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AbstractThe public network has traditionally been unable to  resources accordingly. Those with greater importance may
adequately deal with defense and disaster recovery pe those which generate greater revenue, but also may be
communications, because overloads that occur during crises those that deal with emergencies or natural disasters. Related
cause degraded resource access to all users, no matter howagearch 4 addressed the question of how to determine
important. For public broadband networks to be effective for which traffic should be given priority; a ticket server
defense and disaster recovery multimedia communications, they architecture was proposed to issue tickets to important

must dynamically recognize some connections as having greater i f h Ki fi dmissi
importance than others and allocate resources accordingly. A connections Tor use when Seeking connection admission.

new approach to connection admission control is proposed that ~ 1he question of how to allocate resources to important
uses an upper limit policy to optimize the admission of Connections once they attempt to use those tickets is
connections based on the weighted sum of blocking across traffic addressed here. Of particular interest are times of network
classes. This optimization approach can be used for arbitrarily stress when connection requests must be denied (i.e.,
large networks and numbers of traffic classes and results in a blocked) to preserve quality of service for other connections.
very simple algorithm that could be implemented on standard Connection requests should also be blocked if admission of
network hardware. This work is also the first to demonstrate the current request might lessen the possibility of a
that the huse C}f agd_upper limit policy is superior to traditional subsequent, more important request being admitted
approaches of adding extra capacity or partitioning capacity, ’ S
bgtph in the amount o% resourceg reqyuiredpand in sgnsitli[\)/ity ¥o One appfoaf?h to the problem WOUld be to use tradltlo_nal
load variations. An upper limit policy is also shown to be much t€lécommunications network techniques. These have either
faster to implement when a large overload occurs from a been to overbuild networks with excess capacity to keep
disaster event. requests from virtually ever being denied or to partition
| INTRODUCTION resources into separate pools that cannot be used by others.
o ) A variety of newer approaches have recently been proposed
The expansion in the public data network over the pagf deploy new communications resources to a stressed
decade has been astounding, both in terms of its widespreg@york as needed, but these are really only a variation on the
deployment and in the usefulness of its applications, maskcess capacity approach. The approach proposed here is to
notably with the world wide web. Although having ayse arupper limit(UL) policy for connection admission that
potentially profound impact for defense and disaster recovelites resources currently available and sets upper limits on the
operations {], however, the public network remains agmount of resources that can be used for each prioritized
virtually unusable resourcez][ Current public network ¢jass. While the concept of an upper limit policy is not new,
resource allocation mechanisms do not prioritize the waljis research makes the following contributions.
they allocate resources, instead working on a first come-first ; provides the first detailed comparison of the

served basis. When loads on public networks reach up to ﬁ"eimplementation benefits of an upper limit policy versus

times normal "d“””g an e_mergenlcy],[mpg{rtq{ntﬁt_raffulz excess capacity or partitioned capacity approaches. Of
receives equally poor Service as low priority traflic. In-a padicylar interest is the amount of network capacity

report by the National Research Coundj) fhis problem was a4 for each approach and each approach’s sensitivity
referred to by emergency management experts as the need B the large load variations that can occur during major

glveEVerr]]e[ggLr}cK I%T—:f/e?c():cr?\?asnioc;?src:]uergﬁghisms to su Ortdisaster events. For typical scenarios, excess capacity
9 P PP approaches are found to require more than double the

differentiated or guaranteed quality of service (QoS) capacity of a UL approach; partitioned capacity can cause
promises predictable service to connections once they aréz 0, more blocking than for a UL approach
established, the question of how and to whom to give access 9 pp '

to those resources has not been fully addressed. Emerge’nc?n approach is proposed to directly control blocking that
ptimizes upper limit policies based on a weighted sum of

response requires access to all available communication . .
blocking across traffic classes.

resources. If not available from public networks, ! ! e . .
communications resources must be obtained through use®of® Simple linear optimization formulation and a simple
higher cost dedicated networks. algorithm are developed to optimize upper limit policies. It

To meet the demands of defense and disaster recoveryS developed from an approximation for asymptotically
users, connection admission control (CAC) functions must belarge networks in overloaded conditions. - An arbitrarily
able to dynamically designate some connections as havingarge number of traffic classes can be used.
greater importance than others and then provide access toThe next section defines the scope of the problem.



Following that is a discussion of related work on connectiomhere

admission policies and approximations of blocking for those R = numberof classes
policies. Next, in Section 1V, is the development of the upper
limit policy optimization algorithm. Sections V and VI then
compare optimal upper limit policies to excess capacity and Ps, = probability of blockingfor class.

partitioned ~ capacity resource allocation —approaches. \whijle others have proposed optimization based on
Section VIl then provides a detailed example of how amaximizing revenue or utilizatiors,[7], this is the first time a
upper limit policy might be used during stages of a disast@jgighted blocking metric has been used to directly control
response effort, and Section VIII provides the conclusion. 514" monitor blocking and also set bounds on blocking for
Il.  PROBLEM STATEMENT particular classes. A set of weights reflects the relative cost
Two problems to be considered are the following. of blocking for each class. A policy can be formulated from
1. Is dSnamic prioritization of resources really bgneficial’;pese weights to minimizéf and give direct feedback about
A dynamic prioritization approach requires both aﬁ e blocking experienced by different classes of users. This

archiectre o determine which connections are mof{e9PEC Biockng el s aeo ueed b lter sectons 2 2
important and algorithms to allocate resources. Wou P PP )

more traditional methods of allocating resources be jUStsgSre(:enaelmgtli(oristo Tos;ztj/irggddif}grel:ig tecdogﬂgﬁ:;oglzosg?\?ifg
as useful and simpler to implement? The tradltlc?n.‘iﬂ3 ls, and could apply to work being done many areas
apprloaghels ar(zl © elther glave IS nougbr; e>|<((_:essl capamt;:)( M’ TCP/IP, etc.). An arbitrary number of traffic classes
newly deployed capacity) to keep blocking low or t ' A X ;
i g g . - s allowed, with each class defined by an importance level
gag_mon Jeso%rceﬁ 50 hlgh”prlontydt_rafflg: has its 0Wﬁand the amount of resources usedy by eagh connection.
2 Iferé%agﬁrcggoérg g;rfa%fr]?c‘lallljys”partigritligelfjlg.hléw Wc)u|dConnection requests arrive according to an independent and
' : o g - _identically distributed Markov process. Service times,
connection admission control (CAC) functions decid oweveryare generally distribut%é][ Estimates for the
which connections to admit? Could algorithms b ' )

simple enough for use on standard networking hardwarE"?‘rrem overall load and load per class are provided by a

w, = weightfor classy

The approach to addressing these questions will be to fi gc[te: server tarCh'$ﬁtur$][ Fy.tra‘le'Eg tf:eﬂ:requency fOf
answer the second question. A simple, efficient CAC proce gn"?m rﬁ%ﬁizrfllink ai dagigsrlg OO?C: atl)an dsvigtise bo t tc;]nee
is developed that provides preferred access to importa%)[ u Sou ( ), but th
connections by optimizing the maximum number o pproach can be extended to include other multimedia

connections allowed per class. Then the first question will peSources (buffers, time slots, etc.) and a network of links.
addressed. The proposed CAC algorithm will be shown to . RELATED WORK

provide much better utilization of resources than using excess |n the most general case of resource allocation, all

capacity and much better robustness to load variations th&hnections are admitted simply if resources are available at

partitioning resources. o .. the time a connection is requested. This is commonly called
The basic context for the problem lies in the applicatiog complete sharingCS) admission policy where the only

of stressed network conditions to the problem lo$s constraint on the system is the overall system capagityn

networks In a loss network, requests for connections argcs policy, connections that request fewer resource units are

either accepted or blocked; no queueing of requests OCCWyre likely to be admitted. This policy also does not

To prioritize the allocation of resources for importanggnsider the importance of a connection when resources are
connections, the objective is to minimize the weighted sum gfigcated.

blocking, R A. Types of Policies
Wg = weightedsumof blocking= 3 w, Pg_ (1) Other policies have been derived to provide a more
r=1 equitable balance between users or to provide optimized
access to resources. Roskgrovides extensive discussion
| Extra ! Lower Higher of different approaches that have been taken. Some have
| Capaciy | riorty Frioy derived optimal policies 1p, 11, 12, 13, 14, 15 16. To
Unused Unused implement optimal policies, however, a detailed accounting
A New must be made of every allowable state and state transition,
YT T e Used which is impractical for networks of even modest size.
Shared Unused Therefore, a set of non-optimal, heuristic policies have been
A | Resources New developed that are simpler to implement and provide a more
""" ¢ : Used Comection intuitive understanding of how resources are managed. In a
Used complete partitioning(CP) policy, every class of traffic is
allocated a set of resources that can only be used by that
. N , , class. Atrunk reservation(TR) policy says that clagsmay
Dynamic Excess Partitioned use resources in a network up until the point that gnipits
Prioritization Capacity Capacity remain unused. Auaranteed minimurGM) policy [17, 18]
gives each class their own small partition of resources. Once

Fig. 1 - Resource Allocation Alternatives



used up, classes can then attempt to use resources from a

shared pool that all classes use. And finallyupper limit

(UL) policy, introduced in {7], places upper limits on the

numbers of connections possible from each class to ensure i /

that no one class can dominate the use of resources.
Several comparisons have been made between heuristic

policies and with the optimal policy. The upper limit policy

was found to be optimal for a subset of two class poliaigs [ Limit on Class 2—>

and a subset of policies for asymptotically large limksQP,

GM, UL, and TR policies were found to outperform the CS

policy only when significant differences in blocking

Complete Sharing Boundary

No. Class 2
Connections

probabilities between classes were requited [UL and GM .
.. L L . No. Class 1 Connections

policies can significantly outperform TR policies, especially T

when trying to control blocking performance] Limit on Class 1

The research here proceeds with further development of
the upper limit policy. A UL policy is competitive with TR
and optimal policies when blocking performance is to be IV DERIVATION OF THE UPPER LIMIT POLICY
controlled. More importantly, the simplicity of its definition  This section provides a new derivation of an optimal
provided opportunities for developing the simpleupper limit control policy from a set of classes each defined
optimization algorithms that are presented in the next sectidsy an importance level and a resource requirement. The
Fig. 2 illustrates an upper limit policy for two classes otipper limit policy is optimized to minimize the weighted sum
traffic. It shows a linear bound on the number of connectioms$ blocking, where weights signify desired relative blocking
that the CS policy imposes, and the additional thresholds foerformance. The system under investigation has a single
each class imposed by the upper limit policy. A valid uppeesource (bandwidth), a single link, and an arbitrary number
limit policy need not implement a threshold for every class. of classes. Load and capacity asymptotically approach
B. Computational Methods infinity proportionally at a constant ratio of load to capacity

Most of the work on computing blocking for CAC greater thgnl(l.e.,gh .overloaded cond|t.|017). ]
policies has centered on the Erlang loss function, whi¢h Blocking Probabilities for an Upper Limit Policy
provides the ability to exactly compute blocking for different  Kelly’s formulation for asymptotically large network=]
policies [7] [10-16, but can only be used when networks arés based on a network where each class of traffic uses an
small (less than 1000 units of capacity). In detailed work dnteger number of resources along a path. The analysis
upper limit policies, {7, 18] provide a numerical inversion assumes that call holding periods are generally distributed
method using moment generating functions to find exaefith unit mean $0]. Each class of traffic is defined by the
blocking probabilities for UL and GM policies. They stateroute each connection takes and the amount of resources it
however, that “the numerical inversion algorithm can alsoses on each link. A class of traffic is limited in the number
have high complexity ... the current upper limit on thef simultaneous connections it can have by complete sharing
dimension (number of classes) amenable for computationgslicies on each link it traverses, with capacity constr@jnt
about five.” fig] Optimal UL threshold parameters have beefor link j. The constraints for all links on the network are
found in ig] and [i9], but only using heuristic search An<C 2
algorithms. The goal here, however, is to find the optim@lhere rowj of A defines the CS constraint for ligk The
parameters using direct optimization with no practical limifectorn is the number of connections in progress per class,
on the number of classes or the size of the network. andC is the vector of link capacities.

Approximations for the Erlang loss function as networks Kelly [20] then proceeds to find the most likely state,
asymptotically grow in size are particularly useful in thisind shows that the normalized expected value of the number
regard. This is a reasonable assumption, since an OC-48 lgfkconnections in the system asymptotically converges to the
can support over 30,000 64 kilobit/sec voice channels, f@iost likely statedd]. Using A, as the arrival rate per class,
example. Animportant work was produced by Ke#lyf Bnd  the blocking per class can therefore be found from finding the

then later expanded by Hunt and Kellpi][ Kelly set ofy’s that optimize the minimization problem
approximated blocking probabilities from the expected value

Fig. 2 lllustration of the Upper Limit Policy

J
of the number of connections in progress in a network. R DR
Kelly's theory was used as the basis fr%; p3, 24, 25, 26, 27, min ZAre 2 + ch Yj A3)
and also our work on upper limit polices that is described in r= =
more detail later. No work has been done to date on upper subject tay; 2 0.

limit policies in overloaded conditions, where load and o

capacity tend to infinity at a constant ratio, but with loaglocking is then

greater than capacity. Thus the contribution of this research J “yiA

is to asymptotically approximate blocking for upper limit R, =1- I_le e (4)
policies in overloaded conditions and to directly optimize J=

upper limit policies rather than use heuristic searches. The new work here is to reformulate Kelly’s problem



using a single link with an upper limit policy being used to B R E
impose upper limit thresholds on each class. To use the min =Y a L,
results from $0], the form of the constraintsAn <C, are Hg P
changed. Instead of definidgby CS constraints per linlg biect t
is formulated to include the constraints for the upper limit subject to
policy, which are Lr +S1 =Ly max = br}\rz— PBr.min;
R
z bn <C (5) Lr =St 2 = Lymin =0 A L-Pg (10)
r=1 R
for the overall capacity of the link and Z L, =C.
bn <L, (6) r=1
wheren, is the number of connections in progress for dlass Ly Sr1:8220.

b is the number of resource units used by each connectionyRerea, is the ratio of weight to load for classfound from
classr, andL, is the upper limit on clags The form of the V. =b.A. =loadfor class
matrices then becomes r = M

An<C a = M W : (11)

B b, by - bry bR OCO oA | .

%)l 00 - 0 0 h DL 0 L,,max.and L, min are derived from maximum and minimum
% U 010 blocking values that can be defined for each class.

b bb 0 -~ 0 O 20 0,0 @ Optimization results for an example with two classes are

E: ST . [thy U= 3% provided in Figures 3 and 4. The link is overloaded at a ratio

O - ' ' % E of overall load ¥, the sum ofv,) to capacity of 2. The
P 0 0 - bry O g weight of the high priority load (class 1) is ten times that of
m 0 0 -~ 0 bRﬁR ArA class 2 and its load is 1/10 that of class 2. The plots show
ow the blocking probabilities for each class change as the
per limit on class 2L¢), changes. The optimal value is
Lz,op‘:818.
: ) ) . o Fig. 3 shows approximate blocking probabilities
Since A is a sparse matrix, solving the minimization,ompared to the upper limit for class 2; las decreases,
problem of equation (3) results in blocking for class blocking for class 2 increases gradually while blocking for
P, =1- L 8) class 1 drops sharply, because high priority load is smaller.
B b A Small changes ib, make a bigger impact on that class. The
optimization process makes the blocking for class 1 go to
0<L <h) approximately zero. Fig. 3 also shows actual blocking using
- Erlang’s formula. Most notable is the deviation between
(9) approximate and actual values for blocking for class 1 in the
area of L,=800. For all other areas until, approaches

. . . C=1000, approximate values are close to actual values. The
SinceA; andb; are constants, the blocking probability of a PP

The result is Kelly’s same optimization problem over a sta
space that is constrained B < C, now withA defined by
thresholds from an upper limit policy.

subject to

R
andz L, =C.
=1

classr connection is a linear function of the upper limit 1 : : :
threshold for that class,. The in;eraction between blocking C=1000, v, /C=2, W /w =10
for different classes is througi L, =C, which indicates 0.8 vV V,FU10, L, =818 ]
r=1
that for every increase i to lower blocking for one class, 2
one or more other classes must decrease theiand 2 g6l Class 2 |
experience an increase in blocking. g
B. Optimal Upper Limit Thresholds o p i
. . .. . . S L — B ,actual i

With (8), an optimal upper limit policy can be derived to § 0.4 e P :Zt:aj
minimize the weighted sum of blocking. Starting with the 2 - pr
weighted blocking metric in (1), the following linear program ozl PBI’ap""’X'mate Class 1 |
is formed to optimize upper limit thresholds ' T B,approximate ass

O 1 1 1 1
600 700 800 900 1000

Upper Limit Threshold for Class 2 Traffic, L2

Fig. 3 Blocking Variation as the Upper Limit on
Class 2 ;) Changes



error in the approximation is on the orderl;zé{/E, whereC

is the overall capacity of the link. In practitg,might be set
lower than L, =818, (e.g.L.,=780), which would make

actual blocking for class 1 nearer to zero and blocking far.

class 2 slightly higher.
Fig. 4 shows how the weighted sum of blockiMg,
changes with_,. By decreasingd., to decrease the blocking

on class 1Wy drops off sharply, since class 1 is weighted

more highly. The gradual increase in blocking for class
does not significantly affed/s.

The significance of these results is seen in the reduction

in W that occurs. By implementing the UL policWs is

reduced from 0.7 to 0.05, only 7% of the weighted blocking
as without the UL policy (i.e., a CS policy). This is becaUSf

blocking for high priority traffic goes from 0.75 to

approximately 0. The upper limit policy caused the blockin
for the low priority traffic to rise from 0.48 to 0.52, certainly

a reasonable penalty.
C. Upper Limit Threshold Optimization Algorithm

Cremaining OF increasingL, to its upper limit, whichever
would increasé., the least, according to

Ly = Ly.alocated + MiN(Cremaining Lr,max ~ Lr.allocated ) -

Updatecremaining . .
8. If Ciemaining= 0, stop. The set df,'s is the optimal
solution.

9. If Cremaining> 0, move down the list od’s to the next
class. If no more classes exist, stop. No feasible
solution is possible since the sum of the maxiniisis
less thanC. Constraints on maximurh,’s come from

Ly max =brAL-Pg ), so  minimum  blocking

probabilities must be lower or loadalf;) higher for a
feasible solution to exist.

Otherwise, go back to step 6.

The above new algorithm is simple enough to implement
8n standard network hardware. Proof that this algorithm
produces the optimal solution comes from the fact that no
modifications to the set df,’s would produce a bettéi.
Those classes where an increask,iwould improveWs are

2

The linear program given in (10) can also be formulatesiready at their maximum, while classes where a decrease in

as the following algorithm.

W, . .
1. Compute alla, =—- and sort in descending order.
VI’
2. Allocate the minimuni, to each class.
R
3. If Z L alocated >C, Stop.  No feasible solution is
r=1
possible for this set of minimurk,’s . Constraints on
the minimumL,’s come from L, nin = by A, kl— Pg, max),
so maximum blocking probabilities must be higher o
loads @.b;) lower for a feasible solution to exist.
4. Find the remainder df that can still be allocated,
R
Cremaining=C ~ z L allocated -
r=1
5. Find the class;, which has the largest.
6.

0.8
)
= C=1000, v, /C=2, w /w_=10,
5 0.7+ tot 1 2
é V1/V2:l/10, L2,opt:818
8 06
8 — Actaw
& 05 ApproximBateW i
o _—  Optimal Approximate W =0.05
= ®
S 041 |
o
m
s 0.3- 1
£
»n 0.2 J
o
L
.-5’ 0.1+ R
(] — = = =
; 0 L L L L
600 700 800 900 1000

Upper Limit Threshold for Class 2 Traffic, L2

Fig. 4 Weighted Blocking Variation (\g) as the
Upper Limit on Class 2 (,) Changes

L, would improveW; are already at their minimum.

V. COMPARISON OF EXCESS CAPACITY AND UPPER LIMIT
POLICIES

An asymptotic approximation that allows optimization of
upper limit thresholds has been found. While it has
advantages over other resource allocation policies and is
efficient to implement, it still must be considered against
traditional resource management approaches. The first
alternative to consider is using excess capacity in the network
to keep blocking low, either by overbuilding or by deploying
hew capacity as the need arises. A second alternative,
complete partitioning, will be considered in the next section.
Both alternatives were illustrated in Fig. 1.

A. Numerical Comparisons of CS and UL

The key issue is not whether a CS policy could be
implemented to provide the same weighted blocking as a UL

Form a newl, for that class by either allocating all of POlicy, but rathemow muchcapacity would be required to

make this happen. Fig. 5 shows how much CS capacity is
needed to provide comparable weighted blocking to a UL
policy at various overloads. A linear relationship is seen in
Fig. 5, indicating that for every increase in load, a
proportional amount of new CS capacity would have to be
installed to keefWs the same as a UL policy. The slope of
the line, which we call thencrement ratig in this case equals
0.63. A 100% increase in load would require 63% more new
capacity; 160% more load would require 100% more
capacity. After disasters, 5 times normal load is possihle [



extremely high blocking for several hours at the beginning of

G 45 . . . :
98 a major event when resources are needed most. Section VII
S 4l wiw =w =2,v N =v_ =1/8 1 provides an example that illustrates this. It should also be
2 noted that the overloads that occur as a result of a major
g 35l | event typically are limited to the first day or two of an event
8 [28]. If new CS capacity is not deployed soon enough, it
o 4l | might miss the overload period completely.
@ C. Summary of the Comparison of CS and UL
g 25} - Following summarizes the comparison of UL and CS
S Slope=0.63 polices.
(% 2t j 1. CS policies use considerably more capacity than UL
s policies. Extra capacity must be deployed at a rate 0.7 to
© 151 _ 1.0 times the amount of the extra load from the disaster.
° 2. Installation of new capacity takes much longer than
g 1 . . . . instituting an upper limit policy.
T 2 3 4 5 6 3. Typical load surges for a disaster last one or two days, so

Ratio of Overall Load to Capacity (v, /C) if installation of new capacity takes too long, it may not

Fig. 5 Extra CS Capacity Needed versus a UL provide any benefit during the peak loading periods.

Policy in Overloaded Conditions VI. COMPARISON OF FIXED PARTITIONS AND UPPER LIMIT

Fig. 6 shows how the increment ratio changes as the ratio POLICIES

between weightswia: =w./W,, is varied. The relationship  the gther key comparison that must be made is between
between wi,e and the increment ratio is nonlinear andne ypper limit policy and complete partitioning policies.
asymptotically approaches 1. This asymptotic limit meanSomplete partitioning has traditionally been the approach
that a CS policy will never_need to increase capacity mo[Req to provide disaster response communicatizajq 4.

than the amount load has increased. Typical value®.0f This approach is attractive because it separates resources
would be larger than 3, resulting in an increment ratio of ﬂ%m the general public. The public network is usually
least 0.7. A 150% increase in load (typical during disasterg)aple to adequately deal with defense and disaster recovery

would requir.e CS capacity to at least be doubled. _ ~ communications  because it becomes so overloaded that
B. Comparison of CS and UL on Implementation Timeaccess to resources is virtually impossible. A separate set of
Scales resources is immune to such overloads.

Another potentially more important issue in the The problems with such an approach are twofold,
comparison of CS and UL policies is the time scales dipwever, as exemplified in the following quote.
which they can be implemented. If capabilities for a UL Radio systems designed and used by emergency
policy are already installed in network hardware, a UL policy ~Management agencies appear to be virtually unused
can be implemented within minutes of a major overload. The ©On a day-to-day basis, yet when a major event
only delay would be to have time to assess new load levels. occurs, these same systems are inadequate for
For the CS policy, however, to deploy new capacity when it Mmeeting the need to communicat)] [
was needed, it would take at least several hours and possibfijus the two problems are

days for this to occur. The use of a CS policy would result fr~ Wasted, unused resources on a day-to-day basis.
Not enough resource access (i.e., high blocking) during

12 : : : major events because of large load increases. CP keeps

other classes from using the high priority partition, but

] also keeps high priority traffic confined only to the
resources in that partition.

Clearly the use of a UL policy can increase resource
utilization to address the first problem. The UL policy does
not keep any resources unused, but allows use by all users.

The UL policy can address the second problem in two
ways. First, if an existing resource management system
using CP cannot dynamically adjust the resources allocated to
each class, UL is better simply because it can dynamically
adjust. If the CP system can dynamically adjust, however,
the UL policy is still better because, as stated in Section Ill, a
valid upper limit policy need not implement thresholds for

\% 1/V2:Vr at=1/8

Increment Ratio

0.2 . \ \ every class. For those classes wherés set toL, max NO
0 5 10 15 20 threshold needs to be implemented. For those classes, the UL
Ratio of Class 1 to Class 2 w eights (w _=w /w ) policy is, therefore, less sensitive to load changes since the

_ ) traffic is not constrained by an upper limit.
Fig. 6 Increment Ratio vs. Wy



Fig. 7 shows a comparison of class 1 (high priority)
blocking for the UL and CS policies that startsvgt,=0.1

priority traffic uses higher bandwidth services, so
blocking for high priority traffic overall is poor.

andwy/w,=2. The ratio of class 1 load to normal class 1 loador stage 2, two options are possible.
is then varied from 1 (equal to its normal load) to 10 times itStage 2a - After 5 minutes the network is able to recognize

normal load. Blocking probabilities start below 0.1 and then
grow sharply as load increases. Until the load ratio reaches
1.5, the two policies provide about equal blocking. Once the
load ratio increases beyond 1.5, however, blocking for the CP
policy is up to 50% higher than for the UL policy. At any
load ratio, if the thresholds can be recomputed for either CP
or UL, blocking can be made much lower, but if not, load
fluctuations will affect CP performance much more than UL
performance.

Vil. EXAMPLE
To illustrate the optimal upper limit policy methods

the large load and implement an optimal upper limit
policy. Assuming software capabilities have already
been installed, the upper limit policy is implemented
according to Section IV, with blocking for all classes
constrained to be less than 0.9. Using this UL policy,
blocking for classes 1 through 4 goes to approximately
zero, while blocking for class 5 goes to 0.74 (up from
0.36 when using CS). This results in a improvement in
the sum of weighted blocking W= 0.0148, only 2% of
the Wz=0.637 for the CS policy, which means 50 times
as many important connections are admitted.

proposed here, consider an analysis of an example disag;g;ge 2b - If an upper limit policy is not implemented, after 6

event where disaster response activities and network
capabilities dynamically move through a series of stages. An
0OC-12 link is used, and load is from five classes of traffic

listed in Table 1. Three high importance classes have a
weight of 0.3; one medium importance class has a weight of
0.08; and one low importance class has a weight of 0.02.
One high importance class uses a 1.28 Mbs video link, while
all other classes use 64 kbs for audio or 128 kbs for low rate
video or general Internet access. Most of the load is in

hours new capacity can be installed. To have the same
weighted sum of blocking as the UL policy from Stage
2a, capacity must be increased from 8064 to 14650 units
(64 kbs is one unit), an 82% increase in capacity.
Resulting blocking probabilities for the lower bandwidth
classes are on the order of*10The high importance
video class (class 1) has blocking of 0.0424, which might
still be too high, since it is high importance traffic.

Class 3, a high importance voice class (to simulate E-911 This example illustrates that a CS policy is only useful in
connections) and Class 5, the low priority class. Duringnderloaded conditions (i.e., load less than capacity). Once
normal conditions, overall load is 90% of capacity and a d8ads are above capacity, CS blocking increases considerably
policy is used. Blocking normally is on the order of¥6r and lower bandwidth classes are given lower blocking. In
all classes. contrast, an upper limit policy differentiates access to
Now consider the state of the network as it goes througiésources on the overall relative importance of connections.
the following stages. The upper limit policy can also be readily implemented
Stage 1 - A major earthquake occurs and network lo&dthin minutes of a major event. The needs of important
doubles §]. With a CS policy being used, blocking will traffic can be met with approximately zero blocking very
increase considerably. Resulting blocking probabilitie§2!y In an event, allowing free access to resources in the
are given in Table 1. The bias of the CS policy towar§2'y life-saving stages of a disaster.
lower blocking for lower bandwidth traffic can be seen; Viil. SUMMARY

high bandwidth video connections are unusable. High This paper showed that prioritization of resources is
indeed beneficial and that prioritized resource allocation can
be implemented using simple algorithms. The paper
presented a new upper limit policy methodology that
optimized upper limit thresholds to provide preferred

connection admission to high priority traffic classes based on
a weighted sum of blocking metric which had not been used
before. In related work, the upper limit policy was found to

1

C=500, vtot/C=l.5, b=[1 1], vrat=l/10, w, aI:2

©
©
T

o
o
T

TABLE 1 COMPLETE SHARING BLOCKING FOR

OVERLOADED EXAMPLE SYSTEM
Blocking for Complete Sharing at Twice Normal Load
C =622 Mbs (OC-12), 8064 units of bandwidth (one unit = 64 kbs)
Class 1: High Importance, Video Connection =
(1.28 Mbs), Weight = 0.3 Pp, = 09999
Class 2: High Importance, Low Rate Video
Connection (128 kbs), Weight = 0.3
Class 3: High Importance, Audio Connection
(64 kbs, E-911), Weight = 0.3
Class 4: Medium Importance, Low Rate Vide
Connection (128 kbs), Weight = 0.08
Class 5: Low Importance, Voice Connection
(64 kbs), Weight = 0.02
Sum of Weighted Blockin

o
D
T

Blocking Probability

Blocking for Class 1 Using UL
Blocking for Class 1 Using CP T

Pg, =0.5871

0 . . . . Ps, =03573

0 2 4 6 8
Ratio of Class 1 (High Priority) Load to Base Load

10

O

Pg, =0.5871

Pg. =0.3573
5
We = 0.637

Fig. 7 Changes To High Priority Blocking For
UL Vs. CP




have many advantages, especially when trying to explicitly
control blocking. Here a new optimization formulation for
upper limit policies was derived from Kelly’s approximationl15]

for asymptotically large networksed. The result was a

simple linear program and a simple algorithm that finds t 6]
optimal upper limit policy for an arbitrarily large network

with an arbitrarily large number of classes.

This paper was the first to compare the amount of
capacity needed to implement resource policies and thé&ifl
sensitivity to load variations. The upper limit policy was

demonstrated to use less than half of the resources

complete sharing to provide comparable weighted blocking
during typical disaster overload conditions. The upper limit
policy was also demonstrated to be less sensitive than
complete partitioning to the large load variations that cah
occur in high priority traffic. When implemented along with[ZO]

the ticket server architecture ig],[ public networks will be

able to give preferred access to resources so that thg
important needs of society can be addressed when disasters or

other special needs arise.
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