively, self-similar phenomena display structural similarities across all (or at least a very wide range of) time scales. In the case of Ethernet LAN traffic, self-similarity is manifested in the absence of a natural length of a "burst"; at every time scale ranging from a few milliseconds to minutes and hours, bursts consist of bursty subperiods separated by less bursty subperiods. We also show that the degree of self-similarity (defined via the Hurst parameter) typically depends on the utilization level of the Ethernet and can be used to measure "burstiness" of LAN traffic. The term "self-similar" was formally defined by Mandelbrot. For applications and references on the theory of self-similar processes, see Mandelbrot (1983) and the extensive bibliography by Taqqu (1985). For an early application of the self-similarity concept to communications systems, see the seminal paper by Mandelbrot (1965).

In this paper, we use very high quality, high time-resolution LAN traffic data collected between August 1989 and February

1992 on several Ethernet LANs at the Bellcore Morristown Research and Engineering Center (MRE). Leland and Wilson (1991) present a preliminary statistical analysis of this unique high-quality data and comment in detail on the presence of "burstiness" across an extremely wide range of time scales: traffic "spikes" ride on longer-term "ripples", that in turn ride on still longer term "swells", etc. This self-similar or apparently fractal-like behavior of aggregate Ethernet LAN traffic is very different both from conventional telephone traffic and from currently considered formal models for packet traffic (e.g., pure Poisson or Poisson-related models such as Poisson-batch or Markov-Modulated Poisson processes (Heffes and Lucantoni (1986)), packet-train models (Jain and Routhier (1986)), and fluid flow models (Anick et al. (1982)), etc.). These differences require a new look at modeling the traffic and performance of broadband networks. For example, our analysis of the Ethernet data shows that the generally accepted argument for the "Poisson-like" nature of aggregate traffic, namely, that aggregate traffic becomes smoother (less bursty) as the number of traffic sources increases, has very little to do with reality. In fact, the burstiness (degree of self-similarity) of LAN traffic typically intensifies as the number of active traffic sources increases, contrary to commonly held views.

Because of the growing market for LAN interconnection services, LAN traffic is rapidly becoming one of the major potential traffic contributors for high speed networks of the future such as B-ISDN. Another expected major contributor is variable-bit-rate (VBR) video service. Since VBR video traffic has recently been shown to display the same self-similarity property as LAN traffic (see Beran et al. (1992)), self-similar models provide simple, accurate, and realistic descriptions of traffic scenarios to be encountered during high-bandwidth network deployment.

In light of this new understanding of the nature of broadband traffic, we also address some of the serious implications of selfsimilar traffic for issues related to the design, control, and performance analysis of high-speed, cell-based networks. As one specific example, we consider the area of congestion management and show that the nature of congestion produced by self-similar traffic differs drastically from that predicted by traffic models currently considered in the literature and is far more complex than has been typically assumed in the past. As a result, proposed congestion control schemes that work well assuming conventional traffic models typically perform less than satisfactorily in a self-similar traffic environment. Finally, we mention two approaches for modeling self-similar network traffic.

The paper is organized as follows. In Section 2, we first briefly describe the available Ethernet traffic measurements and comment on the changes of the Ethernet environment during the measurement period from August 1989 to February 1992. In

ACM SIGCOMM –203– Computer Communication Review

Section 3, we give the mathematical definition of self-similarity, identify classes of stochastic models which are capable of accurately describing the self-similar behavior of the traffic measurements at hand, and present statistical techniques for dealing with self-similar data. Section 4 describes our statistical analysis of the Ethernet data, with emphasis on testing for selfsimilarity. We illustrate our statistical methods with a variety of different sets of Ethernet traffic data, taken at different times during the measurement period, with quite different user populations and gross traffic rates. We typically deal with time series with hundreds of thousands of observations and are, therefore, in the unique situation to rely on statistical results known to hold asymptotically in the number of observations. Finally, in Section 5 we discuss the significance of selfsimilarity for traffic engineering, and for operation, design, and control of B-ISDN environments. Among the implications discussed are (i) infinite variance source models for individual Ethernet users, (ii) inadequacies of commonly used notions of "burstiness", and (iii) better understanding of the nature of congestion for broadband network traffic. We conclude with a brief discussion of two different approaches for modeling selfsimilar network traffic.

2. TRAFFIC MEASUREMENTS

The monitoring system used to collect the data for the present study is custom built, records all packets seen on the Ethernet under study with accurate timestamps, and will do so for very long runs without interruption. The monitoring system is designed so that traffic analysts need make no a priori decisions as to what they are searching for when the data is taken other than how much of each packet is to be saved. The monitor was custom-built in 1987/88 and has been in use to the present day with one upgrade. The original version is described at length, including extensive testing of its capacity and accuracy, in Leland and Wilson (1991). There is only one major difference between the two versions: the updated version records timestamps accurate to 20 ms versus the original version’s accuracy of 100 ms.

2.1 BELLCORE’S NETWORK ENVIRONMENT

The MRE environment is probably typical of a research or software development environment where workstations are the primary machines on people’s desks. Table 1 gives a summary description of the traffic data analyzed later in the paper. We consider 4 sets of traffic measurements, each one representing between 20 and 40 consecutive hours of Ethernet traffic and each one consisting of tens of millions of Ethernet packets. The data were collected on different intracompany LAN networks at different periods in time over the course of approximately 4 years (August ’89, October ’89, January ’90, and February ’92). The traffic was mostly from services that used the Internet Protocol (IP) suite for such capabilities as remote login or electronic mail, and the Network File System� (NFS) protocol for file service from servers to workstations. While it is not our intent to provide here a detailed description of the particular MRE network segments under study, some words about the network environment from which each data set was taken are appropriate.

The first two data sets were collected from a typical workgroup or laboratory network which was isolated from the rest of the Bellcore network by a router. At the time of collection of the first (August ’89) data set, the laboratory consisted of about 140 people, most of whom had diskless Sun-3� -class workstations on their desks. The network in the laboratory consisted of two cable segments separated by a bridge, implying that not all traffic within the laboratory could be seen by the monitor. The hosts on this network consisted of workstations, their file servers, and a pair of DEC 8650� -class minicomputers. Only a small number of hosts were reduced instruction set (RISC) based. However, by the time the second data set (October ’89) was collected, a massive upgrade of the Sun-3 class machines to RISC-based SPARCstation 1� and DEC 3100-class machines had taken place on this network, along with a small increase in the number of hosts (from about 120 who spoke up during the first collection to about 140 in the second set). This extensive upgrade is the reason for the large increase in traffic volume seen between the first two data sets. Note, for example, that the "busy hour" from this October ’89 data set is indeed busy: 30.7% utilization as compared to 15.1% during the August ’89 busy hour; similar increases can also be observed for the low and normal hours. Less than 5% of the total traffic observed in these two data sets was from conversations with hosts in the rest of Bellcore or the outside world; during the busy periods this figure was more typically 1-2% of the total traffic observed.

The third data set, taken in January 1990 (row 3 in Table 1), came from an Ethernet cable that linked the two wings of the MRE facility that were occupied by a second laboratory. At the time the data set was collected, this second laboratory comprised about 160 people engaged in work similar to the first laboratory. This particular Ethernet segment was unique in that it was also the segment serving Bellcore’s link to the outside Internet world. Thus the traffic on this cable was from several sources: (i) two very active file servers (Sun 4/490� ’s) directly connected to the segment; (ii) traffic (file service and remote login) between the two wings of this laboratory, (iii) traffic between the laboratory and the rest of Bellcore, and (iv) traffic between Bellcore as a whole and the larger Internet world. This Ethernet segment was specifically monitored to capture this last type of traffic, which we term external traffic. We studied both the aggregate and external traffic from this and the last data set, but as we shall see in Section 4 the external traffic was no different from internal traffic as far as our analysis is concerned. This segment was separated from both the Bellcore internet and the two wings of the laboratory by bridges, and from the outside world by a vendor-controlled router programmed to pass anything with a Bellcore address as source or destination. In contrast to the two earlier data sets, over 1200 hosts spoke up during the 40 hour monitoring period on this segment.

The last data set, taken in February 1992 (row 4 in Table 1) was taken from the Ethernet "backbone" in the MRE facility. Because of rising concern about network security, Bellcore’s connection to the Internet world was moved to a Bellcorecontrolled "firewall" security router directly connected to the building backbone. Many major workgroups and laboratories also inserted routers between their networks and the backbone; previously they had been either directly connected or bridged. The traffic on this backbone cable therefore consisted of (i) traffic between workgroups and laboratories within the MRE facility, including traffic between the two laboratories previously discussed, (ii) traffic from some individual hosts still directly connected to the backbone, (iii) traffic from MRE to other Bellcore locations via a mesh of bridged interlocation links, and finally (iv) external traffic from Bellcore to the outside Internet world. Because there is very little workstation to fileserver traffic on this cable, the overall load on this cable is the lowest of any of the three data collection points considered. The most radical difference between this data set and the others is that the traffic is primarily router to router rather than host to host. About 600 hosts spoke up during this measurement period (down from about 1200 active hosts during the January ’90 measurement period), and the five most active hosts were routers. The updated version of the monitor was used to collect

ACM SIGCOMM –204– Computer Communication Review

iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii Traces of Ethernet Traffic Measurements iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii Measurement Period data set total number total number Ethernet of bytes of packets utilization iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii AUGUST 1989 total (27.45 hours) cc c c c cc c c c cc c c c 11,448,753,134 cc c c c 27,901,984 cc c c c 9.3% iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Start of trace: low hour AUG89.LB 224,315,439 5.0% Aug. 29, 11:25am (6:25am-7:25am) cc c c cc c c AUG89.LP cc c c cc c c 652,909 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

End of trace: normal hour AUG89.MB 380,889,404 8.5% Aug. 30, 3:10pm (2:25pm-3:25pm) cc c c cc c c AUG89.MP cc c c cc c c 968,631 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

busy hour AUG89.HB 677,715,381 15.1% (4:25pm-5:25pm) AUG89.HP 1,404,444 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii OCTOBER 1989 total (20.86 hours) cc c c c

cc c c c

cc c c c 14,774,694,236 cc c c c 27,915,376 cc c c c 15.7% iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Start of trace: low hour OCT89.LB 468,355,006 10.4% Oct. 5, 11:00am (2:00am-3:00am) cc c c cc c c OCT89.LP cc c c cc c c 978,911 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

End of trace: normal hour OCT89.MB 827,287,174 18.4% Oct. 6, 7:51am (5:00pm-6:00pm) cc c c cc c c OCT89.MP cc c c cc c c 1,359,656 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

busy hour OCT89.HB 1,382,483,551 30.7% (11:00am-12:00am) OCT89.HP 2,141,245 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii JANUARY 1990 total (40.16 hours) cc c c c

cc c c c

cc c c c 7,122,417,589 cc c c c 27,954,961 cc c c c 3.9% iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Start of trace: low hour (Jan. 11, JAN90.LB 87,299,639 1.9% Jan. 10, 6:07am 8:32pm-9:32pm) cc c c cc c c JAN90.LP cc c c cc c c 310,038 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

End of trace: normal hour (Jan. 10, JAN90.MB 182,636,845 4.1% Jan. 11, 10:17pm 9:32am-10:32am) cc c c cc c c JAN90.MP cc c c cc c c 643,451 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

busy hour (Jan. 11, JAN90.HB 711,529,370 15.8% 10:32am-11:32am) JAN90.HP 1,391,718 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii FEBRUARY 1992 total (47.91 hours) cc c c c

cc c c c

cc c c c 6,585,355,731 cc c c c 27,674,814 cc c c c 3.1% iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

Start of trace: low hour (Feb. 20, FEB92.LB 56,811,435 1.3% Feb. 18, 5:22am 1:21am-2:21am) cc c c cc c c FEB92.LP cc c c cc c c 231,823 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

End of trace: normal hour (Feb. 18, FEB92.MB 154,626,159 3.4% Feb. 20, 5:16am 8:21pm-9:21pm) cc c c cc c c FEB92.MP cc c c cc c c 524,458 cc c c iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii

busy hour (Feb. 18, FEB92.HB 225,066,741 5.0% 11:21am-12:21am) FEB92.HP 947,662 iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii cc c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c

c c c c c c c c c c c c c c c cc c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c c

Table 1. Qualitative description of the sets of Ethernet traffic measurements used in the analysis in Section 4.

this data set. Overall, the 4 data sets cover a wide range of network utilizations and host populations over a 4 year period.

3. SELF-SIMILAR STOCHASTIC PROCESSES

The presentation below of the mathematical and statistical properties of self-similar processes closely follows Cox (1984) and Beran et al. (1992).

3.1 SELF-SIMILARITY BY PICTURE

For 27 consecutive hours of monitored Ethernet traffic from the August 1989 measurements (first row in Table 1), Figure 1 depicts a sequence of simple plots of the packet counts (i.e., number of packets per time unit) for 5 different choices of time units. Starting with a time unit of 100 seconds (a), each subsequent plot is obtained from the previous one by increasing the time resolution by a factor of 10 and by concentrating on a randomly chosen subinterval (as indicated by the darker shade). Recall that the time unit corresponding to the finest time scale is 10 milliseconds (e). Observe that all plots look intuitively very "similar" to one another (in a distributional sense) and are distinctively different from white noise (i.e., an independent and identically distributed sequence of random variables). Notice also the scaling property (y-axis) and the absence of a natural length of a "burst": at every time scale ranging from milliseconds to minutes and hours, bursts consist of bursty subperiods separated by less bursty subperiods. This scaleinvariant or "self-similar" feature of Ethernet traffic is drastically different from both conventional telephone traffic and from stochastic models for packet traffic currently considered in the literature. The latter typically produce plots of packet counts which are indistinguishable from white noise after aggregating over a few hundred milliseconds. This pictorial "proof" of the self-similar nature of Ethernet packet traffic suggests that Ethernet traffic on one time scale is statistically identical (at least with respect to its second-order statistical properties) to Ethernet traffic on a different time scale and, thus, motivates the use of self-similar stochastic processes for traffic modeling purposes.

ACM SIGCOMM –205– Computer Communication Review

Figure Ethernet ’89 levels on 3.2 The description, rigorous t : a stationary mean t ], 2= t - 2 ],

autocorrelation t - /E t - 2 ] particular, the r 1k- ,

where 1, 2, . denote positive . , X( = k( : by of . , ( is Xk( = km + . + km ), each ( defines stationary ( denote autocorrelation The self-similarity aggregated ( have X ( ( . ( . ). In processes ( are respect of H 1 A (second-order) H ( ( large The processes 0 similar more (1981).)

Intuitively, asymptotically) processes ( possess m the represents (plot time (10000), (1000), (100), (10), the autocorrelation

Mathematically, equivalent mean size ( ) 2m- , as hyperbolically summable S kr

dependence spectral . ) origin 3l - , and The aggregated ( as typical literature,

ACM SIGCOMM –206– Computer Communication Review

processes ( tend ( ( as . ). can decreases autocorrelation implying S kr ( bounded

Historically, fact of or ( k : h ( variance 2( given 1, 2, n ) min(0, 1, 2, n )], k = 1+ 2+ . + k ) kX h ( occurring relation 4nH, parameter observations k come Mandelbrot E 5n0.5, generally

Finally, representing construction also aggregating inter-renewal That P 6u- , distributions similarity elementary "heavy-tail intuitive high-speed 3.3 Since spectral manifestations covariance (asymptotically problem similarity based aggregated ( , in discussion methods in The infer (3.1.6) record a Mandelbrot possible graphical sample k : . , subdivides computes i , of 1= 2= t3= . which i - R/S-statistic i , k replaced t i+ - t i and 2( i , X t i+ , t i+ , . , t i+ . one as one n ~10. i , the R/S adjusted nature settles slope. asymptotic affirmative, ^ of given simple and feature changes practically of characteristics. We of ( ( . ) linearly arbitrarily obtained ( )) by in estimate^ of self-similarity, is ^ = ^/ The corresponding makes requiring model more type periodogram Gaussian studied statistical (1989)). the following intervals series, ( with . , chosen X( is series, estimate.^ ( of corresponding, Ĥ ( – ^H, ^H2 is theorem estimates^ ( of intervals small fluctuate similarity

ACM SIGCOMM –207– Computer Communication Review

4. TRAFFIC In (using previous traffic and periods "typical" resulting observed network level 4.1 We (row AUG89.MB, observations, bytes

Figure (b), AUG89.MB. asymptotic dotted (using (Figure sample different -0.40, parameter plot that frequency characteristic around only estimate^ ~0.64 about the parameter ~0.80. normal self-similar 3.2). for AUG89.MB, aggregation the^ ( (based R/S plots ( against logarithm are range their X( ( therefore, look In sequences behave Hurst ^ differ ^ ~0.75 AUG89.LB, ^ ~0.85 suggests hour on

Figure for pox periodogram as (a),

utilization AUG89.LP, representing total surprisingly, slightly data. packet

ACM SIGCOMM –208– Computer Communication Review

4.2 As to analyzing August different that where network In estimates respective 3.3, H related the the of method measurements representing (i.e., and aggregated ( with 2000 respectively).^ ( of obtained ( , 95%-confidence Figure loads Ĥ ( are 0.95 same strong series about parameter^ ( for also normal rather 3 where series, corresponding can Figure Figure parameter the well for methods be In applied traffic Hurst interval each summarizes representing typical measurement the ("

Figure Ĥ ( of (dotted for JAN90.MP (a) ~300 level estimate ^ =^

(300) = interval each plot . - . - ( accuracy statistically Concentrating that traffic

ACM SIGCOMM –209– Computer Communication Review

Figure Hurst number Table estimate b slope estimate plot

periods, during predominantly set, busy H This conventional that resulting generally aggregate fact, bursty) discussion hosts hour, high the difference the be router-to-router packets than by researchers

Next, parameter case as while 1990 another difference measurements to system that Except many increase similar that parameter than and traffic rather The traffic internal traffic, using Repeating important terms traffic that 5. TRAFFIC Our properties currently are function. estimate ^ = and self-similar of models non-overlapping aggregated pure respect existing surprising assumptions engineering intense implications engineering inadequacy on with

ACM SIGCOMM –210– Computer Communication Review

suggest 5.1 AN In Ethernet with on the historically, absolute we knowledge traffic generated Mandelbrot’s Mandelbrot processes, obvious self-similarity behavior rewards bytes time discussed renewal class hand, information, train simplicity, where means Note fluid inactive/active 3.2. characteristic inactive/active probability in et showed produces parameter characterizes 5.2 NOTIONS

Section satisfy greater in the H rigorous commonly dispersion variation attracted (1986)) different index the the monotonically orders

Figure (IDC) over hour lines and depict external predicted series that the traffic fixed parameter increasing 2 , straight-line For coefficient any the any expected 5.3 OF In architectural communications of Fowler Because their congestion evidence engineering the et heterogeneous

Leland proposed public

ACM SIGCOMM –211– Computer Communication Review

packets delivered subject submitted the quality packet driven those packet capacity, decrease Moreover, again exceed loss the Section significant, time-frame can, This Norros based properties and buffering when are formal congestion protection sensible reveal management. 5.4 TRAFFIC

Self-similarity existence For why asymptotic (3.2.1). resulting number approaches produce Two similar parameters meaningful As Ethernet example, variance 2, Parameter fractional computationally Section data estimation studied. uses Generating easy;

chaotic currently rigorous has literature approaches traffic describes dimension, modeling arrival chaotic of like 6. Understanding bandwidth for networks. the to LAN LAN ISDN few LAN statistically data where self-similarity typically can (namely, components traffic characteristics An that produce instead, similarity) both highly common self-similar methods stochastic chaotic

Implications engineering, speed Ethernet of (ii) "burstiness" measures the similar self-similar predicted complicated Finally, observed future

ACM SIGCOMM –212– Computer Communication Review

of expected heterogeneous our example, depend under

ACKNOWLEDGEMENTS

This and statistical acknowledge his S. N00014-90-J-1287.

REFERENCES 1. Data-Handling System 2. Dependence", 3. "Variable-Bit-Rate Dependence", Communication 4. Statistical 5. Statistics: (Eds.), 74, 6. Similar 7. Chaotic Networks", Morristown, 8. Characteristics, Congestion Areas 9. Parameter Gaussian 10. Memory Differencing", 11. Characterization Related Journal 1986. 12. 68 13. Reservoirs", Part

14. and Journal 1986. 15. Measurement for INFOCOM’91 16. Communication Stationarity", COM-13 17. Processes, Econom. 18. Freeman, 19. Motions, Review 20. Properties Research 21. "Traffic Application", Change V. 22. Based COST24TD(92)041 23. Processes in (Eds.), 24. Generate in: and 11,

ACM SIGCOMM –213– Computer Communication Review