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Abstract - A dispersed traffic management framework, in which routers are deployed with intelligent data rate controllers to 
tackle the traffic mass. Unlike other explicit traffic control protocols that have to estimate network parameters (e.g., link 
latency, bottleneck bandwidth, packet loss rate, or the number of flows) in order to total the allowed source sending rate, our 
fuzzy-logic-based manager can measure the router queue size directly; hence it avoids various potential performance 
problems arising from parameter estimations while reducing much consumption of computation and memory resources in 
routers. As a network parameter, the queue size can be accurately monitored and used to proactively decide if action should 
be taken to regulate the source sending rate, thus increasing the resilience of the network to traffic congestion. The statement 
QoS (Quality of Service) is assured by the good performances of our scheme such as max-min fairness, low queueing delay 
and good robustness to network dynamics. Simulation results and comparisons have verified the effectiveness and showed 
that our new traffic management scheme can achieve better performances than the existing protocols that rely on the 
estimation of network parameters. It is well known that max-weight policies based on a queue backlog index can be used to 
stabilize stochastic networks, and that similar stability results hold if a delay index is used. Using Lyapunov optimization, we 
extend this analysis to design a utility maximizing algorithm that uses explicit delay informati on from the head-of-line 
packet at each user. The resulting policy is shown to ensure deterministic worst-case delay guarantees and to yield a 
throughput utility that differs from the optimally fair value by an amount that is inversely relative to the delay guarantee. Our 
results hold for a general class of 1-hop networks, including packet switches and multiuser wireless systems with time-
varying reliability. 
 
 
I. INTRODUCTION  
 
Network traffic management can prevent a network 
from severe congestion and degradation in 
throughput-delay performance. FLC (Fuzzy Logic 
Control) has been considered for IC (Intelligence 
Control). It is a methodology used to design robust 
systems that can contend with the common adverse 
synthesizing factors such as system nonlinearity, 
parameter uncertainty, measurement and modeling 
imprecision In addition, fuzzy logic theory provides a 
convenient controller design approach based on 
expert knowledge which is close to human decision 
making, and readily helps engineers to model a 
complex non-linear system. In fact, fuzzy logic 
control has been widely applied in industrial process 
control and showed extraordinary and mature control 
performance in accuracy, transient response, 
robustness and stability. FLC has found its 
applications to network congestion control since 
1990. In early stage, it was used to do rate control in 
ATM network, to guarantee the QoS. These control 
algorithms are explicit in nature, and they depend on 
absolute queue length (the maximum buffer size) 
instead of the TBO to adjust the allowed sending rate. 
Nevertheless, these early designs have various 
shortcomings including cell loss (even though cell 
loss is used as a congestion signal to compute the rate 
factor, queue size fluctuations, poor network latency, 
stability and low utilization. Later, FLC was used in 
RED (Random Early Detection) algorithm in TCP/IP 
networks, to reduce packet loss rate and improve 
utilization. However, they are still providing implicit 

or imprecise jamming signaling, and therefore cannot 
overcome the throughput fluctuations and 
conservative behavior of TCP sources. In light of the 
above review of different protocol and their 
shortcomings, we would like to design a distributed 
traffic management scheme for the current IP 
(Internet Protocol) networks (and the next generation 
networks where applicable), in which routers are 
deployed with explicit rate based congestion 
controllers. We would like to integrate the merits of 
the existing protocols to improve the current explicit 
traffic congestion control protocols (like XCP, RCP, 
APIRCP and their enhancements) and form a 
proactive scheme based on some prudent design ideas 
such that the performance problems and excessive 
resource consumption in routers due to estimating the 
network parameters could be overcome. In this 
respect, a fuzzy logic controller is quite attractive 
because of its capability and designing convenience 
as discussed above. Specifically, the objectives of this 
paper are: 1) to design a new rate-based explicit 
congestion controller based on FLC to avoid 
estimating link parameters such as link bandwidth, 
the number of flows, packet loss and network latency, 
while remaining stable and robust to network 
dynamics (Hence, we make this controller 
“intelligent”); 2) to provide maxmin fairness to 
achieve an effective bandwidth allocation and 
utilization; 3) to generate relatively smooth source 
throughput, maintain a reasonable network delay and 
achieve stable jitter performance by controlling the 
queue size; 4) to demonstrate our controller has a 
better QoS performance through case study. 
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To achieve the above objectives, our new scheme 
pays attention to the following methodologies as well 
as the merits of the existing protocols. Firstly, in 
order to keep the implementation simple, like TCP, 
the new controller treats the network as a black box in 
the sense that queue size is the only parameter it 
relies on to adjust the source sending rate. The 
adoption of queue size as the unique congestion 
signals inspired by the design experience of some 
previous AQM controllers (e.g., RED and API-RCP) 
in that queue size can be accurately measured and is 
able to effectively signal the onset of network 
congestion. Secondly, the controller retains the merits 
of the existing rate controllers such as XCP and RCP 
by providing explicit multi-bit congestion 
information without having to keep per-flow state 
information. Thirdly, we rely on the fuzzy logic 
theory to design our controller to form a traffic 
management procedure. Finally, we will employ 
OPNET modeler to verify the effectiveness and 
superiority of our scheme. The contributions of our 
work lie in: 1) using fuzzy logic theory to design an 
explicit rate-based traffic management scheme (called 
the Intel Rate controller) for the high-speed IP 
networks; 2) the application of such a fuzzy logic 
controller using less performance parameters while 
providing better performances than the existing 
explicit traffic control protocols; 3) the design of a 
Fuzzy Smoother mechanism that can generate 
relatively smooth flow throughput; 4) the capability 
of our algorithm to provide max-min fairness even 
under large network dynamics that usually render 
many existing controllers unstable. This paper fills 
that gap. We use a delay-based Lyapunov function 
and extend the analysis to treat joint stability and 
performance optimization via the Lyapunov 
optimization technique from our prior work. The 
extension is not obvious. Indeed, the flow control 
decisions in the prior work are made immediately 
when a new packet arrives, which directly affects the 
drift of backlog-based Lyapunov functions. However, 
such decisions do not directly affect the delay value 
of the head-of-line packets, and hence do not directly 
affect the drift of delay-based Lyapunov functions. 
We overcome this challenge with a novel flow control 
policy that queues all arriving data, but makes packet 
dropping decisions just before advancing a new 
packet to the head-of-line. This policy is structurally 
different from the utility optimization works and. 
This new structure leads to deterministic guarantees 
on the worst-case delay of any nondropped packet 
and provides throughput utility that can be pushed 
arbitrarily close to optimal. Specifically, for any 
integer  ,we can construct an algorithm that 
ensures all nondropped packets have delay less than 
or equal to slots, with total throughput utility that 
differs from optimal by .The deterministic 
delay guarantee is particularly challenging to 
establish, and for this we introduce a new technique 
of concavely extending a utility function. Similar 

 performance tradeoffs are shown 
for queue-based Lyapunov functions in the previous 
work for improved tradeoffs), but these guarantees 
apply only to queue size, rather than delay. The 
deterministic delay guarantees we obtain in this 
present paper are quite strong and show the 
advantages of our new flow control structure. 
However, a disadvantage is that admit/drop decisions 
are delayed until a packet is at the head-of-line, rather 
than being resolute immediately upon arrival. 
Moreover, due to correlation issues unique to this 
delay-based scenario, analysis is simplified if we 
assume the scheduler knows the vector of arrival rates 
to each link (although we also generalize to cases 
when these rates are unknown). Furthermore, while 
our deterministic delay guarantees hold for general 
arrival sample paths, our utility analysis assumes all 
arrival processes are independent of each other 
(possibly with different rates for each process) and 
independent and identically distributed (i.i.d.) over 
time-slots. Nevertheless, it is important to analyze 
these delay-based policies because they improve our 
understanding of network delay, and because the 
deterministic guarantees they offer are useful for 
many practical systems. We further show via 
simulation that our algorithms maintain good 
performance when the i.i.d. arrivals are replaced by 
ergodic but temporally correlated “bursty” arrivals 
with the same rates. However, the worst-case delay 
required to achieve the same utility performance is 
increased in this case.  
 
This is not surprising if we compare to known results 
for backlog-based Lyapunov algorithms. Backlog-
based algorithms were first developed under i.i.d. 
assumptions, but later shown to work with increased 
delay—for non-i.i.d. cases (references therein). Thus, 
while we limit our analytical proofs to the i.i.d. 
setting, we expect the algorithm to approach optimal 
utility in more general cases, as supported by our 
simulations. While our algorithm can be used to 
enforce any desired delay guarantee, it is important to 
emphasize that it does not maximize throughput 
utility subject to this guarantee. Such a problem can 
be addressed with Markov decision theory, which 
brings with it the curse of dimensionality (see 
structural results and approximations in and weighted 
stochastic shortest-path approaches in.  
 
In this paper, we claim only that the achieved utility 

is within of the largest probable utility of 
any stabilizing algorithm. However, because (for 
large ) our utility is close to this ideal utility value, it 
is even closer to the maximum utility that can be 
achieved subject to the worst-case delay constraint. 
That is because a basic stability constraint is less 
stringent than a worst-case delay constraint, and so 
the optimal utility under a stability constraint is 
greater than or equal to the optimal utility under a 
worst-case delay constraint. Furthermore, our 
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approach offers the low-complexity advantages 
associated with Lyapunov drift and Lyapunov 
optimization. Specifically, the policy makes real-time 
transmission decisions based only on the current 
system state and does not require aprioriknowledge of 
the channel-state probabilities. The flow control 
decisions here can also be implemented in a 
distributed fashion at each link, as is the case with 
most other Lyapunov-based utility optimization 
algorithms. 
 
II. THE INTELRATE CONTROLLER DESIGN 
 
Fuzzy logic traffic controller for controlling traffic in 
the network system defined Called the IntelRate, it is 
a TISO (Two-Input SingleOutput) controller. The 
TBO (Target Buffer Occupancy) q>0 is the queue 
size level we aim to achieve upon congestion. The 
queue deviation  is one of the two 
inputs of the controller. In order to remove the steady 
state error, we choose the integration of e(t) as the 
other input of the controller, i.e. g 

The aggregate output is 

Under heavy traffic 
situations, the IntelRate controller would compute an 
allowed sending rate  for flow i according to 
the current IQSize so that q(t) can be stabilized 
around q. In our design, IQSize q(t) is the only 
parameter each router needs to measure in order to 
complete the closed-loop control. FLC is a non-linear 
map of inputs into outputs, which consists of four 
steps, i.e., rule base building, fuzzification, inference 
and defuzzification. The concepts of fuzzy set and 
logic of FLC were introduced in 1965 by Zadeh, and 
it was basically extended from two-valued logic to 
the continuous interval by adding the intermediate 
values between absolute TRUE and FALSE. 
Interested readers are referred to some normal 
tutorials/texts like for the details of the fuzzy logic 
theory. In the sequel, we formulate our new controller 
by following those four steps along with designing 
the fuzzy linguistic descriptions and the membership 
functions. The parameter design issues and the traffic 
control procedure are also discussed at the end of the 
section. 
 
A. Linguistic Description and Rule Base 
We define the crisp inputs e(t), g(e(t)) and output u(t) 
with the linguistic variables  and 

respectively. There aren N(N =1, 2, 3,...) LVs 
(Linguistic Values) assigned to each of these 
linguistic variables. Specifically, we let 

 be the input LVs 

with i =1for and i =2for and let 

for .For 

example, when N =9, we can assign the following 
values for both the inputs e(t) and 

g(e(t)). =Negative Very Large (NV),”  
 

 
 
B. Membership Function, Fuzzification and 
Reference 

 
 
C. Defuzzification 
For the defuzzification algorithm, the IntelRate 
controller applies the COG (Center of Gravity) 
method to obtain the crisp output with the equation 

 where k is the 
number of rules;  is the bottom centroid of a 
triangular in the output MFs, and is the area of a 
triangle with its top chopped off as per 
discussed above. Since each parameter in the crisp 
input pair (p1,p2) can take on two different values in 
the IntelRate controller, we have altogether k =4rules 
for defuzzification each time. 
 
D. Design Parameters 
From our design above, one can see there are 
different parameters which ultimately will affect the 
performance of our traffic controller. Below are the 
discussions of some important design issues we have 
experienced. Some of them were determined via our 
extensive experiments. 
 
a) TBO 
From the perspective of the queueing delay, the TBO 
value should be as small as possible. This is 
especially true under state queueing delay, which is 
not desirable to some Internet applications such as the 
real-time video. the heavy traffic conditions when the 
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queue is to be stabilized at TBO. Therefore, a bigger 
TBO will result in longer steady In short, the TBO 
should be chosen such that the network can have a 
reasonable queueing delay while maintaining good 
throughput and link utilization. For the IntelRate 
controller, we would choose a queue size (and 
therefore the worst node queueing delay, e.g. less 
than 10 ms) in order to give a network delay 
acceptable to most of the real-time traffic while 
maintaining good performance. 
 
b) The number N of LVs 
The choice of N has to consider the trade-off between 
the throughput performance and the computation 
complexity of the controller. Big N complicates the 
controller in the sense that it has to do more logic 
computations on choosing the allowed sending rate 
according to the rules. Such a computation 
complexity can affect the rise time in the transient 
response of the controller as well as the control 
performance in the case of network parameter 
changes (e.g. the settling time during large bandwidth 
variation). On the other hand, a small N may lead the 
controller output to oscillate due to the big partitions 
of the LVs. 
 
c) The Output Edge Value D 
With reference to the outermost edge value D in the 
output MFs corresponds to the maximum sending rate 
that the controller can output. This parameter is 
chosen to be the maximum value of the Req_rate field 
among the activeincoming flows, i.e. 

where  is 
the value recorded in Req_rate of each packet. 
 
d) The Width Limit m 
The parameter m defines the base width of each 
membership function in the FS. Since it also affects 
the extent of overlapping between the adjacent MFs, 
the basic consid-eration to choose an appropriate 
parameter m is to have a smaller TBO while 
remaining the controller output smooth. An 
inappropriate m may have similar side effects like the 
parameter N. Too big of an m value leads to small 
partitions along e(t) or g(e(t)), and thus may affect the 
response time of the controller. On the other hand, 
having m too small may cause fluctuations in the 
controller output due to the too big partitions along 
e(t) and g(e(t)).  
 
e) Buffer Size B 
The determination of buffer size B is closely related 
to the chosen value of TBO. Although one can choose 
B = the smallest possible value, this is usually 
not desirable for the following two basic reasons: 1) a 
controller usually has various steady state error 
issues, and it is impossible that the queue size can be 
exactly pegged at TBO; 2) the dynamic Internet 
traffic can sometimes cause a surge on the queue size, 

e.g., due to a sudden traffic swarm-in or an 
unexpected bandwidth reduction. Therefore, the B 
should be greater than the TBO. 
 
E. The Control Procedure 
Below is a summary of the traffic-handling procedure 
of the IntelRate controller in a router. 
(1) Upon the arrival of a packet, the router extracts 
Req_rate from the congestion header of the packet. 
(2) Sample IQSize q(t) and update e(t) and g(e(t)). (3) 
Compute the output u(t) and compare it with 
Req_rate. 
(3a) If u(t) < Req_rate, it means that the link does not 
have enough bandwidth to  accommodate the 
requested amount of sending rate. The Req_rate field 
in the congestion header is then updated by u(t). 
(3b) Otherwise the Req_rate field remains unchanged. 
(4) If an operation cycle d is over, update the crisp 
output u(t) and the output edge value of D. 

 

 
Simulation network 

 
IV. DELAY-BASED FLOW CONTROL 
 
Let  be the vector of arrival rates, 
so that is the arrival rate to link 
(in units of packets/slot). The network capacity region 
is defined as the closure of the set of all long-term 
throughput vectors that the system can support. The 
set is known to be the same as the closure of the set 
of all arrival rate vectors for which there exists a 
stabilizing scheduling algorithm, subject to the 
constraint that the flow controllers are turned off (so 
that no packets are dropped and for all 
and all ). Specifically, in it is shown that the set is 
given by the set of all time-average transmission rates 
that can be achieved by stationary and randomized 
algorithms, called only algorithms, that observe every 
slot and choose a (possibly random) transmission 

vector according to a probability 
distribution that depends only on the observed 
channel state. Thus, for every vector, with

 , there is an -only algorithm 
, with a corresponding random service vector 

that yields 
for each  

 where 
the expectation in  is with respect to the distribution 

of and the distribution of  given  
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A. Optimization Objective 
Let be a continuous and concave utility 
function of the dimensional vector

,where is used to represent the 
time-average throughput on each link (in units of 
packets/slot). The function can take positive or 
negative values And is assumed to be defined over 
the hyper-cube where inequality is 
taken entrywise, and and are vectors with all entries 
equal to 0 and 1, respectively. Assume that is non 
decreasing in each entry  . An example is the 
separable utility function 

                        
where for each link is a concave and non 
decreasing function of defined over the interval 

.We make the following additional 
assumption. 
Assumption 1: For each the th right 

partial derivative of ,over all such 
that ,is bounded above by a finite constant 

,where  Assumption 1 implies that for 
any vectors and such that 

and 

we have   
The above is also an approximation of proportional 
fairness when  for all  for some large value . 
For each link define as 

                      
  B. Concavely Extended Utility Function 
Suppose  satisfies Assumption 1. Define the 

con- cave extension of  as the function 

defined over all  such that

 for all  

           
Where  represents an entrywise projection to 
interval 

 
Clearly,  is entrywise non decreasing, and 

 
It can be shown that  is concave over the region 

of all such that for all .  Furthermore, 

because (5) holds, it can be shown that 
for any vector in this region and any 

index  we have 

                
where the vector  is formed from the vector by 
replacing the single entry with 1. 
 
C. Problem Transformation With Virtual Queues 
It is not difficult to show that the stochastic network 
optimization problem (9)–(11) can be transformed 

using a vector  of 
auxiliary variables that are chosen every slot  
according to the constraints. The transformed 
problem is 

 
where  is defined 

 
We say that a nonnegative discrete-time stochastic 

process  is strongly stable if   This 
transformation can be intuitively understood as 
follows. The constraint (11) automatically holds for 
any achievable control policy, as the throughput 
cannot be larger than the raw arrival rate, and hence 
is satisfied whenever (18) holds. The constraint (10) 
is ensured by the stability constraint (15) in the 
transformed problem. Finally, one can always choose 
the auxiliary vector  to ensure that (16) 
and (17) are satisfied (note that for all because arrival 
rates cannot be larger than 1). The fact that 

 is non decreasing in each entry and that 
 whenever  ensures that it 

suffices to consider all constraints (16) holding with 
equality, so that any control algorithm that solves 
(14)–(18) also solves (9)–(11). The auxiliary 
variables  are important for solving problems of 
maximizing a concave function of a time average and 
are crucial for network utility maximization with 
randomly arriving traffic.  
 
To ensure that the constraints (16) are satisfied, we 
use a virtual queue for each link , with update 
equation as follows: 
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D. Delay-Based Lyapunov Function 
We now impose the following structure on our 
control policy. Every slot, a packet transmission 
decision is made first.Ifa transmission over link l  is 
successful (so that ), then the packet is removed from 
the queue, and no packet is dropped from link l  (so 
that ). Else, if link either did not attempt transmission 
or if its transmission was unsuccessful, we can decide 
whether or not to drop the packet, but no other packet 
can be dropped from link l Thus, every slot, we have 

. We show later that this 
structure does not hinder our maximum utility 
objective. Furthermore, it is useful to consider the 
possibility of transmitting or dropping a null packet 
when the queue is empty, so that  and  in 
principle can be chosen independently of queue 
backlog. Let  represent the waiting time of the 
head-of-line packet in link on slot (being at least one 

if there is a packet), and define  if there 
are no packets in link at this time. A new packet that 
arrives to an empty queue on slot is not placed to the 
head-of-line until the next slot and is designated to 

have a waiting time of 1 at slot .Define as an 

indicator variable that is 1 if  , and is zero 

if the queue is empty. Let  . 
Similar to, we observe that satisfies the following: 

 
E. Minimizing the Drift-Plus-Penalty 

Define  as the one-step conditional 
Lyapunov drift 

 
 
Using the Lyapunov optimization framework in and, 
our strategy is to make transmission and packet 
dropping decisions to minimize a bound on the 
following “drift-plus-penalty” expression every slot: 

              
where is a nonnegative control parameter that is 
chosen as desired and will affect an explicit utility–
delay tradeoff. Here, the “penalty” for slot t is 

considered to be 1 times the “reward” . We 
later show that our resulting algorithm has a certain 
independence property, defined as follows. Definition 
1: We say that a control algorithm implemented over 
time has the independence property if for any slot t  
,every Link l such that  has a value of 

that is independent of and  
 

 

where is a finite constant that does not depend on . 
Proof: The proof is given in Appendix B, where the 
constant is also specified. 
 
Lemma 2: Every slot , for any value of , and under 
any control policy that satisfies the independence 
property, we have 
 

 
 
where is the same constant from Lemma 1. 

Proof:Let  represent . 
Using the law of iterated expectations, we have for 
any t and any queue l  such that  
 

 
 
To analyze performance, we later show that this 
policy indeed satisfies the independence property. 
 
F. Delay-Based Flow Control and Scheduling 
Algorithm 

Every slot, observe, , and , and 
perform the following operations, described as four 
control phases: 
 
1.Auxiliary Variable Selection: Choose 

=  as the solution to the 
following: 

 
Subject to for all In the case of the separable utility 
function (4), this amounts to solving single-variable 
concave optimizations over an interval and has a 

closed-form solution when  has a derivative 
with a closed-form inverse. 
2) Transmission Scheduling: Observe 

 and choose a transmission vector 
 to solve the following: 
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3) Packet Dropping: For each link l that has a head-
of-line packet that was not successfully transmitted in 
the scheduling phase (either because its transmission 
was not attempted or its transmission failed), drop the 

packet if .. Else, keep it in the head-
of-line. 

4) Queue Updates: Update the virtual queues  

according to (19), using the values of  and 

as determined from the above auxiliary 
variable and packet dropping phases. Also update the 
actual queues and the head-of-line values according 
to (1) and (21) by simply removing any packet that 
was either successfully transmitted or dropped. 
 
CONCLUSION 
 
We have established a delay-based policy for joint 
stability and utility optimization. The policy provides 
deterministic worst-case delay bounds, with total 
throughput utility that is inversely proportional to the 
delay guarantee. The Lyapunov optimization 
approach for this delay-based problem is significantly 
different from that of backlog-based policies. We 
believe these results add significantly to our 
understanding of network delay and delay-efficient 
control laws. 
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