Rev. 5/24/941Portions reprinted, with permission, from IEEE Communications Magazine Vol. 32, No. 3, pp 70-81,March 1994, ' 1994 IEEE.Portions reprinted, with permission, from Telecommunications Network Management into the 21stCentury, by Aidarous and Plevyak, 426 pages, IEEE Press and IEE, ' 1994 IEEE.MODELING AND SIMULATIONFOR TELECOMMUNICATIONS NETWORKSVictor Frost, IEEE Senior MemberTelecommunications and Information Sciences LaboratoryElectrical Engineering and Computer ScienceUniversity of KansasLawrence, KansasandBenjamin Melamed, IEEE FellowNEC USA, Inc., C&C Research LaboratoriesPrinceton, New Jersey1.INTRODUCTIONUsers of communications networks would like to have the best of all worlds.They would like the network to be always available, to exhibit ideal performance(i.e., be transparent to end users), to provide ubiquitous connectivity, and toimprove continually, so as to accommodate additional users and new services,applications, and technologies. The fundamental goal of network designers andmanagers is to meet such customer expectations.In the post-divestiture environment, design and management decisions fortelecommunications networks are thus being driven by ever-increasing customerexpectations in a competitive marketplace. Properly made decisions call for

2predictions of network performance; decisions based on poor predictions mayadversely affect network users, resulting in severe business consequences.Performance prediction transforms a given network architecture and adescription of user demands for network resources into a set of performancepredictions that directly relate to the user�s perceived quality of service. Suchmetrics may include response time, throughput, and the probability that userrequests for network resources are turned down. Because the demands fornetwork resources are random and the operation of the typical network is highlycomplex, deriving most network performance predictions is an intricateprocedure. Analytical techniques, computer simulation, projections from existingexperience, and experimentation are all used to evaluate and compare networkdesigns and protocols. Regardless of the prediction methodology used, designand management decisions must often be made with incomplete knowledge ofimpending user demands, as well as considerable uncertainty as to the evolutionof existing technologies and, by implication, the system itself.Mathematical analysis has been used to good effect since the earliest days oftelephony, notably by the Danish telephone engineer A.K. Erlang, who pioneeredthe study of queueing phenomena around the turn of the century. Analyticaltechniques use a mathematical model, typically based on queueing theory [1-14],to represent the network. Often the average resource holding time, e.g., packetlengths and link capacities, and the frequency of user demands (packet arrivalrate) are used to characterize the network load. The desired performance metricsare calculated from the load and model specifications. Speed is a majoradvantage of analytical models, as results can usually be obtained withinminutes. However, these models are often based on restrictive assumptionsregarding the nature of the load and the operation of the network. For example,

3many models assume that the times between requests for network resources areindependent random variables with exponential probability density functions(pdf), and that the requests are served in a first-in-first-out (FIFO) order. Eventhough modeling assumptions often limit the validity and accuracy of thesemodels, analytical techniques are quite useful in the early stages, since theypermit a quick derivation of rough qualitative system behavior. The theoreticalapproach can often provide an initial approximate prediction of systemperformance and shed light on the basic qualitative tradeoffs that must enter intodesign and management decisions. (See the references above for a detaileddiscussion of analytical techniques used in telecommunications networks.)Performance can also be predicted by extrapolating from past experience. Whensmall variations on a base network are called for, an extrapolation technique maybe quite useful. However, the relationship between the network load and theperformance metrics of interest can be highly nonlinear. It is common for suchsystems to work in almost a binary mode with no graceful degradation, i.e., thesystem operates satisfactorily below some threshold of network demand, butsmall changes in load above that threshold cause a very large change, resulting inunacceptable system performance. For example, using the simplest queueingmodel (an M/M/1 queue [6]) to represent a statistical multiplexer with an outputlink rate of 56 Kbps and an average packet length of 1024 bytes, one finds that achange in load from 20% to 25% only causes about a 7% increase in delay,whereas a change in load from 70% to 75% results in a 20% increase, while acorresponding change from 85% to 90% causes a 50% increase in delay. Thus,special care must be taken when attempting to project future networkperformance based on past history.In principle, performance prediction can also be determined from direct

4experimentation on real-life operating networks. In most cases, this is not apractical approach. Networks are too large and expensive to build solely todetermine their performance. Furthermore, direct experimentation on anoperating network can damage or crash the network and, at the very least, willlikely disrupt the network, inconveniencing paying customers.Monte Carlo computer simulation is a flexible performance prediction tool inwidespread use in science and engineering. Its flexibility stems from the fact thatit consists in the main of a computer program that �behaves� like the systemunder study. Unlike analytical models that often require many assumptions toorestrictive for most real-world networks, simulation modeling places relativelyfew restrictions on the classes of systems under study. For communicationsnetworks, developing a simulation program requires: 1) modeling random userdemands for network resources; 2) characterizing network resources needed forprocessing those demands; and 3) estimating system performance based onoutput data generated by the simulation. The operation of communicationnetworks can be conveniently described by simulation programs, noting thatprotocols used in these networks are distributed algorithms. The stochasticnature of demands for network resources is modeled in simulation usingpseudo-random number generators. The execution of a computer simulationmodel is comparable to conducting an in-vitro experiment on the target system.All in all, a Monte Carlo simulation program can serve as a flexible testbed forconducting system experimentation without disturbing production networks orconstructing software or hardware prototypes.Several factors contribute to the difficulty of successfully applying simulationtechnology to performance evaluation. To begin with, the nature of userdemands for network resources may be incompletely known or poorly

5understood. Further, networks are perpetually in a state of flux, because userservices and networking technology constantly alter usage patterns. Thus, anymodel of user traffic would necessarily be approximate or even speculative,especially when new services are under consideration. A review of traffic modelswill be provided later.Simulation programs can be used to closely model the processing of userdemands for network services. Such models can contain tremendous detail,especially for large networks. However, the execution of detailed models mayrequire prohibitive amounts of computational resources. It is not uncommon fornetwork simulations to require days of processing time on a modernworkstation. The analyst must be aware of the trade-off between model detailand simulation execution time. Frugal modeling is often called for, i.e., includingonly those network functions that have an appreciable impact on the desiredperformance metrics.Since executing a simulation is analogous to conducting an experiment involvingrandomness, simulation output must be treated as random observations. In asimilar vein, since a model is viewed as a faithful representation of the targetsystem, instrumentation is required in order to collect statistics and formulateperformance predictions. The success of a simulation study hinges uponidentifying appropriate performance metrics and then devising a strategy forexploring the ensuing performance response surface. A system response surfaceis rarely one-dimensional; more often, the desired response of the system is afunction of a parameter vector. Correlation in the measured observations must betaken into account when forming statistical performance estimates. For example,positive autocorrelation in a sequence of delay times would manifest itself bybursts of long (short) delays, i.e., if message

k has experienced a long (short)

6delay then it is likely that message

k+1 will also experience a long (short) delay.The autocorrelated nature of the samples obtained from simulation (ormeasurement records from operational systems) complicates the task of formingperformance predictions. Methods such as replication, batch means, andregeneration are used to account for sample dependence [12]. Furthermore, rareevents, such as rejection of user requests for service, communications equipmentfailures, link cuts, or packet dropping, are performance metrics that characterizenetworks. Using simulation to estimate the probability of such rare events andtheir effect on performance is problematic, since vast computational resourcesmay be required to generate a sufficient number of events from which statisticalestimates may be formed with adequate statistical confidence.Even with these difficulties, several factors have combined to increase the use ofsimulation in network analysis. First, sufficient computational power is availableto perform extensive simulation studies of many realistic networks. Second, anew generation of communications network simulation packages has becomeavailable. These tools provide an integrated environment to graphically describethe target network, execute the simulation, and analyze the output. Some of thesetools provide off-the-shelf models for common networks, obviating the need forthe user to write detailed simulation programs. These tools can be directly usedby network designers and managers who are not necessarily experts in writingsimulation software. Flexible plug-and-play modules are the basis for these tools,the ultimate goal being to make them as easy to use as spreadsheets. However,care must always be exercised in applying simulation, since it is easy to drawerroneous conclusions from inappropriate use of simulation tools. A major goalof this chapter is to provide a guide to the legitimate and productive use ofsimulation.

7Simulation environments can be expected to be put into increasing use,specifically as they become more tightly coupled to other network managementtools. For example, several simulation tools accept traces of network datameasured by network analyzers (sniffers). These data are used in the simulatoras input traffic to drive models of future system configurations. Measuredperformance data can also be compared to simulated results to tune and validatethe models. It is projected that many tools will soon have interfaces to networkmanagement systems, e.g., the Simple Network Management Protocol (SNMP).These interfaces will allow a network management tool to automaticallyconfigure simulation models based on interactions with the managed system,thereby relieving the user of the sometimes tedious task of describing the basemodel. Such interfaces can be expected to encourage the integration of simulationinto short-term operational management of communications networks.The purpose of this chapter is to review simulation modeling for network designand management, to describe how traffic and networks may be represented insimulation, and to introduce some criteria for selecting a simulation paradigm forspecific applications. The focus of this discussion will be on modeling andstatistical aspects of simulation and not on the details of simulationprogramming.The rest of this chapter is organized as follows. Section 2 discusses the generalstructure of network simulation, especially the fundamental concepts underlyingdiscrete event models. Key to the success of performance prediction endeavors isthe adequate modeling of random demands for network resources. Section 3reviews traffic modeling for telecommunications networks. The processing ofuser requests by the network can be modeled in a variety of ways, e.g., extendedqueueing networks, Petri Nets, and state transition diagrams; these paradigms,

8along with the motivation for their evolution, will be discussed in Section 4.Section 5 provides the reader with the basis for evaluating network performanceprediction tools. Concepts developed in these sections are then illustrated inSection 6 via a case study. Finally, Section 7 summarizes this chapter with someconcluding remarks.2.COMPUTER SIMULATION OF COMMUNICATIONS NETWORKSThe goal of executing a computer simulation of a communications network is toobtain some notion of how a system would perform under various conditions.From a high-level perspective, telecommunication networks can be thought toconsist of users generating demands for network resources and of protocols(distributed algorithms) that control the allocation of network resources to satisfythose demands. Three elements involved in computer simulation of acommunications network can thus be identified: 1) modeling the demands fornetwork services and resources; 2) modeling the mechanism the system uses inprocessing those demands; and 3) instrumenting the model to collect statistics inorder to form performance predictions. In this section, each of these elements willbe discussed in turn, along with the limitations of the simulation approach.2.1.Characterizing Demands for Network ResourcesTelecommunications applications such as simple phone calls, electronic mail, andfile transfers generate demands for network services and resources. Thesedemands can be modeled on several time scales [14], namely, subscription, call,burst, packet, and cell. Analysis is often done at a single time scale, while in some

9cases, events on a broader time scale need to be considered. However, in each ofthese instances the resource demands form a stream of requests and resourceholding times. For example, consider a LAN-LAN file transfer applicationoperating over a Broadband Integrated Services Digital Network (B-ISDN). Theinformation transport in B-ISDN is based on Asynchronous Transfer Mode(ATM) using small, fixed-length packets called cells, each cell being 53 byteslong. In this case, a request for a file transfer of 1 Mbyte must be broken up intoabout 122 Ethernet packets, each 1024 bytes in length. Each of these packets issegmented into about 22 ATM cells for transmission. The ensuing 2,684 cells arethen transmitted through the B-ISDN fabric. Such file transfer traffic can bemodeled as a burst of 122 packets onto an Ethernet and then 2864 cells on the B-ISDN, depending on the level of modeling required and the desired performancemetrics. Not only are different time scales involved in modeling demands fornetwork resources, but telecommunications traffic is often time-variant.Typically, there are peak demands in the mid-morning and mid-afternoon.Fundamentally, the modeler must obtain demand characteristics of the targetnetwork and then translate those demands into a traffic model. This is a difficulttask, since network traffic is dynamic; it varies broadly with applications andtechnological evolution. Moreover, a single model would not suffice, as differentapplications, e.g., e-mail, credit card validation, data entry, and computer-aideddesign, give rise to very different demand characteristics. These demands wouldalso be a function of the presence of an interactive human interface in theapplication. Some studies have reported on empirical traffic measurements [15-18], but unfortunately, the measurements could not be mapped to specificapplications. For example, measurements of only packet length and interarrivaltimes on a LAN do not characterize end-to-end application-to-application traffic.

10In addition to length and interarrival sequences, information on source,destination, and application types is needed for a comprehensive understandingof demand traffic. Time and thought must be invested in studying trafficdemands on the system in order to obtain accurate demand models. The qualityof the results can be no better than the traffic models used to drive thesimulation.Traffic sources are often characterized by two random processes — one describesthe interarrival time process, while the other models the holding time process ofresources (service times). For example, in the simple M/M/1 queueing modelthese are assumed to be Poisson processes, i.e., the interarrival and service timesare independent exponential random variables. Unlike the restrictive nature ofqueueing theory, simulation allows for arbitrary specification of these processes,which are implemented through the use of pseudo-random numbers. (See [12]and Chapter __ for a detailed discussion of pseudo-random number generators.)When developing simulation models, the analyst selects the time scale (e.g., call,burst, or packet) for the model and constructs modules to represent the trafficcharacteristics. Note that segmentation and reassembly are frequently required.Sequences of pseudo-random numbers are used to generate holding times,message lengths, interarrival times, message/packet errors, and other randomphenomena involved in communications networks. Developing accurate modelsof network traffic is an evolving task, since the rapidly changing nature ofcommunications networks renders them moving targets. Section 3 is devoted to adiscussion of traffic modeling.

112.2.Modeling Information Transport Mechanisms in CommunicationsNetworksThe main sources of information to be transported over communicationsnetworks are human users and software applications. The desire to move thisinformation around creates demands for network services and resources asdescribed in the previous section. The primary tasks of a communicationsnetwork are to process these demands and to deliver the requisite information toprescribed destinations. Thus, a major element of communications networksimulation is the development of a computer program that “mimics” networkprocessing of service demands and resource allocation leading to demandsatisfaction.Networks process demands for communications resources by followingappropriate communications protocols. These protocols are executed viaalgorithms whose lower layers are often implemented in hardware and whoseupper layers are coded in software. From a network performance perspective,major functions of the protocols include buffering, error control, flow control,rate control, encapsulation, segmentation and reassembly, routing, contentionresolution, blocking, and transmission scheduling. A network simulation imitatesthe target system by first generating events to represent the arrival of userdemands, and then uses a model of the appropriate protocol to imitate thecorresponding network processing. Note that the actual protocol is notnecessarily implemented; rather, an abstraction of the processing is often used.Usually, only those elements of the protocol that affect the performance metricsof interest are considered.The generation of user demands and their satisfaction by network protocols are

12encapsulated in simulation events that are ordered by their time of occurrence.Protocol action depends on the state of the network at the time the demand wasissued. For example, a simple routing algorithm may send packets to the outputlink with the shortest buffer (at that time). This event-based processing fallswithin a modeling paradigm known as Discrete-Event Simulation (DES) [19].Most simulation tools for telecommunications networks are based on DESprogramming. A DES has a simulation clock that changes by random increments.The state of the simulated system is stored in a set of system state variables.Event routines cause state variables to be modified. An event list is used tocontrol the execution sequence of these event routines; the event list consists ofsimulation events in increasing chronological order. Event routines can add ordelete events from the event list, and pseudo-random number generators in theevent routines provide the requisite randomness in scheduling future events.From a high-level vantage point, running a simulation is, in essence, the repeatedexecution of a loop, where at each iteration the most imminent event (the onewith the earliest scheduled time) is executed in turn. A flow diagram for DES isshown in Figure 1.

13Use Event List to Determine Next Eventto ProcessAdvance Simulation Clockto Time of Next EventUpdate System StateUsing Event RoutinesUpdate Event ListUsing Event RoutinesFigure 1: A High-level View of a DES Flow Diagram

14Typical events in communications network simulation include the arrival ofdemands for network resources. Associated with each arrival is a description ofits attributes (e.g., demand type, message length) from which the simulation candetermine network resources (e.g., processing time, buffer size) needed to satisfythe demand. The time between successive demand arrivals as well as the natureof the required network resources are fundamental elements of traffic modeling,as will be explained later.The entities acted upon by event routines include calls, messages, packets, andcells. These entities are represented internally by data structures, which are oftenclosely related to the message/packet format as defined by the protocol. Forexample, source and destination addresses as well as control information anddata might be contained in standard packet formats. A data structurerepresenting a packet would contain these elements in addition to simulation-specific information; e.g., a packet-creation time stamp could be included andused for statistics collection. The data field might contain a length indication or,in more detailed models, a pointer to another data structure that represents anetwork layer packet. An example data structure is shown in Figure 2. Suchencapsulation of data structures is a common feature in communicationsnetwork software; furthermore, the intricacy and complexity of communicationsobjects fit neatly into the object-oriented programming paradigm in a naturalway.Consider messages arriving at a statistical multiplexer as shown in Figure 3.Suppose that a message arrives at time t with the state of the system (number ofmessages at time of arrival) shown as Queue Fill = 0.

15SFDPREAMBLESOURCE ADDRESSDESTINATION ADDRESSLENGTHFRAME CHECK SEQUENCEPADLLC DATA7 OCTETS2 OCTETS2 OR 6 OCTETS1 OCTETS2 OR 6 OCTETS4 OCTETSLSBMSBb 0b 7bits within frame transmitted left-to-rightoctets within frametransmitted top-to-bottom48 bit address format1/GU/L46 bit address16 bit address format1/G15 bit address1/G = 0 individual address1/G = 1 group addressU/G = 0 globally administrated addressU/G = 0 locally administrated addressFigure 2: Example of a Communications Packet Data Structure

16Message Arrival (length)Queue Fill = 0Schedule departure at t + LSchedule next arrival at t + RNAssign next arrival a lengthQueue Fill = Queue Fill + 1MessageDepartureMessage ArrivaltimetFigure 3: An Example of an Arrival Event in a DES

17In this case, the event processing associated with the arrival event takes twoactions: 1) it schedules the departure (service completion) of the just-arrivedmessage at time

t+T,where

T is the interarrival time to the next event. The data structure representingan arriving packet might contain its length in bits, bytes, cells, etc., with

τ βεινγτηε χορρεσπονδινγ τρανσμισσιον χονσταντ. Νοτε τηατ Φιγυρε 3 ινδιχατεσ τηατ τηεσψστεμ στατε ωιλλ βε διϕϕερεντ (νον−εμπτψ) υπον αρριϖαλ οϕ τηε σεχονδ μεσσαγε. Ιντηισ σιμπλε εξαμπλε, τηε νεξτ εϖεντ το βε προχεσσεδ ωουλδ βε τηε νεξτ αρριϖαλ,ϕολλοωεδ βψ τηε δεπαρτυρε οϕ τηε ϕιρστ αρριϖαλ. Ιτ ισ χλεαρ τηατ α ΔΕΣ μυστ ηαϖε ανινιτιαλιζατιον μεχηανισμ το εσταβλιση τηε σταρτινγ σψστεμ στατε ανδ στατιστιχαλχολλεχτιον ρουτινεσ, ιν αδδιτιον το α ποστ−προχεσσορ ϕορ τρανσϕορμινγ τηε χολλεχτεδστατιστιχσ ιντο τηε δεσιρεδ περϕορμανχε εστιματεσ. Α χοορδινατινγ προγραμ τοχοντρολ τηε εϖεντ λιστ, στατιστιχαλ ποστ−προχεσσινγ, ανδ τηε ινιτιατιον ανδτερμινατιον οϕ τηε σιμυλατιον ισ αλσο ρεθυιρεδ.Ασ χομπυτινγ τεχηνολογψ ηασ αδϖανχεδ οϖερ τηε παστ ϕεω δεχαδεσ, ΔΕΣιμπλεμεντατιον αλσο εϖολϖεδ χονχομιταντλψ. Ωηεν διγιταλ χομπυτερσ ωερε ϕιρσταππλιεδ το σιμυλατιον οϕ θυευεινγ σψστεμσ, ΔΕΣ ωασ ιμπλεμεντεδ υσινγ αγενεραλ πυρποσε λανγυαγε, συχη ασ ΦΟΡΤΡΑΝ. Εϖεν τοδαψ, σομε αναλψστσ πρεϕερτο δεϖελοπ ΔΕΣ χοδε ιν α γενεραλ πυρποσε λανγυαγε, μαινλψ Χ ανδ Χ++. Εαρλψ ον,ιτ ωασ ρεχογνιζεδ τηατ χονσιδεραβλε σαϖινγσ ιν προγραμμινγ εϕϕορτ χουλδ βερεαλιζεδ τηρουγη τηε υσε οϕ σπεχιαλ−πυρποσε μοδελινγ λανγυαγεσ [20]. Τηεδεϖελοπμεντ οϕ τεξτυαλλψ βασεδ σιμυλατιον λανγυαγεσ, συχη ασ ΓΠΣΣ [21],ΣΙΜΥΛΑ, ΣΛΑΜ ΙΙ [22], ΣΙΜΣΧΡΙΠΤ [23], ανδ ΜΟΔΣΙΜ [24], ωασ πριμαριλψμοτιϖατεδ βψ γενεραλ θυευεινγ προβλεμσ, ωιτη τηε γοαλ οϕ ϕρεεινγ τηε μοδελερϕρομ λοω−λεϖελ χοδινγ δεταιλσ. Τηεσε λανγυαγεσ ρεπρεσεντεδ τηε ϕιρστ γενερατιον 18οϕ σιμυλατιον μοδελινγ λανγυαγεσ. Φυρτηερ ιμπροϖεμεντσ ωερε ατταινεδ βψϕοχυσινγ ον α σπεχιϕιχ χλασσ οϕ σψστεμσ (ε.γ., χομμυνιχατιον νετωορκσ) ανδαδδινγ μορε σιμυλατιον σερϖιχεσ. Τηε σεχονδ γενερατιον οϕ σιμυλατιον μοδελινγλανγυαγεσ ωασ δεϖελοπεδ ωιτη συχη σψστεμσ ιν μινδ. Τηεσε ινχλυδεδ ΡΕΣΘ [1,23, 25−27], ΠΑΩΣ [28], ανδ Στεπ−1, αλλ οϕ ωηιχη ωερε στιλλ τεξτυαλλψ βασεδλανγυαγεσ. Μοδερν ωορκστατιονσ προϖιδεδ εναβλινγ τεχηνολογψ ϕορ τηε τηιρδγενερατιον οϕ σιμυλατιον μοδελινγ τοολσ; ινχλυδεδ ιν τηισ γρουπ αρε Θ+ [29](ϕορμερλψ ΠΑΩ), ΣΕΣ/Ωορκβενχη [30], ΟΠΝΕΤ [31], Γενεσισ [20], ΤΟΠΝΕΤ [32],ΝΕΣΤ [33], ανδ ΒΟΝεΣ [34]. Α συμμαρψ οϕ συχη τοολσ μαψ βε ϕουνδ ιν [35−37].Υνλικε τηειρ πρεδεχεσσορσ, τηεσε τοολσ αρε γραπηιχαλλψ βασεδ ανδ προϖιδε α ϖισυαλ,ιντεραχτιϖε ενϖιρονμεντ ϕορ περϕορμανχε μοδελινγ ανδ εϖαλυατιον. Τηειρ ΓΥΙ(γραπηιχαλ υσερ ιντερϕαχε) συππορτσ τηε χονστρυχτιον οϕ νετωορκ μοδελσ βψμανιπυλατινγ ποπ−υπ μενυσ ανδ χρεατινγ α σετ οϕ χοννεχτεδ ιχονσ ον αωορκστατιον σχρεεν. Τηε σιμυλατιον ισ εξεχυτεδ ανδ χοντρολλεδ ιντεραχτιϖελψ, ανδιτσ ουτπυτ ισ αναλψζεδ ιν α χομμον ενϖιρονμεντ. Σομε οϕ τηεσε τοολσ χαν βετηουγητ οϕ ασ γραπηιχαλ σιμυλατιον προγραμμινγ λανγυαγεσ, ταιλορεδ πριμαριλψ τοχομμυνιχατιονσ νετωορκ μοδελινγ. Ανοτηερ ϕεατυρε οϕ σομε οϕ τηεσε τοολσ ιστηειρ αβιλιτψ το ανιματε τηε νετωορκ τραϕϕιχ ϕλοωσ ανδ προτοχολ προχεσσινγ. Συχηανιματιον ισ α ϖαλυαβλε αιδ ιν δεβυγγινγ τηε μοδελσ, ασ ωελλ ασ ινχομμυνιχατινγ τηε νατυρε οϕ τηε σψστεμ το νοντεχηνιχαλ περσοννελ. Τηε ϕουρτηγενερατιον οϕ σιμυλατιον τοολσ ϕυρτηερ ενηανχεσ τηε πρεϖιουσ γενερατιον τηρουγητηε αδδιτιον οϕ ιντερϕαχεσ το νετωορκ μονιτορσ ανδ μαναγεμεντ σψστεμσ [38].Μοδελινγ σψστεμ προχεσσινγ οϕ υσερ δεμανδσ ϕορ νετωορκ σερϖιχεσ ανδ ρεσουρχεσισ αχχομπλισηεδ βψ σπεχιϕψινγ δατα στρυχτυρεσ ρεπρεσεντινγ τηε εντιτιεσ ϕλοωινγτηρουγη τηε σψστεμ, ανδ βψ χοδινγ αλγοριτημσ τηατ ρεπρεσεντ τηε μανιπυλατιον οϕτηοσε δατα στρυχτυρεσ ωιτηιν α ΔΕΣ ϕραμεωορκ. Τηε υνδερλψινγ ΔΕΣ ϕουνδατιονπροϖιδεδ ιν μοδερν σιμυλατιον τοολσ αλλοωσ τηε υσερ το ϕοχυσ ον ηιγη−λεϖελ 19νετωορκ μοδελινγ χονστρυχτσ (ε.γ., τηε προχεσσ χονστρυχτ) ρατηερ τηαν λοωερ−λεϖελδεταιλσ (ε.γ., εϖεντ σχηεδυλινγ ανδ χλοχκ μανιπυλατιον). Τηυσ, τηε διστινγυισηινγϕεατυρε οϕ μοδερν σιμυλατιον λανγυαγεσ ισ τηειρ αβιλιτψ το αϕϕορδ τηε υσερ α ηιγη−λεϖελ ηιεραρχηιχαλ ϖιεω οϕ χομπλεξ σψστεμσ, οϕτεν συππορτεδ βψ τηε οβφεχτ−οριεντεδ προγραμμινγ παραδιγμ. ςαριουσ αππροαχηεσ το σιμυλατιον μοδελινγωιλλ βε πρεσεντεδ λατερ. Τηε ισσυεσ ινϖολϖεδ ιν γενερατινγ περϕορμανχεπρεδιχτιονσ ϕρομ σιμυλατιον προγραμσ ωιλλ βε αδδρεσσεδ νεξτ.2.3.Ινστρυμεντατιον οϕ Σιμυλατιον Μοδελσ το Χολλεχτ Στατιστιχσ ανδ ΦορμΠερϕορμανχε ΠρεδιχτιονσΙτ ισ χονϖενιεντ το ϖιεω α σιμυλατιον μοδελ ασ α ϕαχσιμιλε οϕ τηε ταργετ σψστεμ, ινωηιχη ινστρυμεντατιον ισ νεεδεδ το χολλεχτ στατιστιχσ ιν ορδερ το ϕορμ περϕορμανχεπρεδιχτιονσ. Φυρτηερ, εξεχυτινγ α σιμυλατιον ισ αναλογουσ το χαρρψινγ ουτ ανεξπεριμεντ ιν τηε λαβ (ιν−ϖιτρο) ∇ τηε ρεσυλτσ οϕ ωηιχη μυστ βε τρεατεδ ασ ρανδομοβσερϖατιονσ. Ηοωεϖερ, α σιμυλατιον μοδελ προϖιδεσ τηε οππορτυνιτψ το χολλεχτινϕορματιον τψπιχαλλψ υνατταιναβλε ϕρομ τηε ταργετ σψστεμ; ϕορ εξαμπλε, αχχυρατετιμε σταμπινγ ισ εασψ ιν α σιμυλατιον, βυτ οϕτεν διϕϕιχυλτ ορ ιμποσσιβλε ιν ρεαλσψστεμσ. Τηε πυρποσε οϕ τηισ σεχτιον ισ το ιλλυστρατε ηοω το οβταιν περϕορμανχεπρεδιχτιονσ ϕρομ σιμυλατιον−βασεδ εξπεριμεντατιον ανδ το ιδεντιϕψ σομεποτεντιαλ πιτϕαλλσ.Το ϕιξ τηε ιδεασ, χονσιδερ τηε εστιματιον οϕ μεσσαγε δελαψ. Συπποσε τηατ τηεμεσσαγε δατα στρυχτυρε χονταινσ α ϕιελδ ϕορ ιτσ χρεατιον τιμε, ι.ε., ατ τηε ινσταντ τηεμεσσαγε ισ γενερατεδ τηε χυρρεντ σιμυλατιον τιμε ισ ωριττεν ιντο τηατ ϕιελδ. Λετ

Tc m( ) βε τηε χρεατιον τιμε ϕορ τηε

m− th message, and let

T^{ave. Because the samples,}

Ts m( ) { },αρε χορρελατεδ, διρεχτ χαλχυλατιον οϕ τηε ϖαριανχε μυστ βε δονε ωιτη χαρε. Τηατ ισ,υσινγ τηε σιμπλε σαμπλε ϖαριανχε ϕορμυλα ον δελαψ σαμπλεσ μαψ λεαδ το γροσσλψιναχχυρατε εστιματεσ. Τηε χορρελατεδ νατυρε οϕ τηε σαμπλεσ οβταινεδ ϕρομσιμυλατιον ρυνσ (ορ ρεαλ μεασυρεμεντσ) χομπλιχατεσ τηε ϕορματιον οϕπερϕορμανχε πρεδιχτιονσ. Ιν τηεορψ, τηε ϖαριανχε,

Var Tave[ ], οϕ τηε ρανδομϖαριαβλε

Tave can be found from

Var Tave[ ]= COV Ts n( ),Ts j( ) { } j=1M∑ n=1M∑ N 2 where

COV Ts n( ),Ts j( ) { } ισ τηε χοϖαριανχε βετωεεν τηε

n− th and

j− th messagedelays. Estimating the covariance

COV Ts n( ),Ts j( ) { } ϕρομ τηε σεθυενχε,

Ts m( ) { }, ισδιϕϕιχυλτ υνλεσσ τηε σαμπλε δελαψσ ϕορμ α στατιοναρψ σεθυενχε. Αδϖανχεδ σπεχτραλαναλψσισ τεχηνιθυεσ αρε σομετιμεσ αππλιεδ το τηισ προβλεμ [12]. Ιτ ισ χομμον,ηοωεϖερ, το τακε οτηερ αππροαχηεσ το δεαλ ωιτη τηε χορρελατιον προβλεμ.Βασιχαλλψ, τηε δεσιρε ισ το οβταιν ιδεντιχαλλψ διστριβυτεδ, στατιστιχαλλψ ινδεπενδεντ 21(ιιδ) σαμπλεσ οϕ δελαψ. Τηε χομμον αππροαχηεσ το τηισ προβλεμ αρε: 1) σιμπλερεπλιχατιον; 2) βατχη μεανσ; ανδ 3) ρεγενερατιον.Σιμπλε ρεπλιχατιον ενταιλσ εξεχυτινγ τηε σιμυλατιον μοδελ

K times as illustratedin Figure 4. In this figure

N t( ) ρεπρεσεντσ τηε νυμβερ οϕ παχκετσ ιν τηε σψστεμ αττιμε

T^{ave} k( ), k=1...K, obtained from a set of

K runs will then be iid. Thesample variance,

S2 of

Tave, can be directly estimated from the

K samples of

Tave,namely,

T= 1K Tave j( )

j=1K∑ ,

S2 = 1K− 1 Tave k( )− T ( )2 k=1K∑ .Confidence intervals can now be easily formed. For large

K, the Central LimitTheorem [39] ensures that the pdf of

T is approximately normal. Confidenceintervals for the expected value of delays are given by

1− α. Τηε παραμετερ 1− α2 quantile of a unit normal random variate, that is,

P N >z1− α 2 { }=α2 for a normal random variable

z^{1− α 2} =1.958. 24Τηυσ, ιϕ τηε χονϕιδενχε ιντερϖαλσ αρε ϕορμεδ 100 τιμεσ, ωε ωουλδ εξπεχτ τηε τρυεϖαλυε οϕ τηε αϖεραγε δελαψ το ϕαλλ ωιτηιν τηεσε ιντερϖαλσ 95 τιμεσ ουτ οϕ τηε 100τιμεσ. Χονϕιδενχε ιντερϖαλσ προϖιδε αν ινδιχατιον οϕ τηε θυαλιτψ οϕ τηεπερϕορμανχε εστιματε; τηε ναρροωερ τηε χονϕιδενχε ιντερϖαλ, τηε βεττερ τηεεστιματε. Ηοωεϖερ, τηερε ισ α τραδε−οϕϕ βετωεεν εστιματε θυαλιτψ ανδ τηε χοστ οϕτηε υνδερλψινγ σιμυλατιον. Α σμαλλερ χονϕιδενχε ιντερϖαλ ωουλδ βε οβταινεδ βψινχρεασινγ

K, but this, in turn, would increase the execution time of thesimulation model.The batch method divides a sequence of statistical observations from a singlesimulation run into batches, as shown in Figure 5. Statistics obtained fromdistinct batches are assumed to be iid, and the above equations for independentsamples are applied. Note that the iid assumption will often become increasingly“valid,” if some samples in between batches are ignored, i.e., not used instatistical calculations. This has the effect of creating “gaps” between successivebatches, which serve to weaken their statistical dependence. In general,observations within and across batches are correlated, but this correlation tendsto weaken in most cases, as the separation between distinct batches increases.

25543210tBatch 1Batch KT bT 12T 1KT 1Batch 2N(t)...Figure 5: Division of Observations in the Batch Method

26Regeneration techniques are appropriate when one can identify time points(called regeneration points) in the simulation that demarcate independentsubsequencies (called regenerative cycles). For example, in many queueingsystems, the onset of a busy cycle is a regeneration point. Thus, if message

marrives right after the system empties, then its delay will be independent of allprevious message delays

1...m− 1. See [40] for a formal discussion of regenerativeprocesses. Figure 6 illustrates the structure of a regenerative simulation. Thesalient feature here is that statistics obtained from distinct regenerative cycles areiid. One complication with the regenerative approach is that the time betweenregeneration points is usually random and may be excessively long.Furthermore, not all systems are regenerative, and even if a system isregenerative, checking for a regeneration condition may be very time-consuming(e.g., checking that a large network is empty, under lightly loaded conditions).

27543210N(t)tCycle 1Cycle KFigure 6: Regenerative Cycles in the Regenerative Method

28The above discussion highlights the problems attendant to correlated networkmeasurements. Upon examination of Figures 4, 5, and 6, two other issues come tomind. First, how does the user know when to stop the simulation run? If thesimulation is too short, then the associated performance predictions would beunreliable; if it is too long, then computational resources would be wasted. Asalready noted, simulation can be a computationally intensive task. Stopping rulescan be based on the confidence intervals given above or on Tchebycheff’sinequality. For example, suppose the analyst wants to execute a sufficientnumber of replications to ensure that the probability,

2Δ ιντερϖαλ χεντερεδ αβουτ τηε τρυε μεαν, ισ λαργε, σαψ 0.95. Τηισπροβαβιλιτψ χαν βε βουνδεδ υσινγ Τχηεβψχηεϕϕ∏σ ινεθυαλιτψ, ιν τηε ϕολλοωινγϕορμ,

Prob T− Δ<E T[ ]<T+Δ [ ]>1− Var T[ ]Δ2 .The estimate of the variance of

T is given by

S2 K

, where

K is the number ofreplications and

S2 is the sample variance given above. Thus, the desiredprobability bound can be approximated by

Prob T− Δ<E T[ ]<T+Δ [ ]>1− S2KΔ2 .The simulation is stopped when

1− S2KΔ2

reaches the desired limit [41]. Asequential decision procedure for stopping the simulation would beimplemented as follows. Suppose

K1 replications have already been executed,

29yielding a sample variance of

K^{d, can be estimated by solving}

Pd =1− S12KdΔ2

for

Kd to yield

Kd ≥ S12

Δ2 1− Pd

( ).If the desired confidence has been obtained after completing

Kd replications ofthe simulation, then the process is terminated; otherwise the procedure iscontinued. The analyst knows that when the algorithm terminates, the expectedvalue of delay is approximately within an interval of width

2Δ αβουτ

T, withprobability greater than

Pd.In a DES model, as in the real system, the state trajectory of the system evolvesfrom its initial state. For example, if all the buffers are initially empty, then thedelay of the first messages entering the network will be lower, on average, thanthose arriving some time later. A DES is often used to characterize the network insteady state, that is, after spending some time in a transient period, the effect ofthe initial condition wears off and the system reaches a “stable” condition in thesense that its statistics (e.g., time averages) stabilize and change relatively littlethereafter. To obtain steady-state performance, the biasing effect of the transientperiod must be removed or at least sufficiently reduced. Removal of transientstypically involves the deletion of statistics generated in the initial period of thesimulation, in the sense that these statistics are not used in the calculation of theperformance metrics. Determining the end of the transient period (shown as

b 30in Figures 4 and 5) is, in general, difficult. References [12, 42] describe severalprocedures to identify the end of the transient period. Note that this problem istrivially handled in regenerative simulations, since observations fromregenerative cycles are automatically steady-state statistics. In many cases,however, the transient response is the target of the simulation study. Forexample, studying the response of the network to component failures would callfor a transient analysis.The foregoing discussion shows that care must be taken when constructingperformance estimates from simulation output. Correlation, stopping rules, andtransient effects must be taken into account. Some network modeling tools aidthe user in handling these complex issues; for example, post-processors thatautomatically apply the batch mean method are already available. The degree towhich a modeling environment helps the network designer and manager handlethe statistical aspects of simulation output analysis should be carefullyconsidered when selecting a simulation tool.Traffic modeling is a key element in simulating communication networks, sincetraffic sources “drive” most communications models. A clear understanding ofthe nature of the traffic in the target system and the subsequent selection of anappropriate random traffic model are critical to the success of the modelingenterprise. The next section discusses traditional as well as some recentlyproposed traffic models.

313.TRAFFIC MODELING FOR THE SIMULATION OFCOMMUNICATIONS NETWORKSIn this section, we survey the main classes of traffic models commonly used inteletraffic. Such models are used in two fundamental ways: either as part of ananalytical model or to drive a discrete-event simulation. The most commonmodeling context is queueing; traffic is offered to a queue or a network ofqueues, and various performance measures are calculated.Simple traffic consists of single arrivals of discrete entities (packets, cells, etc.). Itcan be mathematically described as a point process [39] consisting of a sequence ofarrival instants

T^0 =0.Figure 7 shows such a point process measured from LAN traffic [43]. (The arrivalindicator at time

t in Figure 7 and subsequent figures is used to facilitate thevisualization of the arrival process.) There are two additional equivalentdescriptions of point processes: counting processes and interarrival time processes.A counting process

N t( ) { }t=0∞ ισ α χοντινυουσ−τιμε, νον−νεγατιϖε ιντεγερ−ϖαλυεδστοχηαστιχ προχεσσ, ωηερε

N t( )=max n:Tn ≤t { } ισ τηε νυμβερ οϕ (τραϕϕιχ) αρριϖαλσ ιντηε ιντερϖαλ

0,t( ]. Αν ιντεραρριϖαλ τιμε προχεσσ ισ α ρεαλ−ϖαλυεδ ρανδομ σεθυενχε

An{ }n=1∞, ωηερε

An =Tn − Tn− 1 is the length of the time interval separating the

n− tharrival from the previous one. The equivalence of these descriptions follows fromthe equality of events

T^{n. In order to fully describe compound traffic,one also needs to specify a real-valued random sequence}

Bn{ }n=1∞, ωηερε

Bn is the(random) number of units in the

n− th batch. At a higher level of abstraction,

Bnmay represent some general attributes of the

n− th arrival, e.g., the amount of“work” associated with the

n− th arrival or its itinerary in a network. Suchcompound traffic processes, called marked point processes [44], are outside thescope of this chapter.Discrete-time traffic processes correspond to the case when time is slotted as inB-ISDN. Mathematically, this means that the random variables A^n{ }.Τηε τραϕϕιχ γενερατιον μεχηανισμ τηατ ωουλδ συππορτ εϖεντ αλγοριτημσ (ασδισχυσσεδ πρεϖιουσλψ) ισ στραιγητϕορωαρδ. Ινιτιαλλψ, τηε σιμυλατιον χλοχκ ισ σετ το

T0 =0. Next,

A1 is randomly generated and an arrival event is scheduled for time

T1 =A1. This arrival event is placed on the simulation event list or calendar,which consists of chronologically-ordered events. Eventually, that arrival eventbecomes the most imminent one, the simulation clock is set to

A1, and the next

34arrival is implemented. Arrival generation proceeds inductively. At simulationtime

Tn, the n− th arrival event is processed, the next interarrival time,

n+1, israndomly generated, and an arrival event is scheduled for simulation time

A^{n) and implementsthe arrival of}

Bn units at simulation time

Tn. Most models call for the sequences

An{ } ανδ

Bn{ } το βε στοχηαστιχαλλψ ινδεπενδεντ.Ιν αδδιτιον το αρριϖαλ τιμεσ ανδ βατχη σιζεσ, ιτ ισ οϕτεν υσεϕυλ (ανδ σομετιμεσεσσεντιαλ) το ινχορπορατε τηε νοτιον οϕ ωορκλοαδ ιντο τηε τραϕϕιχ δεσχριπτιον. Τηεωορκλοαδ ισ α γενεραλ χονχεπτ δεσχριβινγ τηε αμουντ οϕ ωορκ,

Wn, brought to thesystem by the

n− th arriving unit; it is usually assumed independent ofinterarrival times and batch sizes. A typical example is the sequence of servicetime requirements of arrivals at a queueing system. In communicationsnetworks, service time is the number of transmitted units (bits, packets, cells,etc.) divided by the link rate in the appropriate units. Figure 8 shows an examplesequence of message lengths, measured from a LAN. On the other hand, trafficreduces to workload description, when interarrival times are deterministic. Acase in point is compressed video, also known as VBR (variable bit rate) video.Here, coded frames (arrivals) have variable and random size (bit rate), and thesemust be delivered deterministically every 1/30 of a second or so, for high-qualityvideo. The workload consists of coded frame sizes (say, in bits), since frame sizeis roughly proportional to its transmission time (service requirement). Anexample of such a workload sequence is shown in Figure 9.In this section, we describe generic models, which can be used to randomlygenerate any component of traffic description, be it T^n{ }αππεαρ το ϕορμ ϖισυαλ χλυστερσ; τηατ ισ,

An{ } τενδσ το γιϖε ρισε το ρυνσ οϕ σεϖεραλρελατιϖελψ σηορτ ιντεραρριϖαλ τιμεσ, ϕολλοωεδ βψ α ρελατιϖελψ λονγ ονε. Τηεματηεματιχαλ υνδερπιννινγ οϕ βυρστινεσσ ισ μορε χομπλεξ. Τωο μαιν σουρχεσ οϕβυρστινεσσ αρε δυε το τηε σηαπε οϕ τηε μαργιναλ διστριβυτιον ανδ αυτοχορρελατιονϕυνχτιον οϕ

An{ }. Φορ εξαμπλε, βυρστινεσσ ωουλδ βε ϕαχιλιτατεδ βψ α βιμοδαλμαργιναλ διστριβυτιον οϕ

An{ } ορ βψ σηορτ−τερμ αυτοχορρελατιονσ ιν

An{ }. Στρονγποσιτιϖε αυτοχορρελατιονσ αρε α παρτιχυλαρλψ μαφορ χαυσε οϕ βυρστινεσσ. Σινχε τηερεσεεμσ το βε νο σινγλε ωιδελψ αχχεπτεδ νοτιον οϕ βυρστινεσσ, ωε σηαλλ βριεϕλψδεσχριβε σομε οϕ τηε χομμονλψ υσεδ ματηεματιχαλ μεασυρεσ τηατ αττεμπτ τοχαπτυρε ιτ.Τηε τωο σιμπλεστ μεασυρεσ οϕ βυρστινεσσ ονλψ τακε αχχουντ οϕ ϕιρστ−ορδερπροπερτιεσ οϕ τραϕϕιχ (τηεψ αρε εαχη α ϕυνχτιον οϕ τηε μαργιναλ διστριβυτιον ονλψ οϕιντεραρριϖαλ τιμεσ). Τηε ϕιρστ ονε ισ τηε ρατιο οϕ πεακ ρατε το μεαν ρατε ∇ α ϖερψ χρυδεμεασυρε, ωηιχη αλσο ηασ τηε σηορτχομινγ οϕ δεπενδενχε ον τηε ιντερϖαλ λενγτηυτιλιζεδ ϕορ ρατε μεασυρεμεντ. Α μορε ελαβορατε μεασυρε οϕ βυρστινεσσ ισ τηεχοεϕϕιχιεντ οϕ ϖαριατιον, δεϕινεδ ασ τηε ρατιο οϕ στανδαρδ δεϖιατιον το μεαν,

cA =σ An[ ] E An[ ], οϕ ιντεραρριϖαλ ιντερϖαλσ.Ιν χοντραστ, τηε ινδεξ οϕ δισπερσιον μεασυρε [46] ανδ τηε πεακεδνεσσ μεασυρε [47] δοτακε αχχουντ οϕ χερταιν ασπεχτσ οϕ τεμποραλ δεπενδενχε ιν τραϕϕιχ (σεχονδ−ορδερπροπερτιεσ). Φορ α γιϖεν τιμε ιντερϖαλ οϕ λενγτη

I^c τ( )=Var N τ( )[ ] E N τ( )[ ], ι.ε., τηε ϖαριανχε−το−μεαν 39ρατιο οϕ τηε νυμβερ οϕ αρριϖαλσ ιν τηε ιντερϖαλ

0,τ[ ]. Σινχε τηε νυμβερ οϕ αρριϖαλσ ισρελατεδ το τηε συμ οϕ ιντεραρριϖαλ ιντερϖαλσ ϖια Εθ. (1), τηε νυμερατορ οϕ τηε ΙΔΧινχλυδεσ τηε αυτοχορρελατιονσ οϕ

An{ }. Σιμιλαρλψ, τηε ινδεξ οϕ δισπερσιον ϕοριντερϖαλσ ισ

In = var Ajj=1n∑ E Ajj=1n∑ 2 :it can be shown that limτ ↑∞ Ic τ( )=limn↑∞ Ic n( ) [48]. Τηε πεακεδνεσσ χονχεπτ ισ ρελατεδ, βυτμορε ινϖολϖεδ. Ασσυμε τηατ τηε τραϕϕιχ στρεαμ

An{ } ισ οϕϕερεδ το αν ινϕινιτε σερϖεργρουπ χονσιστινγ οϕ ινδεπενδεντ, ιδεντιχαλ σερϖερσ ωιτη χομμον σερϖιχε τιμεδιστριβυτιον

F. Let z^{exp} 0( ), οβταινεδ ασ α λιμιτινγ χασεϕορ αν εξπονεντιαλ σερϖιχε διστριβυτιον ωιτη σερϖιχε ρατε αππροαχηινγ 0.Φιναλλψ, τηε Ηυρστ παραμετερ χαν βε υσεδ ασ α μεασυρε οϕ βυρστινεσσ ϖια τηεχονχεπτ οϕ σελϕ−σιμιλαριτψ, βυτ τηε δισχυσσιον οϕ τηισ νοτιον ισ δεϕερρεδ υντιλΣεχτιον 3.8.3.2.Ρενεωαλ Τραϕϕιχ ΜοδελσΤηισ σεχτιον ιντροδυχεσ ρενεωαλ τραϕϕιχ προχεσσεσ ανδ τηε ιμπορταντ σπεχιαλ χασεσοϕ Ποισσον ανδ Βερνουλλι προχεσσεσ. Ρενεωαλ μοδελσ ηαϖε α λονγ ηιστορψ, δυε τοτηειρ ρελατιϖε ματηεματιχαλ σιμπλιχιτψ. Ιν α ρενεωαλ τραϕϕιχ προχεσσ, τηε

An are iid

40(independent, identically distributed), but their distribution is allowed to begeneral. Unfortunately, with few exceptions, the superposition of independentrenewal processes does not yield a renewal process. Those that do, occupy aspecial position in traffic theory and practice. Historically, queueing models haveroutinely assumed a renewal offered traffic.Renewal processes, while simple analytically, have a severe modeling drawback— the autocorrelation function of

An{ } ϖανισηεσ ιδεντιχαλλψ ϕορ αλλ νον−ζερο λαγσ.Τηε ιμπορτανχε οϕ χαπτυρινγ αυτοχορρελατιονσ στεμσ ϕρομ τηε ρολε οϕ τηεαυτοχορρελατιον ϕυνχτιον ασ α στατιστιχαλ προξψ ϕορ τεμποραλ δεπενδενχε ιν τιμεσεριεσ. Μορεοϖερ, ποσιτιϖε αυτοχορρελατιονσ ιν

An{ } χαν εξπλαιν, το α λαργε εξτεντ,τηε πηενομενον οϕ τραϕϕιχ βυρστινεσσ. Βυρστψ τραϕϕιχ ισ εξπεχτεδ το δομινατεβροαδβανδ νετωορκσ, ανδ, ωηεν οϕϕερεδ το α θυευεινγ σψστεμ, ιτ γιϖεσ ρισε τομυχη ωορσε περϕορμανχε (συχη ασ μεαν ωαιτινγ τιμεσ) ασ χομπαρεδ το ρενεωαλτραϕϕιχ (ωηιχη λαχκσ τεμποραλ δεπενδενχε); σεε [49] ϕορ α δεταιλεδ δισχυσσιον.Χονσεθυεντλψ, μοδελσ τηατ χαπτυρε τηε αυτοχορρελατεδ νατυρε οϕ τραϕϕιχ αρεεσσεντιαλ ϕορ πρεδιχτινγ τηε περϕορμανχε οϕ εμεργινγ βροαδβανδ νετωορκσ.3.2.1 Ποισσον Προχεσσεσ.Ποισσον μοδελσ αρε τηε ολδεστ τραϕϕιχ μοδελσ, δατινγ βαχκ το τηε αδϖεντ οϕτελεπηονψ ανδ τηε ρενοωνεδ πιονεερινγ τελεπηονε ενγινεερ Α.Κ. Ερλανγ. ΑΠοισσον προχεσσ [39] χαν βε χηαραχτεριζεδ ασ α ρενεωαλ προχεσσ ωηοσε ιντεραρριϖαλτιμεσ

P A^n ≤t { }=1− exp − λ t( ). Εθυιϖαλεντλψ, ιτ ισ α χουντινγ προχεσσ, σατισϕψινγ

P N t( )=n

{ }=exp − λ t( ) λ t( )_n n!

, and the number of arrivals in disjoint intervals isstatistically independent (a property known as independent increments).

41Poisson processes enjoy some elegant analytical properties. First, thesuperposition of independent Poisson processes results in a new Poisson processwhose rate is the sum of the component rates. Second, the independentincrement property renders Poisson a memoryless process. This, in turn, greatlysimplifies queueing problems involving Poisson arrivals. And third, Poissonprocesses are fairly common in traffic applications that physically comprise alarge number of independent traffic streams, each of which may be quite general.The theoretical basis for this phenomenon is known as Palm’s Theorem [50, Vol.II, p. 582]. It roughly states that under suitable but mild regularity conditions,such multiplexed streams approach a Poisson process, as the number of streamsgrows, but the individual rates decrease so as to keep the aggregate rate constant.Thus, traffic on main communications arteries is commonly believed to follow aPoisson process, as opposed to traffic on upstream tributaries, which is less likelyto be Poisson. However, traffic aggregation (multiplexing) need not always resultin a Poisson stream; see the discussion in Section 3.8 for a counter-example.Time-dependent Poisson processes are defined by letting the rate parameter

λδεπενδ ον τιμε. Χομπουνδ Ποισσον προχεσσεσ αρε δεϕινεδ ιν τηε οβϖιουσ ωαψ,βψ σπεχιϕψινγ τηε διστριβυτιον οϕ τηε βατχη σιζε

Bn, independent of the

An.3.2.2.Bernoulli Processes.Bernoulli processes are the discrete-time analog of Poisson processes (time-dependent and compound Bernoulli processes are defined in the natural way).Here the probability of an arrival in any time slot is

P N^k =n { }=^n k p_n 1− p

( )_{k− n}, n≤k. The time between arrivals is geometric

42with parameter

p, i.e.,

P An = j

{ }=p 1− p( )j,j=0,1,....3.2.3.Phase-type Renewal Processes.An important special case of renewal models occurs when the interarrival timesare of the so-called phase type. Phase-type interarrival times can be modeled asthe time to absorption in a continuous-time Markov process

C= C t( ){ }t=0∞ ωιτηστατε σπαχε

0,1,...,m { }; ηερε, στατε

0 is absorbing, all other states are transient, andabsorption is guaranteed in a finite time. To determine

An, start the process

Cwith some initial distribution

A^{n, implying that it is aprobabilistic mixture of sums of exponentials. Then, restart}

C with the sameinitial distribution

π, ανδ ρεπεατ τηε προχεδυρε ινδεπενδεντλψ το γετ

An+1.Phase-type renewal processes give rise to relatively tractable traffic models. Theyalso enjoy the property that any interarrival time distribution can beapproximated arbitrarily closely by phase-type distributions. Interarrivalsequences generated by renewal processes are shown in Figure 10.

43Figure 10: Example Interarrival Sequences from Renewal Processes

443.3.Markov and Markov-Renewal Traffic ModelsUnlike renewal traffic models, Markov and Markov-renewal traffic models [39]introduce temporal dependence into the random sequence

An{ }. Χονσεθυεντλψ,τηεψ χαν ποτεντιαλλψ χαπτυρε τραϕϕιχ βυρστινεσσ, δυε το νον−ζερο αυτοχορρελατιονσιν

n

λ^{i, which depends on}

ialone; it then jumps to state

j with probability

pij, such that the matrix

P= pij[ ] ισα προβαβιλιτψ ματριξ. Ιν α σιμπλε Μαρκοϖ τραϕϕιχ μοδελ, εαχη φυμπ οϕ τηε Μαρκοϖπροχεσσ ισ ιντερπρετεδ ασ σιγναλινγ αν αρριϖαλ, σο ιντεραρριϖαλ τιμεσ αρεεξπονεντιαλ, τηειρ ρατε παραμετερ δεπενδινγ ον τηε στατε ϕρομ ωηιχη τηε φυμποχχυρρεδ. Τηισ ρεσυλτσ ιν δεπενδενχε αμονγ ιντεραρριϖαλ τιμεσ ασ α χονσεθυενχεοϕ τηε Μαρκοϖ προπερτψ.Μαρκοϖ μοδελσ ιν σλοττεδ τιμε χαν βε δεϕινεδ ϕορ τηε προχεσσ

An{ } ιν τερμσ οϕ αΜαρκοϖ τρανσιτιον ματριξ

P= pij[ ] [39]. Ηερε, στατε p^{ij is the probability of a}

j-slot separation,given that the previous one was an

i-slot separation. Arrivals may be single, abatch of units, or a continuous quantity. Batches may themselves be described bya Markov chain, while continuous-state, discrete-time Markov processes canmodel the (random) workload arriving synchronously at the system. In all cases,the Markov property introduces dependence into interarrival separation, batchsizes, and successive workloads, respectively.Markov-renewal models are more general than discrete-state Markov processes,

45yet they retain a measure of simplicity and analytical tractability. A Markovrenewal process

R= Mn,τ n ( ) { }n=0∞ ισ δεϕινεδ βψ α Μαρκοϖ χηαιν

Mn{ } ανδ ιτσασσοχιατεδ φυμπ τιμεσ

τ n{ }, συβφεχτ το τηε ϕολλοωινγ χονστραιντ: τηε παιρ

Mn+1,τ n+1 ( ) οϕ νεξτ στατε ανδ ιντερ−φυμπ τιμε δεπενδσ ονλψ ον τηε χυρρεντ στατε C, but the latteris not restarted with the same initial distribution; rather, the restart state dependson the previous transient state from which absorption had just occurred. WhileMAP is analytically simple, it enjoys considerable versatility. Its formulationincludes Poisson processes, phase-type renewal processes, and others as specialcases [51]. It also has the appealing property that the superposition ofindependent MAP traffic streams results in a MAP traffic stream governed by aMarkov process whose state space is the cross product of the component statespaces.3.4.Markov-Modulated Traffic ModelsMarkov-modulated models constitute an extremely important class of trafficmodels. The idea is to introduce an explicit notion of state into the description of

46a traffic stream — an auxiliary Markov process is evolving in time, and itscurrent state controls (modulates) the probability law of the traffic mechanism.Let

M = M t( ) { }t=0∞ βε α χοντινυουσ−τιμε Μαρκοϖ προχεσσ, ωιτη στατε σπαχε

1,2,...m { }(μορε χομπλιχατεδ στατε σπαχεσ αρε ποσσιβλε). Νοω ασσυμε τηατ ωηιλε

M is instate

k, the probability law of traffic arrivals is completely determined by

k, andthis holds for every

j, and so on. Thus, the probability law for arrivals is modulated by the stateof

M (such systems are also called doubly stochastic, but the term “Markovmodulation” makes it clearer that the traffic is stochastically subordinated to

M).Certainly, the modulating process can be more complicated than a Markovprocess (so the holding times need not be restricted to exponential randomvariables), but such models are far less analytically tractable. For example,Markov renewal processes constitute a natural generalization of Markov-modulated processes with generally distributed interarrival times, but those willnot be reviewed here.3.4.1.Markov-Modulated Poisson Processes.The most commonly used Markov-modulated model is the MMPP (Markov-Modulated Poisson Process) model, which combines the simplicity of themodulating (Markov) process with that of the modulated (Poisson) process. Inthis case, the modulation mechanism simply stipulates that in state

k of

M,arrivals occur according to a Poisson process at rate

Q^{kj bycalculating the fraction of times that}

M switched from state

k to state

j. 48Figure 11: An Example Sample Path from a Three-Rate Continuous-TimeMarkov-Modulated Process

49As a simple example, consider a two-state MMPP model, where one state is an“on” state with an associated positive Poisson rate and the other is an “off” statewith associated rate zero (such models are also known as interrupted Poisson forobvious reasons). These models have been widely used to model voice trafficsources [52]; the “on” state corresponds to a talk spurt (when the speaker emitssound), and the “off” state corresponds to a silence (when the speaker pauses fora break). A realization of a discrete-time on/off model is given in Figure 12. Thisbasic MMPP model can be extended to aggregations of independent trafficsources, each of which is an MMPP, modulated by an individual Markov process

Mi, as described above. Let

J t( )= J1 t( ),J2 t( ),...,Jr t( ) ( ), ωηερε

Ji t( ) ισ τηε νυμβερ οϕαχτιϖε σουρχεσ οϕ τραϕϕιχ τψπε i trafficin state

j1,j2,...,jr ( ) οϕ

M t( ) ισ

jiλ i.

50Figure 13: An Example Sample Path of Discrete_Time On/Off Traffic

513.4.2.Transition-Modulated Processes.Transition-modulated processes are a variation on the state modulation idea.Essentially, the modulating agent is a state transition rather than a state, per se.However, note that a state transition can be described simply by a pair of stateswhose components are the one before transition and the one after it.A transition-modulated traffic model in discrete time is described in [53]; itsgeneralization to continuous time is straightforward. Let

M = M t( ) { }t=0∞ βε αδισχρετε−τιμε Μαρκοϖ προχεσσ ον τηε ποσιτιϖε ιντεγερσ. Στατε τρανσιτιονσ οχχυρ ονσλοτ βουνδαριεσ ανδ αρε γοϖερνεδ βψ αν

m×m Markov transition matrix

Q= Qij[ ].Λετ

Bn denote the number of arrivals in slot

n, and assume that the probabilities

P Bn =kMn =i,Mn+1 = j { }=tij k( ) αρε ινδεπενδεντ οϕ ανψ παστ στατε ινϕορματιον (τηεπαραμετερσ

n is completelydetermined by the transition of the modulating chain (through the parameters

tij k( )).Μαρκοϖ−μοδυλατεδ τραϕϕιχ μοδελσ αρε α σπεχιαλ χασε οϕ Μαρκοϖιαν τρανσιτιον−μοδυλατεδ ονεσ: σιμπλψ τακε τηε σπεχιαλ χασε ωηεν τηε χονδιτιονινγ εϖεντ ισ

Mn =i { }. Τηατ ισ,

tij k( )=ti k( ) δεπενδσ ονλψ ον τηε στατε

i of the modulating chainin slot

n, but it is independent of its state

M^n,M^{n+1} ( ) { } οϕ ιτσ τρανσιτιονσ.Ασ βεϕορε, μυλτιπλε τρανσιτιον−μοδυλατεδ τραϕϕιχ μοδελσ χαν βε δεϕινεδ, ονε ϕορ 52εαχη τραϕϕιχ χλασσ οϕ ιντερεστ. Τηε χομπλετε τραϕϕιχ μοδελ ισ οβταινεδ ασ τηεσυπερποσιτιον οϕ τηε ινδιϖιδυαλ τραϕϕιχ μοδελσ. Φορ θυευεινγ στυδιεσ ιν δισχρετετιμε, ανοτηερ ωρινκλε ισ τηε ασσιγνμεντ οϕ πριοριτιεσ το διϕϕερεντ χλασσεσ, σο ασ τοορδερ τηειρ αρριϖαλσ ιν α βυϕϕερ [53].3.5.Φλυιδ Τραϕϕιχ ΜοδελσΤηε ϕλυιδ τραϕϕιχ παραδιγμ δισπενσεσ ωιτη ινδιϖιδυαλ τραϕϕιχ υνιτσ. Ινστεαδ, ιτϖιεωσ τραϕϕιχ ασ α στρεαμ οϕ ϕλυιδ, χηαραχτεριζεδ βψ α ϕλοω ρατε (ε.γ., βιτσ περσεχονδ), σο τηατ τραϕϕιχ χουντ ισ ρεπλαχεδ βψ τραϕϕιχ ϖολυμε.Φλυιδ μοδελσ αρε αππροπριατε το χασεσ ωηερε ινδιϖιδυαλ υνιτσ αρε νυμερουσρελατιϖε το α χηοσεν τιμε σχαλε. Πυτ διϕϕερεντλψ, αν ινδιϖιδυαλ υνιτ ισ βψ ιτσελϕ οϕϖανισηινγλψ λιττλε σιγνιϕιχανχε, φυστ ασ ονε μολεχυλε μορε ορ λεσσ ιν α ωατερπιπελινε ηασ βυτ αν ινϕινιτεσιμαλ εϕϕεχτ ον τηε ϕλοω. Ιν τηε Β−ΙΣΔΝ (ΒροαδβανδΙντεγρατεδ Σερϖιχεσ Διγιταλ Νετωορκσ) χοντεξτ οϕ ΑΤΜ (Ασψνχηρονουσ ΤρανσϕερΜοδε), αλλ παχκετσ αρε ϕιξεδ−σιζε χελλσ οϕ ρελατιϖελψ σηορτ λενγτη (53 βψτεσ); ιναδδιτιον, τηε ηιγη τρανσμισσιον σπεεδσ (σαψ, ον τηε ορδερ οϕ γιγαβιτ/σεχονδ)ρενδερ τηε τρανσμισσιον ιμπαχτ οϕ ινδιϖιδυαλ χελλσ νεγλιγιβλε. Τηε αναλογψ οϕ αχελλ το α ϕλυιδ μολεχυλε ισ α πλαυσιβλε ονε. Το ϕυρτηερ ηιγηλιγητ τηισ αναλογψ,χοντραστ αν ΑΤΜ χελλ ωιτη α μυχη βιγγερ τρανσμισσιον υνιτ, σαψ, α χομπρεσσεδηιγη−θυαλιτψ ϖιδεο ϕραμε, ωηιχη χονσιστσ οϕ ον τηε ορδερ οϕ α τηουσανδ χελλσ. Ατραϕϕιχ αρριϖαλ στρεαμ οϕ χοδεδ ϕραμεσ σηουλδ βε μοδελεδ ασ α δισχρετε στρεαμ οϕαρριϖαλσ, σινχε συχη ϕραμεσ αρε τψπιχαλλψ τρανσμιττεδ ατ τηε ρατε οϕ 30 ϕραμεσ περσεχονδ. Συχη α ϕλοω ρατε ισ σηοων ιν Φιγυρε 13 ϕορ ϖαριαβλε βιτ ρατε (ςΒΡ) ϖιδεο.Ηοωεϖερ, α ϕλυιδ μοδελ ισ αππροπριατε ϕορ τηε χονστιτυεντ χελλσ. 53Φιγυρε 13: Αν Εξαμπλε οϕ Εμπιριχαλ ςΒΡ Τραϕϕιχ 54Αν ιμπορταντ αδϖανταγε οϕ ϕλυιδ μοδελσ ισ τηειρ χονχεπτυαλ σιμπλιχιτψ. Βυτιμπορταντ βενεϕιτσ ωιλλ αλσο αχχρυε το α σιμυλατιον μοδελ οϕ ϕλυιδ τραϕϕιχ. Το σεετηατ, χονσιδερ αγαιν α βροαδβανδ ΑΤΜ σχεναριο. Ιϕ ονε ισ το διστινγυιση αμονγχελλσ, τηεν εαχη οϕ τηεμ ωουλδ ηαϖε το χουντ ασ αν εϖεντ. Τηε τιμε γρανυλαριτψ οϕεϖεντ προχεσσινγ ωουλδ βε θυιτε ϕινε, ανδ, χονσεθυεντλψ, προχεσσινγ χελλ αρριϖαλσωουλδ χονσυμε ϖαστ ΧΠΥ ανδ ποσσιβλψ μεμορψ ρεσουρχεσ, εϖεν ον σιμυλατεδτιμε σχαλεσ οϕ μινυτεσ. Α στατιστιχαλλψ μεανινγϕυλ σιμυλατιον μαψ οϕτεν βεινϕεασιβλε. Ιν χοντραστ, α ϕλυιδ σιμυλατιον ωουλδ ασσυμε τηατ τηε ινχομινγ ϕλυιδϕλοω ρεμαινσ (ρουγηλψ) χονσταντ οϖερ μυχη λονγερ τιμε περιοδσ. Τραϕϕιχϕλυχτυατιονσ αρε μοδελεδ ασ εϖεντσ σιγναλινγ α χηανγε οϕ ϕλοω ρατε. Ασ τηεσεχηανγεσ χαν βε ασσυμεδ το ηαππεν ϕαρ λεσσ ϕρεθυεντλψ τηαν ινδιϖιδυαλ χελλαρριϖαλσ, ονε χαν ρεαλιζε ενορμουσ σαϖινγσ ιν χομπυτινγ. Ιν ϕαχτ, ινϕεασιβλεσιμυλατιονσ οϕ χελλ αρριϖαλ μοδελσ χαν βε ρεπλαχεδ βψ ϕεασιβλε σιμυλατιονσ οϕ ϕλυιδμοδελσ οϕ χομπαραβλε αχχυραχψ. Ιν α θυευεινγ χοντεξτ, ιτ ισ εασψ το μανιπυλατεϕλυιδ βυϕϕερσ. Φυρτηερμορε, τηε ωαιτινγ τιμε χονχεπτ σιμπλψ βεχομεσ τηε τιμε ιττακεσ το σερϖε (χλεαρ) τηε χυρρεντ βυϕϕερ. Σινχε ϕλυιδ μοδελσ ασσυμε αδετερμινιστιχ σερϖιχε ρατε, τηεσε στατιστιχσ χαν βε ρεαδιλψ χομπυτεδ. Τψπιχαλλψ,τηουγη, λαργερ τραϕϕιχ υνιτσ (σαψ χοδεδ ϕραμεσ) αρε οϕ γρεατερ ιντερεστ τηανινδιϖιδυαλ χελλσ. Μοδελινγ τηε λαργερ υνιτσ ασ δισχρετε τραϕϕιχ ανδ τηειρ τρανσπορτασ ϕλυιδ ϕλοω ωιλλ γιϖε υσ τηε βεστ οϕ βοτη ωορλδσ: ωε χαν μεασυρε ωαιτινγ τιμεσανδ ενφοψ σαϖινγσ ον σιμυλατιον χομπυτινγ ρεσουρχεσ.Τψπιχαλ ϕλυιδ μοδελσ [54, 55] ασσυμε τηατ σουρχεσ αρε βυρστψ ∇ οϕ τηε ®ον/οϕϕ©τψπε. Ωηιλε ιν τηε ®οϕϕ© στατε, τραϕϕιχ ισ σωιτχηεδ οϕϕ, ωηερεασ ιν τηε ®ον© στατετραϕϕιχ αρριϖεσ δετερμινιστιχαλλψ ατ α χονσταντ ρατε

λ. Φορ αναλψτιχαλ τραχταβιλιτψ, τηεδυρατιονσ οϕ ®ον© ανδ ®οϕϕ© περιοδσ αρε οϕτεν ασσυμεδ το βε εξπονεντιαλλψδιστριβυτεδ ανδ μυτυαλλψ ινδεπενδεντ (τηατ ισ, τηεψ ϕορμ αν αλτερνατινγ ρενεωαλ 55προχεσσ). Α Μαρκοϖ μοδελ οϕ α σετ οϕ θυαντιζεδ (ϕλυιδ) τραϕϕιχ ρατεσ ισ πρεσεντεδ ιν[56]. Φλυιδ τραϕϕιχ μοδελσ οϕ τηεσε τψπεσ χαν βε αναλψζεδ ασ Μαρκοϖ−μοδυλατεδχονσταντ ρατε τραϕϕιχ. Τηε ηοστ οϕ γενεραλιζατιονσ, δεσχριβεδ αβοϖε ϕορ ΜΜΠΠ,χαρριεσ οϖερ το ϕλυιδ μοδελσ ασ ωελλ, ινχλυδινγ μυλτιπλε σουρχεσ ανδ μυλτιπλεχλασσεσ οϕ σουρχεσ.3.6.Αυτορεγρεσσιϖε Τραϕϕιχ ΜοδελσΑυτορεγρεσσιϖε μοδελσ δεϕινε τηε νεξτ ρανδομ ϖαριαβλε ιν τηε σεθυενχε ασ ανεξπλιχιτ ϕυνχτιον οϕ πρεϖιουσ ονεσ ωιτηιν α τιμε ωινδοω στρετχηινγ ϕρομ τηεπρεσεντ ιντο τηε παστ. Συχη μοδελσ αρε παρτιχυλαρλψ συιταβλε ϕορ μοδελινγ ςΒΡχοδεδ ϖιδεο ∇ α προφεχτεδ μαφορ χονσυμερ οϕ βανδωιδτη ιν εμεργινγ ηιγη−σπεεδ χομμυνιχατιονσ νετωορκσ. Τηε νατυρε οϕ ϖιδεο ϕραμεσ ισ συχη τηατσυχχεσσιϖε ϕραμεσ ωιτηιν α ϖιδεο σχενε ϖαρψ ϖισυαλλψ ϖερψ λιττλε (ρεχαλλ τηατ τηερεαρε 30 ϕραμεσ περ σεχονδ ιν α ηιγη−θυαλιτψ ϖιδεο). Ονλψ σχενε χηανγεσ (ανδ οτηερϖισυαλ δισχοντινυιτιεσ) χαν χαυσε αβρυπτ χηανγεσ ιν ϕραμε βιτ ρατε. Τηυσ, τηεσεθυενχε οϕ βιτ ρατεσ (ϕραμε σιζεσ) χομπρισινγ α ϖιδεο σχενε μαψ βε μοδελεδ βψαν αυτορεγρεσσιϖε σχηεμε (βυτ σεε Σεχτιον 3.6.2 ϕορ ανοτηερ μοδελινγ αππροαχη),ωηιλε σχενε χηανγεσ χαν βε μοδελεδ βψ σομε μοδυλατινγ μεχηανισμ, συχη ασ αΜαρκοϖ χηαιν.3.6.1 Λινεαρ Αυτορεγρεσσιϖε Μοδελσ.Τηε σιμπλεστ χλασσ οϕ λινεαρ αυτορεγρεσσιϖε μοδελσ [57] ηασ τηε ϕορμ

Xn =a0 + arr=1p∑ Xn− r +εr , n>0,

56where

X0,...,Xp− 1 are prescribed random variables, the

r are real constants, andthe AR p( ), ωηερε

p is the order of the autoregression. In a goodmodel, the residuals ought to be of a smaller magnitude than the

Xn, in order to“explain” the empirical data.The recursive form given above makes it clear how to randomly generate thenext random element in the sequence

Xn{ }n=0∞ ϕρομ πρεϖιουσ ονεσ. Τηισ σιμπλιχιτψμακεσ τηεμ ποπυλαρ χανδιδατεσ ϕορ μοδελινγ αυτοχορρελατεδ τραϕϕιχ. Α σιμπλε

AR 2( ) μοδελ ωασ υσεδ ιν [58] το μοδελ ςΒΡ χοδεδ ϖιδεο. Μορε ελαβορατε μοδελσχαν βε χονστρυχτεδ ουτ οϕ

AR p( ) μοδελσ χομβινεδ ωιτη οτηερ σχηεμεσ. Φορεξαμπλε, ιν [59], ϖιδεο βιτ ρατε τραϕϕιχ ωασ μοδελεδ ασ α συμ

n n n n n,where the first two terms comprise independent TES_{+ ανδ}

TES^{−. Τηε συπερσχριπτ (πλυσ ορμινυσ) ισ α μνεμονιχ ρεμινδερ οϕ τηε ϕαχτ τηατ τηεψ γιϖε ρισε το ΤΕΣ προχεσσεσωιτη ποσιτιϖε ανδ νεγατιϖε λαγ−1 αυτοχορρελατιονσ, ρεσπεχτιϖελψ. ΤΕΣ μοδελσχονσιστ οϕ τωο στοχηαστιχ προχεσσεσ ιν λοχκστεπ, χαλλεδ βαχκγρουνδ ανδ ϕορεγρουνδσεθυενχεσ, ρεσπεχτιϖελψ. Βαχκγρουνδ}

TES sequences have the form

Un+ = U0, n=0

Un− 1+ +Vn , n>0 ορ

Un− = Un+, n even

1− Un+, n odd 58Ηερε,

U0 is distributed uniformly on

0,1[ );

Vn{ }n=1∞ ισ α σεθυενχε οϕ ιιδ ρανδομϖαριαβλεσ, ινδεπενδεντ οϕ

U0, called the innovation sequence, and angular bracketsdenote the modulo-1 (fractional part) operator

x =x− max integer n: n≤x { }.Βαχκγρουνδ σεθυενχεσ πλαψ αν αυξιλιαρψ ρολε. Τηε ρεαλ ταργετσ αρε ϕορεγρουνδσεθυενχεσ οϕ τηε ϕορμ

Xn+ =D Un+( ), or

Xn− =D Un−( ),where

D is a transformation from U^n_+{ } ανδ

Un−{ } αρε υνιϕορμ ον

0,1[ ), ρεγαρδλεσσ οϕ τηε προβαβιλιτψ λαω οϕ τηε ιννοϖατιονσ

Vn{ } [60]. Τηε ινϖερσιονμετηοδ [63] αλλοωσ υσ το τρανσϕορμ ανψ βαχκγρουνδ υνιϕορμ ϖαριατε το αϕορεγρουνδ ϖαριατε ωιτη αν αρβιτραρψ μαργιναλ διστριβυτιον. Το ιλλυστρατε τηισ ιδεα,συπποσε ονε ηασ αν εμπιριχαλ τιμε σεριεσ

Yn{ }n=0N, from which one computes anempirical density

√hY and its associated distribution function

√HY. Then, therandom variable

X= √HY− 1 U( ) ηασ δενσιτψ

√hY. Thus, TES foreground sequences canmatch any empirical distribution, through a choice of a suitable distortion.The empirical TES methodology actually employs a composite two-stagedistortion of the form

0<ξ <1and given by

Sξ y( )= y/ξ, 0≤y<ξ 1− y ( )/ 1− ξ( ), ξ ≤y<1 Φορ

0<ξ <1, the effect of

Sξ ισ το ρενδερ τηε σαμπλε πατησ οϕ βαχκγρουνδ ΤΕΣσεθυενχεσ μορε ®χοντινυουσ−λοοκινγ.© Βεχαυσε στιτχηινγ τρανσϕορματιονσπρεσερϖε υνιϕορμιτψ, τηε ινϖερσιον μετηοδ ϖια

√HY− 1 guarantees that thecorresponding foreground sequence will have the prescribed marginaldistribution

√HY. The empirical TES modeling methodology takes advantage ofthis fact, which effectively decouples the fitting requirements of the empiricaldistribution and the empirical autocorrelation function. Since the former isautomatically guaranteed by TES, one can concentrate on fitting the latter. This iscarried out by a heuristic search for a pair

ξ,fV ( ), ωηερε

ξ ισ α στιτχηινγπαραμετερ ανδ

Q be the infinitesimalgenerator (transition rate matrix) of an

N-state Markov chain, which modulatesthe Poisson rate of the traffic process with rate vector

vγ. Ιτ ισ σηοων τηατ τηεειγενστρυχτυρε οϕ

Q characterizes the effect of such traffic on queueingperformance. Assume that

Q is diagonalizable with eigenvalues

vλ = λ 0,λ 1, ... ,λ N− 1 ( ). Τηε ποωερ σπεχτρυμ οϕ τηε ρανδομ (Ποισσον) ρατε προχεσσ χαντηεν βε εξπρεσσεδ βψ 64

j j j2 2 j=0N− 1 Im λ^j[ ], ανδ τηε ηαλϕ−ποωερ βανδωιδτη,

− 2Re λ j[ ]. Λεττινγ

vψ = ψ 0,ψ 1, ... ,ψ N− 1 ( ), τηε τραϕϕιχ ποωερ σπεχτρυμ ισ χηαραχτεριζεδ βψ τηε παιρ

vψ , vλ ( ) , ανδ τηε γοαλ οϕ ΦΔΑ ισ το χονστρυχτ

Q, vγ ( ) ϕρομ

vψ , vλ ( ) ∇ α ρατηερ διϕϕιχυλττασκ, ινϖολϖινγ τηε σο−χαλλεδ ινϖερσε ειγενϖαλυε προβλεμ. Τηε τεχηνιθυε ιν [69]υσεσ α σπεχιαλ χλασσ οϕ Μαρκοϖ χηαινσ, χαλλεδ χιρχυλαντσ, ωιτη ινϕινιτεσιμαλγενερατορσ οϕ τηε ϕορμ

Q= a0 a1 a2 L aN− 1 aN− 1 a0 a1 L aN− 2 aN− 2 aN− 1 a0 L aN− 3 M M M M M a1 a2 a3 L a0 (2)ωηερε εαχη ροω ισ α χιρχυλαρ ριγητ−σηιϕτ οϕ τηε πρεϖιουσ ονε. Α χιρχυλαντ−τψπεμοδυλατεδ τραϕϕιχ ρατε προχεσσ ισ τηεν χηαραχτεριζεδ βψ τηε παιρ

va, vγ( ),

va being thefirst row of

Q. Its power spectrum can be shown to have the representation

* * 2(3)where

va, vλ ( ), τηατ γιϖεσ ρισε το α πρεσχριβεδ ποωερ σπεχτρυμ,χηαραχτεριζεδ βψ α παιρ,

vλ , vψ ( ), βψ τακινγ τηε ϕολλοωινγ χονστραινεδ ινϖερσεδισχρετε Φουριερ τρανσϕορμ,

va= 1N vλ F subject to aj ≥0 forj>0 and a0 =− ajj=1N− 1∑ , vγ = N vβF subject to γ j ≥0, ∀ j, with β j = ψ j eiθ j ,(4)where

vθ = θ0,θ1, ... ,θN− 1 ( ) ισ α πηασε ϖεχτορ. Ηενχε,

va depends only on

vλ, ανδ

vγ ονλψ δεπενδσ ον

vψ , vθ ( ). Ιτ σηουλδ βε νοτεδ τηατ ωηιλε

vθ ισ υνρελατεδ το τηεποωερ σπεχτρυμ, ιτ ινϕλυενχεσ τηε στεαδψ−στατε διστριβυτιον ανδ ηιγηερ−ορδερτραϕϕιχ στατιστιχσ [69]. Τηε νυμεριχαλ αναλψσεσ ιν [69, 71] αρε βασεδ ον τηε ΦολδινγΑλγοριτημ, ωηιχη ισ α ϕαστ χομπυτατιοναλ μετηοδ ϕορ αναλψσισ οϕ ϕινιτε θυασι−βιρτη−δεατη προχεσσ ωιτη λεϖελ−δεπενδεντ τρανσιτιονσ [72].Α σιγνιϕιχαντ αδϖανταγε οϕ υσινγ χιρχυλαντσ ιν ΦΔΑ ισ τηε αβιλιτψ το ιδεντιϕψ τηειμπαχτ οϕ ϕιρστ−ορδερ (μαργιναλ διστριβυτιον), σεχονδ−ορδερ (ποωερ σπεχτρυμ οραυτοχορρελατιον ϕυνχτιον), ανδ ηιγηερ−ορδερ τραϕϕιχ στατιστιχσ (συχη ασ τηεβισπεχτρυμ ανδ τρισπεχτρυμ) ον θυευε λενγτη ανδ λοσσ ρατε στατιστιχσ.Ιντερεστινγλψ, ονλψ σεχονδ−ορδερ τραϕϕιχ στατιστιχσ αππεαρ το ηαϖε α σιγνιϕιχαντεϕϕεχτ ον θυευεινγ περϕορμανχε, ωιτη τηε λοω ϕρεθυενχιεσ εξερτινγ τηε μοστεϕϕεχτ. Τηισ οβσερϖατιον ηασ ιμπορταντ ποτεντιαλ αππλιχατιονσ το τραϕϕιχμεασυρεμεντ, εσπεχιαλλψ σινχε ϕιρστ−ορδερ ανδ σεχονδ−ορδερ στατιστιχσ αρε μυχηεασιερ το μεασυρε τηαν ηιγηερ−ορδερ ονεσ. ΦΔΑ ηασ βεεν αππλιεδ, ιν τηισ ϖειν, τοτραϕϕιχ ρατε χοντρολ [73], το λινκ χαπαχιτψ αλλοχατιον ανδ νετωορκ χοντρολ [74], ανδ 66το τηε δεσιγν ανδ αναλψσισ οϕ βυϕϕερ χονγεστιον χοντρολ [71].3.8.Σελϕ−Σιμιλαρ Τραϕϕιχ ΜοδελσΡεχεντ στυδιεσ οϕ ηιγη−θυαλιτψ ηιγη−ρεσολυτιον τραϕϕιχ μεασυρεμεντσ ηαϖερεϖεαλεδ α νεω πηενομενον ωιτη ποτεντιαλλψ ιμπορταντ ραμιϕιχατιονσ το τηεμοδελινγ, δεσιγν, ανδ χοντρολ οϕ βροαδβανδ νετωορκσ. Τηεσε ινχλυδε αν αναλψσισοϕ ηυνδρεδσ οϕ μιλλιονσ οϕ οβσερϖεδ παχκετσ οϖερ αν Ετηερνετ ΛΑΝ ιν αν Ρ&Δενϖιρονμεντ [43] ανδ αν αναλψσισ οϕ α ϕεω μιλλιονσ οϕ οβσερϖεδ ϕραμε δαταγενερατεδ βψ ςΒΡ ϖιδεο σερϖιχεσ [45] (σεε Φιγυρεσ 7 ανδ 9). Ωηατ εμεργεδ ϕρομτηεσε στυδιεσ ισ τηατ παχκετ τραϕϕιχ αππεαρσ το βε στατιστιχαλλψ σελϕ−σιμιλαρ ιν τηεσενσε οϕ [75]. Ιντυιτιϖελψ, α σελϕ−σιμιλαρ (ορ ϕραχταλ) πηενομενον εξηιβιτσ στρυχτυραλσιμιλαριτιεσ αχροσσ αλλ (ορ ατ λεαστ α ωιδε ρανγε) οϕ τιμε σχαλεσ. Ιν τηε χασε οϕ παχκεττραϕϕιχ, σελϕ−σιμιλαριτψ ισ μανιϕεστεδ ιν τηε αβσενχε οϕ α νατυραλ λενγτη οϕ α ®βυρστ©:ατ εϖερψ τιμε σχαλε ρανγινγ ϕρομ α ϕεω μιλλισεχονδσ το μινυτεσ ανδ ηουρσ,σιμιλαρ−λοοκινγ τραϕϕιχ βυρστσ αρε εϖιδεντ. Σελϕ−σιμιλαρ στοχηαστιχ μοδελσ ινχλυδεϕραχτιοναλ Γαυσσιαν νοισε [76] ανδ ϕραχτιοναλ ΑΡΙΜΑ προχεσσεσ [77].Σελϕ−σιμιλαριτψ μανιϕεστσ ιτσελϕ ιν α ϖαριετψ οϕ διϕϕερεντ ωαψσ: α σπεχτραλ δενσιτψτηατ διϖεργεσ ατ τηε οριγιν n) more slowly than

1/n; see [78]for details. The key parameter characterizing these phenomena is the so-calledHurst parameter,

H, designed to capture the degree of self-similarity in a givenempirical record [79] as follows. Let

Yk{ }k=1n be an empirical time series withsample mean

Y(n) and sample variance

S2(n). The rescaled adjusted range, or

R/S statistic, is given by

R n( )/S n( ) ωιτη 67

R n( )=max Yi − Y(n) ( ):1≤k≤n i=1k∑{ }− min Yi − Y(n)( ):1≤k≤n i=1k∑{ }. Ιτ ηασ βεεν ϕουνδεμπιριχαλλψ τηατ μανψ νατυραλλψ οχχυρρινγ τιμε σεριεσ αππεαρ το οβεψ τηε ρελατιον

E R n( )/S n( )

[ ]≅nHfor large

H=0.5 for large

n. This discrepancy, generally referred to asthe Hurst phenomenon, is a measure of the degree of self-similarity in time seriesand can be estimated from empirical data [45].From a mathematical point of view, self-similar traffic differs from other trafficmodels in the following way [78]. Let

m be a time unit representing a time scale,such as

m=10s seconds

s=0,±1,±2,... ( ). Φορ εϖερψ τιμε σχαλε

m, let

X(m) = Xn(m){ }δενοτε τηε τιμε σεριεσ χομπυτεδ ασ τηε νυμβερ οϕ παχκετσ (βψτεσ, χελλσ, ετχ.) περτιμε υνιτ μ ιν τηε τραϕϕιχ στρεαμ. Τραδιτιοναλ τραϕϕιχ μοδελσ ηαϖε τηε προπερτψτηατ, ασ

m increases, the “aggregated” processes