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Abstract— We introduce a novel and robust active queue
management (AQM) scheme based on a Proportional-Integral-
Derivative (PID) controller, called Neuron PID, that uses an
adaptive neuron to tune its parameters. We demonstrate by
simulations that Neuron PID stabilizes the router queue length
regardless of the round trip delay better than other well-known
AQM algorithms.

I. I NTRODUCTION

Internet congestion control relies on the end-to-end trans-
mission control protocol (TCP) that adapts its send rate accord-
ing to congestion indications and an active queue management
(AQM) mechanism that signals congestion by dropping or
marking packets at the congested router. AQM has been a
very active research area [1], [2], [3], [4], [6], [7], [8], [10],
[11], [12]. AQM aims to: 1) stabilize the queue lengths of
routers at a given target, thereby reducing packet loss and
making packet latency predictable, and 2) ensure high link
utilization. AQM schemes normally rely on a set of parameters
that indicate when to drop/mark a packet. Despite extensive
research, optimizing these parameters adaptively is still a
challenge. In this paper, a novel AQM scheme based on a
Proportional-Integral-Derivative (PID) controller that uses an
adaptive neuron to tune its parameters is proposed. It is called
Neuron PID. The need for such an intelligent controller is
justified because the Internet congestion control system is
complex and highly nonlinear. Accordingly, we apply the
ideas of [5], [13], where an adaptive neuron PID controller
is designed for a multi-model plant. Simulation results show
that Neuron PID can control the queue length and it quickly
converges to a desirable target even after significant changes
in the system, and even for long delay networks. We will show
that it is more efficient and stable than other well-known AQM
schemes.

II. N EURON PID

A PID controller-based AQM scheme can be described by,

p(k) = Kpe(k) + Ki

k∑

i=1

e(i) + Kd(e(k)− e(k − 1)) (1)

where Proportional GainKp, Integration GainKi and Deriva-
tive GainKd are the parameters of the PID controller, p(k) is

the packets dropping/marking probability,

e(k) = q(k)−QT (2)

the queue length error,q(k) the queue length, andQT the tar-
get buffer occupancy. Eq. (1) can be written in an incremental
form

p(k) = p(k − 1) + Kp(e(k)− e(k − 1)) + Kie(k) +
Kd(e(k)− 2e(k − 1) + e(k − 2)). (3)

On the other hand, the neuron outputs(k) is written as

s(k) = K

m∑

i=1

wi(k)xi(k) (4)

where,K > 0 is the neuron proportional coefficient,xi(k)(i =
1, 2, ..., m) denote the neuron inputs, andwi(k) are the
connection weights ofxi(k) determined by the learning rule.
According to Hebb [5], the learning rule of a neuron is
formulated by

wi(k + 1) = wi(k) + diyi(k) (5)

wheredi > 0 is the learning rate, andyi(k) is the learning
strategy. The associative learning strategy given in [5] is as
follows:

yi(k) = z(k)s(k)xi(k) (6)

where z(k) is teacher’s signal. This implies an adaptive
neuron, which uses integrated Hebbian Learning and Super-
vised Learning. It means that the neuron self-organizes the
surrounding information under supervision of the teacher’s
signalz(k). It also implies a critic on the neuron actions.

Traditional PID controller has an intuitive structure. Un-
fortunately, it is not very efficient for nonlinear and time-
varying systems. In order to improve the efficiency of the
PID controller, we use a neuron to adaptively modify its
parameters. This way, we overcome the limitations of PID
with fixed coefficients. According to the neuron model and its
learning strategy, letx1(k) = e(k)− e(k − 1), x2(k) = e(k),
andx3(k) = e(k)− 2e(k− 1) + e(k− 2) be the inputs of the
neuron, letw1(k) be the adaptive Proportional Gain,w2(k)



Fig. 1. Block diagram of the closed-loop system with Neuron PID

be the adaptive Integration Gain andw3(k) be the adaptive
Derivative Gain, the Neuron PID AQM scheme is formulated
as follows:

p(k) = p(k − 1) +
K

∑3
i=1 wi(k)xi(k)∑3

i=1 wi(k)
(7)

where
wi(k + 1) = wi(k) + die(k)p(k)xi(k) (8)

where e(k) is used as the teacher’s signalz(k), d1 is the
learning rate of Proportional GainKp(w1(k)), d2 is the
learning rate of Integration GainKi(w2(k)), d3 is the learning
rate of Derivative GainKd(w3(k)).

A simplified block diagram that represents the various
components of the overall closed-loop feedback control system
including Neuron PID is shown in Figure 1.

Thus, for the Neuron PID AQM scheme, there are six
parameters: 1) sampling time intervalδt, 2) target queue
occupancy levelQT , 3) the neuron proportional coefficient
K, 4) the learning rate of Proportional Gaind1, 5) The
learning rate of Integration Gaind2, and 6) The learning rate of
Derivative Gaind3. Research has shown [13] that the neuron
PID has strong robustness and adaptability which are not very
sensitive to the choice of parameters. Based on our simulation
experience we propose to use the following parameter values:
δt = 0.001s, K = 0.01, d1 = 0.000002, d2 = 0.0000001, and
d3 = 0.0000001. We selectd1 to be an order of magnitude
greater than the learning rates of other gains (d2,d3), because
the controller should be more responsive (and therefor track
closely) to the current changes in buffer size. The initial values
of w1, w2 andw3 do not affect the performance significantly;
they can be set asw1 = w2 = w3 = 0.001.

III. S IMULATION RESULTS

Here we presentns2 [9] simulation results demonstrating
superior performance for our Neuron PID over other AQMs.
We consider a dumbbell topology based on a single common
bottleneck link of 45 Mb/s capacity with many identical,
greedy long-lived TCP/Reno flows. This widely used model
is applicable to many network topologies whereby a group
of sources share a single bottleneck during a period of time
that they have data queued for transmission. The receiver’s
advertised window size is set sufficiently large so that the
TCP connections are not constrained at the destination. The
ack-every-packet strategy is used at the TCP receivers. Unless

0 50 100 150 200
0

200

400

600

800

1000

1200

time (sec)     (a)

Q
ue

ue
 le

ng
th

 (
pa

ck
et

s)

0 50 100 150 200
0

200

400

600

800

1000

1200

time (sec)     (b)

Q
ue

ue
 le

ng
th

 (
pa

ck
et

s)

Fig. 2. Queue lengths for Neuron PID with different connections (a) 200
connections (b) 2000 connections
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Fig. 3. Queue lengths for Neuron PID with varying number of TCP
connections (a) TCP connections varies from 500 to 2000 (b) TCP connections
varies from 2000 to 500

specified, the packet size is set at 1000 bytes, the round trip
propagation delay of the TCP connections is 100 ms, and the
buffer size is 1125 packets, the target queue occupancy is 400
packets. The parameters of Neuron PID are set to the values
given in the previous section.

First, we test the performance of Neuron PID with constant
number of connections. Figure 2 presents the queue length
for the cases of 200 and 2000 connections. We can see that
Neuron PID is effective at stabilizing and keeping the queue
length around the control targetQT .

Next, we examine the performance of Neuron PID for a
traffic scenario involving random start and stop times, thus
simulating staggered connection setup and termination. We
performed two simulations. In the first, the initial number of
connections is set to 500 and, in addition, 1500 connections
have their start-time uniformly distributed over a period of
100 seconds. In the second simulation, the initial number of
connections is set to 2000 out of which 1500 connections
have their stop-time uniformly distributed over a period of
100 seconds. Figure 3 presents the queue length for these two
simulations. We can clearly see that Neuron PID is able to
stabilize the queue length around the control target.

Recalling that simulations in [10] have shown that AQMs,
such as PI, RED and REM, are unstable when RTT is 400
ms, we test here the Neuron PID scheme for a long delay
network. Two simulation tests have been performed. In both
simulations, there are 1000 TCP connections. In the first, the
RTTs are 500 ms, and in the second they are uniformly dis-
tributed between 50 and 950 ms. Figure 4 presents the queue
lengths for these two simulations. The results demonstrate that
Neuron PID is still effective in stabilizing the queue length
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Fig. 4. Queue lengths for Neuron PID with long delay (a)RTT = 500ms
(b) RTTs range between 50 and 950 ms
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Fig. 5. Queue lengths for (a) IMPID (b) LQRPID, with RTT=500ms

around the target for TCP connections with large RTTs.
In order to compare with other AQMs under large RTT,

Figure 5 presents the simulation results of the AQM algorithm
of [10] which we call IMPID and the one proposed in [1]
which we call LQRPID. In the simulations, we consider 1000
TCP connections, and the RTTs are 500 ms. The parameters
of IMPID are set as:T = 0.00625 s, Kp = 2.268 × 10−5,
Ki = 4.193 × 10−6, Kd = 4.1225 × 10−7. The parameters
of LQRPID are set as:T = 0.00625 s, Kp = 3.482× 10−10,
Ki = 1.563 × 10−7, Kd = 8.695 × 10−13. As shown, these
two AQMs can stabilize their queue length at the given target
level, but their response is slow.

We now present simulation results to compare the perfor-
mance of Neuron PID with Adaptive RED [6], PI controller
[8], REM [2], IMPID [10] and LQRPID [1]. The network
topology used in the simulation is the same as that described
above. For Adaptive RED, we set the parameters:minth = 15,
maxth = 785 and wq = 0.002, and other parameters are set
as in [6]: α = 0.01, β = 0.9, intervaltime = 0.5 s. For
PI controller and REM, we use the default parameters inns2.
For Neuron PID, the parameters are identical to above. For
IMPID and LQRPID, the parameters are set as above.

In the simulation, the initial number of connections is set
to 500, and 1500 additional connections have their start-times
uniformly distributed over a period of 100 seconds. Figure
6 presents the queue lengths for all six AQMs. We can see
that Neuron PID reacts and converges to the target queue
occupancy of 400 faster than all other five AQMs.

In order to evaluate the performance in steady-state, we
calculate the mean and the standard deviation of the queue
length for the last 150 seconds, and the link utilization. These
results are presented in Table I. We observe that Neuron PID
queue length has the mean of 388.5, which is the closest to the
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Fig. 6. Simulation results (a) Neuron PID (b) ARED (c) PI (d) REM (e)
IMPID (f) LQRPID

TABLE I

MEAN AND STANDARD DEVIATION (STD) OF QUEUE LENGTHS AND LINK

UTILIZATION (U) FOR DIFFERENTAQMS

Neuron PID ARED PI REM IMPID LQRPID
Mean 388.5 426.7 414.1 380.4 458.3 412.1
STD 15.97 35.92 70.48 59.96 148.06 49.84
U 0.999 0.999 0.997 0.997 0.998 0.980

target of 400, achieves the lowest standard deviation among
all AQMs, and has the highest link utilization.

IV. CONCLUSIONS

In this study, a novel AQM scheme called Neuron PID has
been proposed. Simulation results show that the Neuron PID
can control the queue length at a given target in both short
and long delay networks, and that its performance is superior
to other well-known AQM algorithms.
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