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ABSTRACT
Discrete event network simulators have emerged as popular
tools for verification and performance evaluation for various
wireless networks. Nevertheless, the desire to model such
networks at high fidelity implies high computational costs,
prohibiting most researchers from simulating wireless net-
works with thousands of nodes. There have been attempts
on performance optimizations for large-scale wireless net-
work simulation, but they have not appropriately modeled
accumulation of weak interference, thereby suffering inac-
curacies which may be magnified by upper layer protocols.
This paper presents analysis of the effects of common opti-
mization techniques for large-scale wireless network simula-
tion on the overall network performance and also proposes
modifications and novel techniques that introduce only lim-
ited inaccuracies or no additional inaccuracy at all. The
study quantifies the effects of those optimizations on the
simulation results for given thresholds and network parame-
ters, and also identifies thresholds tolerable to most network
studies. The experimental results show that these optimiza-
tions can improve the runtime performance of an already
efficient wireless network simulator substantially, by a fac-
tor of up to 55 for wireless networks with 3200 nodes without
compromising accuracy of the simulation results.

Categories and Subject Descriptors
I.6.5 [Simulation and Modeling]: Model Development;
I.6.4 [Simulation and Modeling]: Model Validation and
Analysis

General Terms
Performance, Algorithms
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1. INTRODUCTION
As both size and number of wireless networks rapidly in-

crease, there is an accompanying need for performance eval-
uation and analysis of large-scale wireless networks. Unlike
wired networks where the physical and MAC (Media Access
Control) layers are relatively reliable and can be abstracted
out, wireless networks rely on unguided media shared by
many nodes in the network, introducing packet loss due to
collision and interference. In particular, interference is the
biggest factor that distinguishes wireless media from wired,
and is also a growing concern due to the rapid increase in
the number of devices operating at similar frequencies in
close proximity. This issue makes it hard to adopt analytical
models for wired networks to characterize the performance
of wireless networks.

The most commonly used technique to model and ana-
lyze wireless networks is discrete event simulation [9][4][12],
as it provides great flexibility in modeling collision, interfer-
ence and other environmental effects. However, it is com-
putationally expensive, particularly for modeling large-scale
wireless networks. One common practice to alleviate this
problem is to limit simulation of signal propagation to a
certain range such that the simulator does not need to sched-
ule as many events per signal transmission [14][8]. However,
even very weak signals can accumulate and become strong
enough to cause packet errors or change sensing status of
network nodes. In fact, a comparative study of two com-
monly used wireless network simulators revealed that not
simulating the cumulative nature of interference for even
small networks could significantly alter the projected per-
formance of higher layer protocols [15]. Therefore, this pa-
per attempts to improve scalability of a wireless network
simulator without compromising its accuracy.

The following contributions are made in this paper: First,
we analyze the effects of a common optimization technique,
limiting propagation for large-scale wireless network simu-
lation, upon the accuracy of the simulation results at upper
layers. Using knowledge of channel and physical charac-
teristics, we derive a better distance limit other than Car-
rier Sensing Threshold (CST) used by previous studies. We
demonstrate that our approach preserves accuracy of the
simulation (in terms of upper layer traffic statistics) while
maintaining good speedup. Further, we propose a novel
technique of events aggregation for simulation of physical
radio device, which does not cause inaccuracy at all. The
experimental results show that the runtime performance of
an already efficient wireless network simulator has been im-
proved by our optimization techniques significantly, in par-
ticular, by a factor of up to 55 for wireless networks with



Table 1: Common experiment parameters

-91dBmReceiver Sensitivity802.11 DCFMAC Model
-81dBmReceiving ThresholdDPSKModulation Scheme
15dBmTransmission Power802.11b DSSSPhysical Model
1.5mAntenna Height2.4GHzChannel Frequency
2MbpsPhysical Data RateTWO-RAYPropagation Model

3200 nodes without compromising accuracy of simulation
results.

This paper is organized as follows. The next section gives
a brief overview of past studies on simulation of large-scale
wireless networks, and demonstrates the effects of limiting
signal propagation on the predicted overall network perfor-
mance. Section 3 presents mathematical analysis character-
izing wireless propagation models, to quantify the effects of
common optimizations for given thresholds and network pa-
rameters. Following the analysis, Section 4 and 5 present
runtime performance optimization techniques applicable to
signal propagation and wireless device models respectively,
and show simulation runtime speed improvements by indi-
vidual techniques. The last section concludes the paper.

2. BACKGROUND
In common discrete event network simulators, a propa-

gation limit is often introduced to reduce the number of
events required to simulate interference which results in re-
duced computational complexity [14][8]. However, there has
been no attempt to quantify potential inaccuracies intro-
duced by the propagation limit or to derive a propagation
limit with bounded inaccuracies. Some past work including
ns-2, a widely used simulator, utilizes CST (Carrier Sensing
Threshold) as the propagation limit [9][8]. That is, signals
with reception power below CST will not be delivered to a
node. To observe its impact on accuracy of simulation re-
sults, we have conducted experiments for a network of 100
nodes with parameters shown in Table 1. All nodes are
uniformly distributed in a 2000×2000m2 terrain with no
mobility. Thirty randomly chosen pairs of nodes are each
assigned one CBR (Constant Bit Rate) session at a rate
ranging from two to ten 512-byte packets/sec. AODV [11]
is used as the routing protocol. To minimize the difference
in simulation results caused by random number sequences,
random numbers are only used to determine backoff timers
in 802.11 devices. The experiments are conducted using
QualNet [12] and results with/without the CST propaga-
tion limit are shown in Figure 1.

Figure 1(a) shows that using CST as the propagation limit
changes the PDR (Packet Delivery Ratio) significantly ex-
cept in one case with extremely low traffic. It is interesting
to note that the CST propagation limit yields a PDR lower
than the PDR with no propagation limit, for cases with low
to moderate traffic loads. On the other hand, it yields higher
PDRs when traffic load further increases. This phenomenon
is due to the fact that the effects of the CST propagation
limit are two-fold. First, nodes sense the channel to be idle
more often than they should. Hence, they are more aggres-
sive in transmission, resulting in more packet collisions. In
addition, since more nodes cannot sense each other’s trans-
missions when the propagation limit equals CST, the hidden
terminal problem becomes more significant with more RTS
packets colliding, which triggers more retransmissions (see
Figure 1(b)). Second, many interference signals are ignored,
resulting in better (but incorrect) SINR. The former deterio-

rates PDR while the latter exaggerates it. These two effects
always compete, with one or the other dominantly deviating
PDR from the actual value regarding specific scenarios.

In addition to setting the propagation limit to CST, past
studies based on ns-2 do not model the accumulation of
interference signals. It has been demonstrated that this
could impair accuracy of simulation results significantly [15].
The high computational costs of wireless network simulation
have also motivated efforts [1][10] to parallelize simulation
of wireless networks. By distributing network models on
multiple processors, parallel simulation improves scalabil-
ity substantially compared to sequential simulation without
changing simulation results. Nevertheless, the speedup fac-
tor is limited to the number of processors used.

To our best knowledge, this paper is the first attempt to
utilize the characteristics of wireless propagation model to
analyze the effects of common optimization techniques such
as the propagation limit. In addition, novel optimization
method is proposed and the impacts on simulation results
are quantified. To facilitate this study, QualNet [12] was
used to implement the proposed optimization techniques,
as it is one of the efficient wireless network simulators with
detailed physical layer models.

3. ANALYSIS
3.1 Wireless Propagation Model

Most commonly used wireless network devices use CSMA
(Carrier Sensing Multiple Access) based physical and MAC
sub-layers, such as those defined in the IEEE 802.11 stan-
dard [6]. The underlying radio channel condition places fun-
damental limitations on the performance of wireless network
devices. Many wireless network simulators use propagation
models such as Free Space [3], Two Ray [2] or Hata model [5]
to simulate signal propagation. Assuming other parameters
(such as antenna height) are constant, most of the analyti-
cal and empirical propagation models express path loss as a
function of distance between transmitter and receiver as

PL (d) [dB] = PL (d0) [dB] + 10α log

�
d

d0

�
+ Xσ (1)

where d is the distance between transmitter t and receiver
r; d0 is the close-in reference distance determined from mea-
surements close to the transmitter; α is the path loss expo-
nent; Xσ is a zero-mean Gaussian random variable (in dB)
modeling log-normal shadowing effects. For simplicity of
the analysis, expected path loss PL is used in this context,
as it is often the major component of overall attenuation
experienced by a signal [13].

Suppose that each signal has zero-mean amplitude and
is independent from others. The aggregated power of all
received signals at node r is given by

Pr =
X

t: t 6=r

Pt × PL (dtr)
−1

(2)

where Pt is the transmitted power of a signal originating
from node t, and dtr is the distance between t and r, assum-
ing antenna gains are already included in path loss calcula-
tion. Thus, SINR Γr of a signal received by r is

Γr =
Pt × PL (dtr)

−1P
s: s6=t∧s6=r

Ps × PL (dsr)
−1 + σ2

n

(3)

where Pt is the transmitted power of the desired signal from
node t; Ps stands for the transmitted power of an interfer-
ence signal from node s; σ2

n is expected ambient noise power.
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Figure 1: Impacts of using CST as propagation limit
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Figure 2: BER and PER vs. SINR
plot for DPSK modulation

3.2 Characterization of the Propagation Model
Consider a wireless network in which radio signals trans-

mitted by nodes propagate in accordance with the above
mathematical model. By investigating the constraints placed
by the propagation model on network performance, we will
derive some properties that shed light on mechanisms to
improve scalability of wireless network simulation. A few
definitions are presented first to facilitate the analysis.

3.2.1 Definition
Effective node density λ is the maximum density of nodes
at which concurrent transmission of all neighbors will not
cause the node to sense that the channel is busy.
Minimum sensing distance S is the distance between a trans-
mitter and a receiver at which the received power of the sig-
nal equals to CST, when the signal is transmitted at mini-
mum transmission power.
Maximum transmission power Pmax is the maximum power
a node can use for transmission.

3.2.2 Model Characteristics
Proposition 1. If all nodes in a densely connected wire-

less network operate asynchronously in CSMA and propaga-
tion delay among any pair of nodes in sensing distance is
negligible, then λ 6 2

Æ�√
3S2

�
.1

Proposition 2. Suppose all nodes operate in CSMA mode
and are distributed in a plain disk of radius ξ, regardless of
the node density. If path loss is a power law function of dis-
tance with exponent α > 1, there exists an upper bound to

aggregate power (
⌢

P ) of signals received at the center of the
disk plane from all nodes outside distance D : d0 6 D 6 ξ.

Proof. According to Proposition 1, there exists an upper
bound to the effective node density λ. Thus the aggregate
power of signals received at the disk center from all nodes
outside distance D can be expressed as

⌢

P =
X

s: ds>D

Ps

PL (ds)
6

Pmaxdα
0

PL (d0)

X
s: ds>D

1

dα
s

(4)

Approximating (4) with a continuous function gives

⌢

P 6

( 2πλPmaxd
α

0

PL(d0)
(ln ξ − ln D) α = 2

2πλPmaxd
α

0

(2−α)PL(d0)

�
ξ2−α − D2−α

�
α 6= 2

(5)

The upper bound for aggregate power received at the center
of plain disk is given in (5).
1
Due to space limitation, proofs will only be provided upon request.

Corollary 1. Suppose ξ → +∞ regardless of the node
density. If path loss is a power law function of distance with
exponent α > 2, there exists an upper bound to aggregate
power of signals received at the center of the disk plane from
all nodes outside distance D : D > d0.

We argued at Section 2 that if errors introduced at the
physical layer are not bounded properly (such as using CST
as the propagation limit), the inaccuracy to simulation re-
sults can be amplified drastically at upper layers. Proposi-
tion 2 and its corollary establish the relationship between
the propagation(distance) limit and the upper bound on
⌢

P , which makes it possible to measure the inaccuracy (
⌢

P )
caused by a distance limit, or the reverse. If the association

between behavioral sensitivity of upper layer protocol and
⌢

P

is known, derivation of the appropriate distance limit would
be possible2.

4. SIMULATION OF SIGNAL PROPAGA-
TION

4.1 Derivation of Distance Limit
Existing discrete event network simulators [9][4][12] typ-

ically suffer from a common overhead: whenever a node
transmits a packet, the impact of a transmitted signal over
all other nodes must be simulated by generating at least
two events for each of the nodes, a signal arrival event and
a signal end event. If N is the total number of nodes in the
wireless network, each transmission produces Θ(N) events,
which increases event-scheduling complexity. As indicated
by Proposition 2 and its corollary, there exists a distance
limit to a receiving node such that the aggregated power of
all concurrently received signals originating from nodes out-
side the distance limit is below a threshold. If this threshold
is low enough such that it is insignificant for a receiver to
change sensing status and SINR, then the corresponding dis-
tance limit can be used to filter out signals originating from
distant nodes. Note that the exact threshold value depends
on many parameters, such as antenna height, radio sens-
ing sensitivity and the relationship between SINR and BER
(Bit Error Rate). In this study, the threshold value is set
empirically. The following discussion illustrates how a dis-
tance limit is derived, assuming that the path loss exhibits
a power law function with α 6= 2 and the aggregated signal

2
To study the sensitivity of upper layer behavior to the inaccuracy

of PHY/MAC layer modeling is important future work.
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Figure 3: Validation of our distance limit with network of 400 nodes

power is below expected noise power (so as to limit inaccu-
racies introduced by carrier sensing and SINR calculation).
Substitution into (5) gives

2πλPmaxdα
0

(2 − α)PL (d0)

�
ξ
2−α − D

2−α
�

6 σ
2
n (6)

Hence the corresponding distance limit is found to satisfy

D >

�
ξ
2−α − (2 − α) σ2

nPL (d0)

2πλPmaxdα
0

� 1

2−α

(7)

The distance limit varies depending on the exact value of
the right hand side of (6). Generally the value needs to be
small relative to the receiver radio sensitivity, so that the
aggregate strength of the discarded signals will not affect
the correctness of the carrier sensing by a wireless network
device. The value also needs to be sufficiently small so that
the aggregate strength of discarded signals does not ulti-
mately drive mean PER (Packet Error Rate) error beyond
inaccuracy bounds. For example, consider a wireless device
uses DPSK modulation: based on the PER curve shown in
Figure 2, one can project that simulation results will be rea-
sonably accurate if the threshold value is 20dB below the
weakest receivable signal (whose power equals the radio re-
ceiving threshold in Table 1).

4.2 Validation
We designed a set of experiments to validate the distance

limit approach against a baseline simulator in which no weak
signal is discarded. All experiments throughout this paper
are conducted on a LINUX workstation with a 550MHz Pen-
tium III CPU and 2GB of RAM. In addition to the common
parameters shown in Table 1, there are 400 nodes uniformly
distributed in a square terrain of size 4000 × 4000m2, each
has an IEEE 802.11b network interface and runs AODV [11].
Based on these settings and (7), a generic distance limit is
calculated to be approximately 2500 meters regardless of
the terrain size (see Corollary 1). There are in total 120
CBR traffic sessions in the network, and each has a data
rate of eight 512-byte packets per second. To allow a rea-
sonable amount of application traffic to successfully reach
their destinations, a portion of the CBR traffic is specified
among randomly chosen pairs of immediate neighbors, while
source and destination pairs of the remaining CBR sessions
are randomly chosen.

Average packet delivery ratio and distribution of average
session throughput for all CBR traffic are the metrics for
validation. The same experiments are repeated for three

scenarios: no propagation limit, distance limit, and CST
propagation limit. Note that the CST propagation limit
(which is -91dBm according to Table 1) is equivalent to 679
meters in terms of distance. The experiment results are
shown in Figure 3. As depicted in Figure 3(a), when all
CBR traffic is among direct neighbors, AODV achieves al-
most 100% packet delivery ratio for all three scenarios. As
the proportion of one-hop traffic decreases towards 0%, the
average packet delivery ratio drops as well. Results pro-
duced by applying the distance limit derived here are very
close to that of baseline simulator in which no propagation
limit is set. In contrast, the CST propagation limit persis-
tently overestimates the average packet delivery ratio when
the one-hop traffic occupies 20∼80% of the total traffic ses-
sion. The worst case is observed at the portion of 60% at
which the CST propagation limit results in 50% average
packet delivery ratio while the baseline simulator predicts
the result to be around 20%. Note that the effect of the
CST propagation limit is different from that in Section 2
(see Figure 1(a)) because the network size is much larger
here. Figure 3(b) shows a traffic throughput histogram plot-
ted from the results obtained when one-hop traffic is 40%
of total traffic. Again, there is a good match between the
result histogram of baseline simulator and that of applying
the distance limit. In contrast, the histogram generated for
CST propagation limit shows significant deviations for num-
ber of sessions achieving 2.5∼7.5 Kbps and 17.5∼27.5 Kbps
average throughputs. The results show that the distance
limit derived in our approach yields relatively much more
accurate application level statistics.

4.3 Performance Evaluation
We designed three sets of experiments that compare the

execution speeds of the QualNet simulator with or without
distance limit, to evaluate the performance gain with our
optimization. The common parameters again are shown in
Table 1. In all sets of experiments, the nodes are uniformly
distributed in a flat square terrain with 802.11b network
interfaces running AODV. With the same settings as men-
tioned earlier, the applicable distance limit is 2500 meters.
The first set of experiments is designed to fix the node den-
sity to one node per 200×200m2 , while varying total number
of nodes in the wireless network from 400 up to 3200. Thirty
percent randomly chosen nodes each have their own CBR
session of ten 512-byte packets per second to another ran-
domly selected receiver within two hops of distance. Figure
4(a) depicts the speedup of using our distance limit with
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Figure 4: Speedups attributed to our distance limit

various network sizes. When there are 400 nodes in the
wireless network, the relative speedup factor for applying
our distance limit is about 1.6. However, it grows almost
linearly with an increasing number of nodes. When there
are 3200 nodes in the wireless network, speedup of greater
than 9 is achieved by our distance limit. This shows that our
distance limit still preserves good speedup for simulation of
large scale wireless networks.

In the second set of experiments, the same configuration
as above is employed, except that node density varies (by
changing the terrain size) from one node per 240×240m2 up
to one node per 140×140m2. In accordance with previous
set of experiments, results in Figure 4(b) also show that
larger network size leads to greater speedup. However, for
networks containing same number of nodes, increasing node
density would reduce simulation speedup. This is because
more neighbors are falling within the distance limit of a
transmitting node when node density increases. As a result,
the number of events generated per transmission increases
with node density even when the distance limit is used.

A third set of experiments evaluates the speedup achiev-
able by our distance limit with varying CBR traffic load,
while other settings are the same as those of the first set
of experiments. In this experiment, thirty percent of nodes
each have a CBR session at rates ranging from four to four-
teen packets per second. As depicted in Figure 4(c), the
speedup of the distance limit remains constant for networks
of both 800 nodes and 1600 nodes.

Compared with the results of using CST as propagation
limit in [7], the speedup achieved by our distance limit is re-
duced by a factor of 1.5. When higher fidelity is required in
the network simulation, this loss should be tolerable. Nev-
ertheless, it motivated the author to use other means to fur-
ther improve simulation scalability which will be described
in detail in Section 5.

4.4 Impacts of Partitioning
Partitioning in wireless network simulation is not a novel

concept, and has been studied in [14, 8]. In [8], partitioning
is reported to improve the performance of ns-2 by a factor
of up to 30 with presence of CST propagation limit. We find
that the improvement varies among different network simu-
lators. For completeness of this study, we report our findings
here. The experiment focuses on implementing grid-based
partitioning for wireless networks of 1600 and 3200 nodes.
Results in Figure 5(a) indicate that when the partition size is
150m or 300m, partitioning achieves the best speedup. Sim-

ulation runs 18% faster for network of 1600 nodes and 38%
faster for 3200 nodes at density of one node per 200×200m2.
The improvement is also dependent on the node density in
the wireless network, as indicated by results in Figure 5(b).

5. SIMULATION OF PHYSICAL DEVICE
The optimization technique in Section 4 improves wireless

network simulation speed significantly, while demonstrat-
ing that bounding the aggregated power of ignored signals
keeps good accuracy of simulation results at the application
level. However, the propagation derived through our analy-
sis (such as 2500m in early experiments) is larger than CST
propagation limit. As a consequence, a tremendous amount
of events are still generated to all nodes within the distance
limit for every packet transmission. Experiments show that
after applying the distance limit, they still account for about
90% of total events, causing significant event scheduling
overheads in wireless network simulation. In this section,
a novel technique called Lazy Event Scheduling with Cor-
rective Retrospection (LSCR) is presented to address this
problem, using the IEEE 802.11 DCF (Distributed Coor-
dination Function) operation as an example. With LSCR,
events corresponding to the arrival or end of radio signals
will not be scheduled, unless they may trigger state changes
(e.g. begin to receive a packet) to a physical network de-
vice that might yield causality violations if processing of
these state changes was delayed. The idea to be presented
should not be restricted to 802.11, but is general for simu-
lating CSMA-based networks. We assume readers are very
familiar with details of the IEEE 802.11 DCF operation [6].

5.1 Events Reduction

5.1.1 Lazy Event Scheduling
To further reduce event scheduling overheads for simulat-

ing signal transmissions, the effect of an incoming signal on
receiver device operation is studied. Suppose a node begins
transmission at time t0, and its signal will arrive at a neigh-
bor at t1. A snapshot of what the simulation already knows
about the neighbor at t0 is shown in Figure 6. As illustrated
in the figure, presence of arriving signal can have no (case
1,2), partial (case 3) or complete (case 4) overlap with on-
going transmission (or reception) at the neighbor. When
overlap exists, the neighbor will be unable to receive the ar-
riving signal regardless of its strength. According to IEEE
802.11 standard, radio device uses signal energy and qual-
ity (PN code correlation strength) thresholds as the criteria
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for channel assessment or signal reception. Most simulators
use the same criteria (Receiving Threshold in Table 1) to
decide if a signal is receivable. In other words, the incom-
ing signal cannot be locked on for reception if its power is
below the receiving threshold. Hence, when there is no over-
lap, simulation can at least decide that the arriving signal
is non-receivable if its received power is below the receiving
threshold. Intuitively, most signal arrival/end events corre-
spond to non-receivable signals in the simulation.

In 802.11 DCF operation, non-receivable signals can only
change the result of physical carrier sensing, which in turn
affects DIFS(DCF Inter-Frame Space), EIFS (Extended IFS)
or BO (Back-Off) timer operation. When a node needs to
start a transmission dialog, it has to wait for at least one
DIFS/EIFS timer regardless of BO timer. Hence, arrival of
a non-receivable signal does not cause a node to immediately
receive or transmit a packet. That is, absence of signal ar-
rival/end event will not yield causality errors regarding the
fate of the signal. Here a simulator does not schedule events
for a neighbor as long as the respective arriving signal is non-
receivable, but rather add the signal directly to the neigh-
bor’s history of incoming signals with pertinent information
such as signal arrival/end time etc. This technique is re-
ferred to as Lazy Event Scheduling (LS). Note that LS still
violates other causality constraints because neighbors will
not be able to simulate channel status (busy or idle) and
SINR changes at exact times without corresponding events
of non-receivable signals. Subsequently, network device op-
erations may also be altered. To correct the causality errors,
the following novel mechanisms utilizing IEEE 802.11 PHY
and MAC device operation attributes, collectively referred
to as Corrective Retrospection (CR), are introduced.

5.1.2 Corrective Retrospection
The physical channel sensing status changes will not be

updated on time due to the dropping of events triggered
by non-receivable signals with the LS approach. Ignoring
the non-receivable signals will yield errors to changes of ei-
ther channel sensing status or SINR of a node, which sub-
sequently alter packet error evaluation and DIFS/EIFS or
BO timer operations. The following will describe how these
errors are corrected by CR mechanisms.
Packet error evaluation using CR

Network simulators use SINR as the input to lookup BER
and then calculate PER depending on packet bits length
during which SINR remains constant (See Figure 2 for ex-
ample). With LS, all potentially receivable signals still trig-
ger the scheduling of signal arrival events to a node. The

node will lock onto the first arrived receivable signal when
it processes the corresponding packet arrival event with ear-
liest timestamp. The node therefore ignores subsequent
packet arrival events throughout the entire duration of cur-
rent packet reception, as those signals become merely inter-
ference. A packet end event will be scheduled to the same
node when packet arrival event is processed. When it is time
to process the corresponding packet end event, all interfer-
ence signals must have already been present in the signal
history of current node. Simulation will use the complete
history of all arrived signals to evaluate the packet for error.

Figure 7 shows an example of packet error evaluation with
CR. Every signal arrival or signal end transition during the
reception of the current packet can be retrieved from the
complete signal history at the time when the currently re-
ceived signal ends (t2). As each interference signal adds
a constant amount of energy during its presence, SINR is
a piecewise step function that changes whenever a signal
arrives or ends. Thus packet error evaluation can be con-
ducted as usual along the reconstructed piecewise SINR step
function as shown in the figure. Note that before optimiza-
tion, the computational cost for evaluation of packet error
is amortized among all signal arrival and signal end events.
LSCR instead will postpone the packet error evaluations un-
til the end of the currently received packet. As long as all
signals are present in the history and their information (ar-
rival/end time etc.) is correct, the evaluation of packet error
will be correct. Note that as simulation progresses, the sig-
nal history at a node will grow steadily. A partial solution is
that whenever a node finishes receiving a packet at the time
of its signal end event, all signals ended before that time can
be discarded from the history.

Timeout readjustment using CR
Besides packet error evaluation, LS also affects DIFS/EIFS

or BO timer operations. With LS, simulation will not send
signal arrival/end events to a node for non-receivable signals.
Without these events, DIFS/EIFS and BO timers cannot be
cancelled or restarted appropriately, as exact transitions of
the channel status between busy and idle is unknown. In-
stead of actively cancel and resume timer when channel con-
dition changes, CR technique lets false timeout occur and
reverses the errors retrospectively. Consider DIFS and BO
timer combinations, when current BO timeout event occurs,
simulation can reconstruct past channel conditions via com-
plete signal history since last BO timer started. As shown
in Figure 8, current BO timeout event is false positive since
channel is not idle throughout the entire backoff duration.
With reconstructed history of channel conditions, the node
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Figure 7: Packet error evaluation using CR

can investigate how much the BO counter should have been
decremented by inspecting all the idle periods within backoff
duration. In this example, there is a single idle period for
the BO timer to be reduced by value BO′, and the channel is
currently busy (when BO timeouts). It can be deduced that
the next resumed backoff process will not complete until the
channel becomes idle again for DIFS+BO−BO′, since the
backoff will only be resumed when the channel becomes idle
again for DIFS period. With above knowledge, the node can
predict that the earliest time for BO timer to expire again
is DIFS+BO−BO′ after the next time when the channel
becomes idle. Thus, a new timeout event will be scheduled
for the projected BO timeout time and the process repeats
when that timeout event is processed. Eventually the pre-
diction will be correct and the node can transmit a packet
when the last BO event is processed.

Besides the above example, two other issues need to be
addressed. First, if the channel is idle (when BO timeout)
at a node in the backoff process and was not idle for the
past entire timeout duration, the prediction for the next
BO timeout event needs to start from the most recent chan-
nel busy-to-idle transition in the history because the real
backoff was resumed from then. Second, the backoff process
can be terminated if a node receives a transmission dialog
request from others such as an RTS or data packet as it
needs to reply with CTS or ACK after an IFS time. When
this occurs, the node will cancel the pending timeout event,
calculate and memorize the remaining BO value. The back-
off process will be reinitiated with the remaining BO value
after the node finishes its obligated replying transmission.
Last, signals that ended when a timeout event is processed
will be removed from the node’s signal history.

5.2 Greedy signal evaluation
With LSCR, assessment of channel condition and evalu-

ation of PER is done retroactively by inquiring the signal
history (implemented as a list). In a large network with
high traffic volume, the signal history grows fast and scan-
ning the complete list of signals can be costly. To reduce
scanning cost, simulations have to find means to either re-
duce the number of signals kept in the signal history or skip
some signals when performing CR. At the same time, the
inaccuracies thus introduced should have minimal impacts
on PER. Figure 2 plots BER and PER as a function of SINR
given different packet length. It can be seen that there exists
a critical region (For example, SINR is between 5 and 15 in
Figure 2). A slight change in SINR will have significant im-
pact on mean PER. To quantify the inaccuracies introduced
by excluding weak signals in evaluating PER, we define an
upper bound ε (such as 1%) to the error of estimated PER.

First, we will remove unnecessary signals from the history
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Figure 8: Timeout Readjustment using CR

list. Note that a unified distance limit derived in Section 4
is based on the power level of weakest receivable signal. The
derived distance limit is very conservative since a received
signal usually has stronger power. Thus, when a node locks
on to a signal for reception, simulation can determine a dy-
namic distance limit. An interfering signal transmitted by
another node beyond this distance limit will not be added
to this node’s signal history. Secondly, to skip unimportant
signals, a signal history is subdivided into groups according
to signal strength (A step of 10dB is used in the current im-
plementation). The PER evaluation starts from the group
containing signals with the highest power level. If the esti-
mated SINR obtained by merely considering all the strong
signals and noise is so low that the obtained segment PER
is greater than 1 − ε, PER evaluation terminates, conclud-
ing that the estimated segment PER is accurate enough for
packet error evaluation. If no strong interferences are found
for a segment of the packet and estimated aggregated signal
strength in other groups is not significant enough to reduce
actual SINR to critical region (applying Proposition 2), then
simulation concludes that the current segment has no bit er-
ror without scanning the remaining groups, and continues
evaluating SINR for the next segment.

5.3 Performance Evaluation
To evaluate additional performance gains produced by the

optimization techniques described in this section, the fol-
lowing set of experiments was conducted. Exactly the same
settings as those used in first set of experiments at subsec-
tion 4.3 plus a partition size of 150m were employed here so
that the simulation speedups obtained in this section can be
multiplied to those in last section to derive the aggregated
speedups achievable by optimization techniques throughout
the paper. Note that baseline simulator here has incorpo-
rated the optimizations presented in Section 4.

The speedups of LSCR in the same experiments are de-
picted in Figure 9(a). When there are 400 nodes in the
wireless network, the relative speedup factor for LSCR is 2.5.
The speedup grows almost linearly with an increasing num-
ber of nodes. When there are 3200 nodes in the wireless net-
work, more than 4 times speedup is achieved by LSCR. The
reason why LSCR can achieve such a high speedup factor
over baseline simulator already equipped with optimizations
in Section 4 is revealed in Figure 9(b), which shows the av-
erage total number of events processed by the network sim-
ulator for each second of simulation before and after LSCR
is exploited. The results show that on average, the number
of events generated by the simulation has been reduced by
more than 20 times when LSCR is used. For instance, in
a network of 3200 nodes, the events generated for one sec-
ond of simulation is reduced from 5,315,095 to 210,396, i.e.
a 25 times reduction. Furthermore, Figure 9(a) also shows
that when greedy signal evaluation is applied, the simula-
tion speed is improved by about another 5% for all network
sizes in the experiments. To evaluate the impact of different
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Figure 9: Performance of physical device optimization (varying traffic load)

traffic loads on the simulation speedup, the last experiment
in Subsection 4.3 is repeated with the optimizations pre-
sented here. Figure 9(c) shows the simulation speedups for
network of 800 or 1600 nodes. The speedups drop slightly
when the network traffic increases, but it is projected to sta-
bilize when individual CBR traffic rate is further increased.
In all cases, about another 5% speedup can be achieved on
average with greedy signal evaluation.

To give an idea of what is the total amount of simula-
tion speedup achieved by various optimization techniques
presented, consider 3200 nodes uniformly distributed in a
square terrain with node density equal to one node per
200×200m2, with 960 CBR sessions randomly chosen among
nodes within two hops of proximity. When the distance
limit is applied, a speedup of 9.2 is obtained (See Figure
4(a)). When partitioning of 150m partition size is included
on top of it, additional speedup of 1.37 is achieved (See Fig-
ure 5(a)). Finally, another 4.4 speedup is obtained with
LSCR and greedy signal evaluation (See Figure 9(a)). As
the optimizations are included incrementally in the experi-
ments, a total speedup of about 55 is obtained in this par-
ticular case.

6. CONCLUSIONS
This paper has presented a theoretical analysis to ra-

dio signal propagation. Based on the observed character-
istics of signal propagation models, it presents correspond-
ing distance limit and greedy signal evaluation optimiza-
tions that aims to quantify and bound the inaccuracies pro-
duced at the physical device simulation layer. Experiments
have demonstrated that bounding inaccuracies at physical
layer is critical to the fidelity of application level simulation
results. Besides the above, impacts of a novel technique
named Lazy event Scheduling with Corrective Retrospec-
tion are presented. This technique does not alter the cor-
rectness of the simulation at all while achieving significant
performance gains. Using QualNet, one of the most effi-
cient wireless network simulators, as an example, this paper
has demonstrated that with various optimization techniques
presented here, an aggregated speedup of up to 55 times can
be achieved for simulation of wireless network of 3200 nodes
while preserving simulation accuracy.

Although this paper has quantitatively studied the inaccu-
racies of various optimizations presented here, the bounds to
inaccuracies at signal propagation modeling are still chosen
empirically to achieve accurate results at application level.
A future extension to this work would be to study the effects

of relationship between inaccuracies at physical or devices
layers and those at upper layers. Another aspect of future
work is to study the compatibility of these techniques with
parallel network simulators, while a third dimension is to
conduct similar performance optimizations to more complex
network simulation with deterministic propagation models.

7. REFERENCES
[1] R. Bagrodia, R. Meyer, M. Takai, Y. Chen, X. Zeng,

J. Martin, B. Park, and H. Song. Parsec: A Parallel
Simulation Environment for Complex Systems.
Computer, 31(10):77–85, Oct 1998.

[2] M. J. Feuerstein, K. L. Blackard, T. S. Rappaport,
S. Y. Seidel, and H. H. Xia. Path Loss, Delay Spread,
and Outage Models as Functions of Antenna Height
for Microcellular System Design. IEEE Transactions
on Vehicular Technology, 43(2):355–365, May 1991.

[3] H. T. Friis. A note on a simple transmission formula.
In Proceedings of the IRE, volume 34, pages 254–256,
May 1946.

[4] GloMoSim. http://pcl.cs.ucla.edu/projects/glomosim.

[5] M. Hata. Empirical Formula for Propagation Loss in
Land Mobile Radio Services. IEEE Transactions on
Vehicular Technology, 29(3):317–325, Aug 1980.

[6] International Standard ISO/IEC 8802-11: 1999(E),
ANSI/IEEE Standard 802.11, 1999 Edition.

[7] Z. Ji, J. Zhou, M. Takai, and R. Bagrodia. Optimizing
Parallel Execution of Detailed Wireless Network
Simulation. In Proceedings of PADS’04, May 2004.

[8] V. Naoumov and T. Gross. Simulation of Large
Ad-hoc Networks. In ACM MSWiM’03, Sep 2003.

[9] ns-2. http://www.isi.edu/nsnam/ns2 .

[10] PDNS. http://www.cc.gatech.edu/computing/compass/pdns.

[11] C. E. Perkins and E. M. Royer. Ad hoc On-Demand
Distance Vector Routing. In IEEE WMCSA’99, Feb
1999.

[12] QualNet. http://www.qualnet.com.

[13] T. S. Rappaport. Wireless Communications:
Principles & Practice. Prentice Hall, 2 edition, 2002.

[14] M. Takai, R. Bagrodia, A. Lee, and M. Gerla. Impact
of Channel Models on Simulation of Large Scale
Wireless Networks. In ACM MSWiM’99, Aug 1999.

[15] M. Takai, J. Martin, and R. Bagrodia. Effects of
Wireless Physical Layer Modeling in Mobile Ad Hoc
Networks. In ACM MobiHoc’01, Oct 2001.


	Introduction
	Background
	Analysis
	Wireless Propagation Model
	Characterization of the Propagation Model
	Definition
	Model Characteristics


	Simulation of Signal Propagation
	Derivation of Distance Limit
	Validation
	Performance Evaluation
	Impacts of Partitioning

	Simulation of Physical Device
	Events Reduction
	Lazy Event Scheduling
	Corrective Retrospection

	Greedy signal evaluation
	Performance Evaluation

	Conclusions
	REFERENCES -9pt 

