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Abstract-The public network has traditionally been unable to
adequately deal with defense and disaster recovery
communications, because overloads that occur during crises
cause degraded resource access to all users, no matter how
important.  For public broadband networks to be effective for
defense and disaster recovery multimedia communications, they
must dynamically recognize some connections as having greater
importance than others and allocate resources accordingly.  A
new approach to connection admission control is proposed that
uses an upper limit policy to optimize the admission of
connections based on the weighted sum of blocking across traffic
classes.  This optimization approach can be used for arbitrarily
large networks and numbers of traffic classes and results in a
very simple algorithm that could be implemented on standard
network hardware. This work is also the first to demonstrate
that the use of an upper limit policy is superior to traditional
approaches of adding extra capacity or partitioning capacity,
both in the amount of resources required and in sensitivity to
load variations.  An upper limit policy is also shown to be much
faster to implement when a large overload occurs from a
disaster event.

I. INTRODUCTION

The expansion in the public data network over the past
decade has been astounding, both in terms of its widespread
deployment and in the usefulness of its applications, most
notably with the world wide web.  Although having a
potentially profound impact for defense and disaster recovery
operations [1], however, the public network remains a
virtually unusable resource [2].  Current public network
resource allocation mechanisms do not prioritize the way
they allocate resources, instead working on a first come-first
served basis.  When loads on public networks reach up to five
times normal during an emergency [3], important traffic
receives equally poor service as low priority traffic.  In a
report by the National Research Council [4], this problem was
referred to by emergency management experts as the need to
give “emergency lane” access to resources.

Even though development of mechanisms to support
differentiated or guaranteed quality of service (QoS)
promises predictable service to connections once they are
established, the question of how and to whom to give access
to those resources has not been fully addressed.  Emergency
response requires access to all available communication
resources.  If not available from public networks,
communications resources must be obtained through use of
higher cost dedicated networks.

To meet the demands of defense and disaster recovery
users, connection admission control (CAC) functions must be
able to dynamically designate some connections as having
greater importance than others and then provide access to

resources accordingly.  Those with greater importance may
be those which generate greater revenue, but also may be
those that deal with emergencies or natural disasters.  Related
research [5] addressed the question of how to determine
which traffic should be given priority; a ticket server
architecture was proposed to issue tickets to important
connections for use when seeking connection admission.

The question of how to allocate resources to important
connections once they attempt to use those tickets is
addressed here.  Of particular interest are times of network
stress when connection requests must be denied (i.e.,
blocked) to preserve quality of service for other connections.
Connection requests should also be blocked if admission of
the current request might lessen the possibility of a
subsequent, more important request being admitted.

One approach to the problem would be to use traditional
telecommunications network techniques.  These have either
been to overbuild networks with excess capacity to keep
requests from virtually ever being denied or to partition
resources into separate pools that cannot be used by others.
A variety of newer approaches have recently been proposed
to deploy new communications resources to a stressed
network as needed, but these are really only a variation on the
excess capacity approach.  The approach proposed here is to
use an upper limit (UL) policy for connection admission that
uses resources currently available and sets upper limits on the
amount of resources that can be used for each prioritized
class.  While the concept of an upper limit policy is not new,
this research makes the following contributions.
• It provides the first detailed comparison of the

implementation benefits of an upper limit policy versus
excess capacity or partitioned capacity approaches.  Of
particular interest is the amount of network capacity
needed for each approach and each approach’s sensitivity
to the large load variations that can occur during major
disaster events.  For typical scenarios, excess capacity
approaches are found to require more than double the
capacity of a UL approach; partitioned capacity can cause
50% more blocking than for a UL approach.

• An approach is proposed to directly control blocking that
optimizes upper limit policies based on a weighted sum of
blocking across traffic classes.

• A simple linear optimization formulation and a simple
algorithm are developed to optimize upper limit policies. It
is developed from an approximation for asymptotically
large networks in overloaded conditions.  An arbitrarily
large number of traffic classes can be used.
The next section defines the scope of the problem.



Following that is a discussion of related work on connection
admission policies and approximations of blocking for those
policies.  Next, in Section IV, is the development of the upper
limit policy optimization algorithm.  Sections V and VI then
compare optimal upper limit policies to excess capacity and
partitioned capacity resource allocation approaches.
Section VII then provides a detailed example of how an
upper limit policy might be used during stages of a disaster
response effort, and Section VIII provides the conclusion.

II.  PROBLEM STATEMENT

Two problems to be considered are the following.
1. Is dynamic prioritization of resources really beneficial?

A dynamic prioritization approach requires both an
architecture to determine which connections are more
important and algorithms to allocate resources.  Would
more traditional methods of allocating resources be just
as useful and simpler to implement?  The traditional
approaches are to either have enough excess capacity (or
newly deployed capacity) to keep blocking low or to
partition resources so high priority traffic has its own
dedicated pool.  These are illustrated in Fig. 1.

2. If resources are dynamically prioritized, how would
connection admission control (CAC) functions decide
which connections to admit?  Could algorithms be
simple enough for use on standard networking hardware?

The approach to addressing these questions will be to first
answer the second question.  A simple, efficient CAC process
is developed that provides preferred access to important
connections by optimizing the maximum number of
connections allowed per class.  Then the first question will be
addressed.  The proposed CAC algorithm will be shown to
provide much better utilization of resources than using excess
capacity and much better robustness to load variations than
partitioning resources.

The basic context for the problem lies in the application
of stressed network conditions to the problem of loss
networks.  In a loss network, requests for connections are
either accepted or blocked; no queueing of requests occurs.
To prioritize the allocation of resources for important
connections, the objective is to minimize the weighted sum of
blocking,
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While others have proposed optimization based on
maximizing revenue or utilization [6, 7], this is the first time a
weighted blocking metric has been used to directly control
and monitor blocking and also set bounds on blocking for
particular classes.  A set of weights reflects the relative cost
of blocking for each class.  A policy can be formulated from
these weights to minimize WB and give direct feedback about
the blocking experienced by different classes of users.  This
weighted blocking criteria is also used in later sections as a
basis of comparison between resource allocation approaches.

The network is assumed to use connection-oriented
resource allocation to provide differentiated quality of service
levels, and could apply to work being done many areas
(ATM, TCP/IP, etc.).  An arbitrary number of traffic classes
is allowed, with each class defined by an importance level
and the amount of resources used by each connection.
Connection requests arrive according to an independent and
identically distributed Markov process.  Service times,
however, are generally distributed [8].  Estimates for the
current overall load and load per class are provided by a
ticket server architecture [5] by tracking the frequency of
ticket requests.  The analysis looks at the case of one
communication link and one resource (bandwidth), but the
approach can be extended to include other multimedia
resources (buffers, time slots, etc.) and a network of links.

III.  RELATED WORK

In the most general case of resource allocation, all
connections are admitted simply if resources are available at
the time a connection is requested.  This is commonly called
a complete sharing (CS) admission policy where the only
constraint on the system is the overall system capacity, C.  In
a CS policy, connections that request fewer resource units are
more likely to be admitted.  This policy also does not
consider the importance of a connection when resources are
allocated.
A. Types of Policies

Other policies have been derived to provide a more
equitable balance between users or to provide optimized
access to resources.  Ross [9] provides extensive discussion
of different approaches that have been taken.  Some have
derived optimal policies [10, 11, 12, 13, 14, 15, 16].  To
implement optimal policies, however, a detailed accounting
must be made of every allowable state and state transition,
which is impractical for networks of even modest size.
Therefore, a set of non-optimal, heuristic policies have been
developed that are simpler to implement and provide a more
intuitive understanding of how resources are managed.  In a
complete partitioning (CP) policy, every class of traffic is
allocated a set of resources that can only be used by that
class.  A trunk reservation (TR) policy says that class i may
use resources in a network up until the point that only ri units
remain unused.  A guaranteed minimum (GM) policy [17, 18]
gives each class their own small partition of resources. Once
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used up, classes can then attempt to use resources from a
shared pool that all classes use.   And finally, an upper limit
(UL) policy, introduced in [17], places upper limits on the
numbers of connections possible from each class to ensure
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 policies [12]
and a subset of policies for asymptotically large links [7]. CP,
GM, UL, and TR policies were found to outperform the CS
policy only when significant differences in blocking
probabilities between classes were required [19].  UL and GM
policies can significantly outperform TR policies, especially
when trying to control blocking performance [18].

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
controlled.  More importantly, the simplicity of its definition
provided opportunities for developing the simple
optimization algorithms that are presented in the next section.
Fig. 2 illustrates an upper limit policy for two classes of
traffic.  It shows a linear bound on the number of connections
that the CS policy imposes, and the additional thresholds for
each class imposed by the upper limit policy.  A valid upper
limit policy need not implement a threshold for every class.
B. Computational Methods

Most of the work on computing blocking for CAC
policies has centered on the Erlang loss function, which
provides the ability to exactly compute blocking for different
policies [7] [10-16], but can only be used when networks are
small (less than 1000 units of capacity).  In detailed work on
upper limit policies, [17, 18] provide a numerical inversion
method using moment generating functions to find exact
blocking probabilities for UL and GM policies. They state,
however, that “the numerical inversion algorithm can also
have high complexity … the current upper limit on the
dimension (number of classes) amenable for computation is
about five.” [18]  Optimal UL threshold parameters have been
found in [18] and [19], but only using heuristic search
algorithms.  The goal here, however, is to find the optimal
parameters using direct optimization with no practical limit
on the number of classes or the size of the network.

Approximations for the Erlang loss function as networks
asymptotically grow in size are particularly useful in this
regard.  This is a reasonable assumption, since an OC-48 link
can support over 30,000 64 kilobit/sec voice channels, for
example.  An important work was produced by Kelly [20] and
then later expanded by Hunt and Kelly [21].  Kelly
approximated blocking probabilities from the expected value
of the number of connections in progress in a network.
Kelly’s theory was used as the basis for [22, 23, 24, 25, 26, 27],
and also our work on upper limit polices that is described in
more detail later. No work has been done to date on upper
limit policies in overloaded conditions, where load and
capacity tend to infinity at a constant ratio, but with load
greater than capacity.  Thus the contribution of this research
is to asymptotically approximate blocking for upper limit
policies in overloaded conditions and to directly optimize
upper limit policies rather than use heuristic searches.

IV. DERIVATION OF THE UPPER LIMIT POLICY

This section provides a new derivation of an optimal
upper limit control policy from a set of classes each defined
by an importance level and a resource requirement.  The
upper limit policy is optimized to minimize the weighted sum
of blocking, where weights signify desired relative blocking
performance.  The system under investigation has a single
resource (bandwidth), a single link, and an arbitrary number
of classes.  Load and capacity asymptotically approach
infinity proportionally at a constant ratio of load to capacity
greater than 1 (i.e., an overloaded condition).
A. Blocking Probabilities for an Upper Limit Policy

Kelly’s formulation for asymptotically large networks [20]
is based on a network where each class of traffic uses an
integer number of resources along a path.  The analysis
assumes that call holding periods are generally distributed
with unit mean [20].  Each class of traffic is defined by the
route each connection takes and the amount of resources it
uses on each link.  A class of traffic is limited in the number
of simultaneous connections it can have by complete sharing
policies on each link it traverses, with capacity constraint Cj

for link j.  The constraints for all links on the network are
CAn ≤ (2)

where row j of A defines the CS constraint for link j.  The
vector n is the number of connections in progress per class,
and C is the vector of link capacities.

Kelly [20] then proceeds to find the most likely state, n,
and shows that the normalized expected value of the number
of connections in the system asymptotically converges to the
most likely state [20].  Using  λr as the arrival rate per class,
the blocking per class can therefore be found from finding the
set of yj’s that optimize the minimization problem
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using a single link with an upper limit policy being used to
impose upper limit thresholds on each class.  To use the
results from [20], the form of the constraints, CAn ≤ , are
changed.  Instead of defining A by CS constraints per link, A
is formulated to include the constraints for the upper limit
policy, which are
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for the overall capacity of the link and

rrr Lnb ≤ , (6)
where nr is the number of connections in progress for class r,
br is the number of resource units used by each connection in
class r, and Lr is the upper limit on class r.  The form of the
matrices then becomes
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The result is Kelly’s same optimization problem over a state
space that is constrained by CAn ≤ , now with A defined by
thresholds from an upper limit policy.

Since A is a sparse matrix, solving the minimization
problem of equation (3) results in blocking for class r of
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Since λr and br are constants, the blocking probability of a
class r connection is a linear function of the upper limit
threshold for that class, Lr. The interaction between blocking

for different classes is through CL
R

r
r =∑
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, which indicates

that for every increase in Lr to lower blocking for one class,
one or more other classes must decrease their Lr and
experience an increase in blocking.
B. Optimal Upper Limit Thresholds

With (8), an optimal upper limit policy can be derived to
minimize the weighted sum of blocking.  Starting with the
weighted blocking metric in (1), the following linear program
is formed to optimize upper limit thresholds
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Lr,max and Lr,min are derived from maximum and minimum
blocking values that can be defined for each class.

Optimization results for an example with two classes are
provided in Figures 3 and 4.  The link is overloaded at a ratio
of overall load (vtot, the sum of vr) to capacity of 2.  The
weight of the high priority load (class 1) is ten times that of
class 2 and its load is 1/10 that of class 2.  The plots show
how the blocking probabilities for each class change as the
upper limit on class 2 (L2), changes. The optimal value is
L2,opt=818.

Fig. 3 shows approximate blocking probabilities
compared to the upper limit for class 2; as L2 decreases,
blocking for class 2 increases gradually while blocking for
class 1 drops sharply, because high priority load is smaller.
Small changes in L2 make a bigger impact on that class.  The
optimization process makes the blocking for class 1 go to
approximately zero.  Fig. 3 also shows actual blocking using
Erlang’s formula.  Most notable is the deviation between
approximate and actual values for blocking for class 1 in the
area of L2=800. For all other areas until L2 approaches
C=1000, approximate values are close to actual values.  The
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error in the approximation is on the order of C1 , where C
is the overall capacity of the link.  In practice, L2 might be set
lower than L2,opt=818, (e.g., L2=780), which would make
actual blocking for class 1 nearer to zero and blocking for
class 2 slightly higher.

Fig. 4 shows how the weighted sum of blocking, WB,
changes with L2.  By decreasing L2 to decrease the blocking
on class 1, WB drops off sharply, since class 1 is weighted
more highly.  The gradual increase in blocking for class 2
does not significantly affect WB.

The significance of these results is seen in the reduction
in WB that occurs. By implementing the UL policy, WB 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 because
blocking for high priority traffic goes from 0.75 to
approximately 0.  The upper limit policy caused the blocking
for the low priority traffic to rise from 0.48 to 0.52, certainly
a reasonable penalty.
C. Upper Limit Threshold Optimization Algorithm

The linear program given in (10) can also be formulated
as the following algorithm.
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so maximum blocking probabilities must be higher or
loads (λrbr) lower for a feasible solution to exist.

4. Find the remainder of C that can still be allocated,
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5. Find the class, r, which has the largest ar.
6. Form a new Lr for that class by either allocating all of

Cremaining or increasing Lr to its upper limit, whichever
would increase Lr the least, according to

),min( max dr,allocater,remainingdr,allocater LLCLL −+= .

7. Update Cremaining.
8. If Cremaining = 0, stop.  The set of Lr‘s is the optimal

solution.
9. If Cremaining > 0, move down the list of ar’s to the next

class.  If no more classes exist, stop.  No feasible
solution is possible since the sum of the maximum Lr’s is
less than C. Constraints on maximum Lr’s come from( )

min,
1max, rBrrr PbL −= λ , so minimum blocking

probabilities must be lower or loads (λrbr) higher for a
feasible solution to exist.

10. Otherwise, go back to step 6.
The above new algorithm is simple enough to implement

on standard network hardware.  Proof that this algorithm
produces the optimal solution comes from the fact that no
modifications to the set of Lr’s would produce a better WB.
Those classes where an increase in Lr would improve WB are
already at their maximum, while classes where a decrease in
Lr would improve WB 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
new 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
policy, but rather how much capacity 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 keep WB the same as a UL policy.  The slope of
the line, which we call the increment ratio, 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 possible [3].
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Fig. 6 shows how the increment ratio changes as the ratio
between weights, wrat =w1/w2, is varied. The relationship
between wrat and the increment ratio is nonlinear and
asymptotically approaches 1.  This asymptotic limit means
that a CS policy will never need to increase capacity more
than the amount load has increased.  Typical values of wrat

would be larger than 3, resulting in an increment ratio of at
least 0.7.  A 150% increase in load (typical during disasters)
would require CS capacity to at least be doubled.
B. Comparison of CS and UL on Implementation Time

Scales

Another potentially more important issue in the
comparison of CS and UL policies is the time scales on
which they can be implemented.  If capabilities for a UL
policy are already installed in network hardware, a UL policy
can be implemented within minutes of a major overload.  The
only delay would be to have time to assess new load levels.
For the CS policy, however, to deploy new capacity when it
was needed, it would take at least several hours and possibly
days for this to occur.  The use of a CS policy would result in

extremely high blocking for several hours at the beginning of
a major event when resources are needed most.  Section VII
provides an example that illustrates this.  It should also be
noted that the overloads that occur as a result of a major
event typically are limited to the first day or two of an event
[28].  If new CS capacity is not deployed soon enough, it
might miss the overload period completely.
C. Summary of the Comparison of CS and UL

Following summarizes the comparison of UL and CS
polices.
1. CS policies use considerably more capacity than UL

policies.  Extra capacity must be deployed at a rate 0.7 to
1.0 times the amount of the extra load from the disaster.

2. Installation of new capacity takes much longer than
instituting an upper limit policy.

3. Typical load surges for a disaster last one or two days, so
if installation of new capacity takes too long, it may not
provide any benefit during the peak loading periods.

VI. COMPARISON OF FIXED PARTITIONS AND UPPER LIMIT
POLICIES

The other key comparison that must be made is between
the upper limit policy and complete partitioning policies.
Complete partitioning has traditionally been the approach
used to provide disaster response communications [29] [30].
This approach is attractive because it separates resources
from the general public.  The public network is usually
unable to adequately deal with defense and disaster recovery
communications  because it becomes so overloaded that
access to resources is virtually impossible.  A separate set of
resources is immune to such overloads.

The problems with such an approach are twofold,
however, as exemplified in the following quote.

Radio systems designed and used by emergency
management agencies appear to be virtually unused
on a day-to-day basis, yet when a major event
occurs, these same systems are inadequate for
meeting the need to communicate. [29]

Thus the two problems are
1. Wasted, unused resources on a day-to-day basis.
2. Not enough resource access (i.e., high blocking) during

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 III, a
valid upper limit policy need not implement thresholds for
every class.  For those classes where Lr is set to Lr,max, no
threshold needs to be implemented.  For those classes, the UL
policy is, therefore, less sensitive to load changes since the
traffic is not constrained by an upper limit.
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Fig. 7 shows a comparison of class 1 (high priority)
blocking for the UL and CS policies that starts at v1/v2=0.1
and w1/w2=2.  The ratio of class 1 load to normal class 1 load
is then varied from 1 (equal to its normal load) to 10 times its
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.

VII.  EXAMPLE

To illustrate the optimal upper limit policy methods
proposed here, consider an analysis of an example disaster
event where disaster response activities and network
capabilities dynamically move through a series of stages.  An
OC-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
Class 3, a high importance voice class (to simulate E-911
connections) and Class 5, the low priority class. During
normal conditions, overall load is 90% of capacity and a CS
policy is used.  Blocking normally is on the order of 10-6 for
all classes.

Now consider the state of the network as it goes through
the following stages.
Stage 1 - A major earthquake occurs and network load

doubles [3].  With a CS policy being used, blocking will
increase considerably.  Resulting blocking probabilities
are given in Table 1. The bias of the CS policy toward
lower blocking for lower bandwidth traffic can be seen;
high bandwidth video connections are unusable. High

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

For stage 2, two options are possible.
Stage 2a - After 5 minutes the network is able to recognize

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 to WB= 0.0148, only 2% of
the WB=0.637 for the CS policy, which means 50 times
as many important connections are admitted.

Stage 2b - If an upper limit policy is not implemented, after 6
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 10-3. The high importance
video class (class 1) has blocking of 0.0424, which might
still be too high, since it is high importance traffic.

This example illustrates that a CS policy is only useful in
underloaded conditions (i.e., load less than capacity).  Once
loads are above capacity, CS blocking increases considerably
and lower bandwidth classes are given lower blocking.  In
contrast, an upper limit policy differentiates access to
resources on the overall relative importance of connections.
The upper limit policy can also be readily implemented
within minutes of a major event.  The needs of important
traffic can be met with approximately zero blocking very
early in an event, allowing free access to resources in the
early life-saving stages of a disaster.

VIII.  SUMMARY

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
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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

=
1BP  0.9999

Class 2: High Importance, Low Rate Video
Connection (128 kbs), Weight = 0.3

=
2BP 0.5871

Class 3: High Importance, Audio Connection
(64 kbs, E-911), Weight = 0.3

=
3BP 0.3573

Class 4: Medium Importance, Low Rate Video
Connection (128 kbs), Weight = 0.08

=
4BP 0.5871

Class 5: Low Importance, Voice Connection
(64 kbs), Weight = 0.02

=
5BP 0.3573

Sum of Weighted Blocking WB  = 0.637



have many advantages, especially when trying to explicitly
control blocking.  Here a new optimization formulation for
upper limit policies was derived from Kelly’s approximation
for asymptotically large networks [20].  The result was a
simple linear program and a simple algorithm that finds the
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 their
sensitivity to load variations.  The upper limit policy was
demonstrated to use less than half of the resources of
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 can
occur in high priority traffic.  When implemented along with
the ticket server architecture in [5], public networks will be
able to give preferred access to resources so that the
important needs of society can be addressed when disasters or
other special needs arise.
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