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Abstract—We present a software library that aids in the design of mobile ad hoc networks (MANET). The OMAN design engine works
by taking a specification of network requirements and objectives, and allocates resources which satisfy the input constraints and
maximize the communication performance objective. The tool is used to explore networking design options and challenges, including:
power control, adaptive modulation, flow control, scheduling, mobility, uncertainty in channel models, and cross-layer design. The
unaddressed niche which OMAN seeks to fill is the general framework for optimization of any network resource, under arbitrary
constraints, and with any selection of multiple objectives. While simulation is an important part of measuring the effectiveness of
implemented optimization techniques, the novelty and focus of OMAN is on proposing novel network design algorithms, aggregating
existing approaches, and providing a general framework for a network designer to test out new proposed resource allocation methods.
In this paper, we present a high-level view of the OMAN architecture, review specific mathematical models used in the network
representation, and show how OMAN is used to evaluate tradeoffs in MANET design. Specifically, we cover three case studies of
optimization. The first case is robust power control under uncertain channel information for a single physical layer snapshot. The
second case is scheduling with the availability of directional radiation patterns. The third case is optimizing topology through movement

planning of relay nodes.

Index Terms—Cross-layer design, optimization, mobile ad hoc networks, simulation, software systems.

1 INTRODUCTION

NETWORK design, like other broad optimization fields, is
often treated as a collection of distinct problems with
significant effort focused on finding solutions to each of
those individual problems. In developing the Optimization
for Ad hoc Networks (OMAN) system, our main goal is to
bring together network resource allocation problems and
the methods for solving them into a cohesive, extendable,
object-oriented software package with a standard applica-
tion programming interface (API) and graphical user
interface (GUI) for software developers and network design
engineers, respectively.

In OMAN, network design is approached as a process of
optimizing variables in a well-defined scenario across time,
space, and the communication network stack. Fig. 1 shows
the high-level data flow in OMAN. Inputs are the scenario
specification and optimization variables and objectives, as
well as an extensive set of parameters defining every aspect
of the network model, simulation, and optimization. In
other words, the system input is the definition of the design
problem and a list of directives on how OMAN should find
a good solution to this problem. The output of the system is
a set of optimal or locally optimal resource allocations and

o L. Fridman, S. Weber, K.R. Dandekar, and M. Kam are with the
Department of Electrical and Computer Engineering, Drexel University.

o C. Graff is with the US Army RDECOM, Fort Monmouth, NJ.

e D.E. Breen is with the Department of Computer Science, Drexel
University.

Manuscript received 22 Jan. 2010; revised 15 Mar. 2011; accepted 10 June

2011; published online 17 May 2012.

For information on obtaining reprints of this article, please send e-mail to:

tmc@computer.org, and reference IEEECS Log Number TMC-2010-01-0038.

Digital Object Identifier no. 10.1109/TMC.2011.174.

1536-1233/12/$31.00 © 2012 IEEE

an estimate of the performance expected when the network
operates under those design decisions. OMAN defines a
portfolio of objectives which include, among others, power,
capacity, connectivity, survivability, delay, fairness, load
balancing, throughput, and redundancy [1]. These and
several other objectives are defined explicitly in the case
studies presented in this paper.

The optimization of network parameters in OMAN is a
feedback process of optimization and performance estima-
tion through simulation. The first step is to find an
optimization method most appropriate to the set of control
variables and objectives provided as input. If no specialized
algorithm is available in OMAN for the specified problem,
then the problem is formulated as a mathematical program
in the AMPL modeling language [2] as shown in Fig. 2. An
appropriate generic solver is then used to solve the
program, depending on whether objectives and constraints
are linear or nonlinear, and whether the variables are
discrete or continuous. The power control problem of
minimizing power under a signal-to-noise-interference
constraint is an example of a linear program which is
optimized using this generic solver approach. If a specia-
lized method is available for the problem, OMAN auto-
matically uses it to find a solution. An example of a
specialized method is a heuristic packing procedure which
schedules a set of concurrent transmissions that maximize
sum-rate capacity and ensures a chance for every node to
transmit at least once. Both these examples are described in
further detail in this paper.

The rest of this paper is organized as follows: Section 2
covers tools which share a degree of functionality with
OMAN. Section 3 broadly covers the software system
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Fig. 1. High-level data flow in OMAN. The system’s input is the design
problem to be solved. The system’s output is the solution. The
optimization process is a feedback loop of optimization and performance
estimation through simulation.
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architecture and design of OMAN. Section 4 describes the
aspects of OMAN'’s network model which are relevant to
the three examples covered in this paper. Section 5 presents
two cases of validation with measured testbed data.
Sections 6-8 describe three case studies of network design
problems investigated and solved using OMAN.

2 RELATED WORK

The generally accepted network design cycle consists
of three steps: 1) developing a network model, 2) estimating
the performance of the proposed network through simula-
tion, 3) manually tweaking the model parameters until an
acceptable performance is achieved for the target set of
scenarios. The estimation is usually done with network-
specific discrete event simulators such as Qualnet [3] or
Opnet [4]. In addition, existing design tools aid in a well-
defined specialized aspect of the resource allocation
problem that is part of step 3. For example, Motorola
Enterprise Planner [5] aims to help a network designer
build indoor wireless networks. This tool is used to show
the designer the best locations for access points by using
predictive algorithms and propagation modeling based on
geographic topology.

In the second and third steps of the traditional design
cycle, the performance of a proposed design is analyzed
through simulation, and changes to the model are made
until the model behaves as desired. However, due to the
complexity of networks and the large number of design
parameters, changes in the design of a model may have
unintended effects which must then be accounted for. To
alleviate the timely process of designing and redesigning a
network, we intend to apply optimization theory to
generalized networking models in order to efficiently
design MANETs. OMAN brings together a large portfolio
of novel and existing optimization techniques together with
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Fig. 2. The data flow of the interaction between OMAN and the generic
numerical optimization problem solvers through the AMPL modeling
language.
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Fig. 3. The OMAN API and GUI: from source code to binary form to
packaged form to four classes of users.

the simulation capabilities of such tools as Opnet for the
task of performance estimation. The focus on the rich
interplay of these two tasks of design and simulation is one
of the main novelties of our system. Specifically, OMAN
automates step 3 of the cycle allowing the designer to
control high-level objectives instead of controlling low-level
decision variables.

3 SOFTWARE ARCHITECTURE

3.1 Two Levels of User Interface

OMAN has two distinct forms: 1) an application with a
graphical user interface and 2) a library with an applica-
tion programming interface as shown in Fig. 3. The former
is an interface for human users (e.g., network design
engineers), while the latter is an interface for other
programs that link against it.

This paper presents three case studies that are part of the
“Examples” codebase in Fig. 3. There are currently over
200 such examples. Each one is no more than 100 lines of code
that provide the input data as shown in Fig. 1. The rest is
handled by OMAN through its API without the user having
to know any implementation details of the simulation and
optimization algorithms. For example, an external developer
with a detailed Opnet model may wish to optimally allocate
resources within the framework of their Opnet-defined
scenario. They can access the resource-allocation function-
ality of OMAN through the API (after converting the
Opnet network data structures to those of OMAN).

One of the goals of OMAN as a network design tool is to
provide a mechanism for comparing network technologies,
i.e., radios, MAC protocols, routing protocols, and battery
models. Each such model or algorithm is implemented in
OMAN in a modular way such that it can be swapped out
for any number of alternatives. The GUI provides a
streamlined way of configuring multiple alternatives, and
comparing them through concurrent simulation and opti-
mization. An “internal developer” can extend OMAN by
providing an implementation of a new alternative model or
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algorithm. The API supports such an extension without
needing to be modified. The developer only has to add a set
of control parameters associated with the new extension.
These parameters are then automatically added to the GUI
through active generative programming [6].

3.2 Network Design Paradigms

The resources which are to be efficiently allocated on an ad
hoc wireless network are naturally distributed, residing
either on the nodes or the edges of the graphs that
represent the network state. The algorithms in OMAN are
separated into two categories: 1) centralized (network
centric) and 2) distributed (node centric). The former
operates on single “snapshots” or on a time-averaged
model of the global network state. The latter operates as a
control mechanism on the node. To allow for asynchronous
control decisions on the nodes, OMAN provides a full-
fledged discrete event simulator [7].

Fig. 4 shows two examples each of design for the
network-centric and node-centric approaches. The static
and time-averaged paradigms view the network as a whole,
and efficient resource allocation as a global decision
process. The event-based reactive controller and robust
planner move the decision process to each individual node.
The distinction within each pair is whether the result of the
optimization has a temporal dimension.

The distinction between distributed versus centralized
and event-based versus slotted algorithms is orthogonal to
another critical parameter: the completeness, certainty, and
reliability of information available to a node or network in
performing the efficient resource allocation. The network
model and the discrete event simulator operating on the
model have perfect information about the past, present, and
future of network state. The degree to which that informa-
tion is available to the nodes is controlled by the
“information filter” shown in Fig. 5. In other words, the
information under which decisions are made is a strict
subset of the information which drives the simulator.

3.3 Data Structures and Algorithms

OMAN can be logically separated into three types of
classes: those that store data, those that process data, and
those that integrate the two into a cohesive simulation and
optimization system. Specifically, the three categories of
classes are:
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Fig. 5. The process of modeling the uncertainty, incompleteness, and
unreliability of information when making resource allocation decisions.

1. Data structures. Objects such as the graphs in
Section 4.1 which represent the current and past
states of the network, including resource allocation
decisions, packet transmissions, channel conditions,
movement paths, etc.

2. Algorithms. A modular collection of encapsulated
functions which process the object data. These
include classes that optimize the resource allocation
decisions across the network stack, visualize the
network state, convert, aggregate, integrate available
information into a form accepted by other algorithms.

3. Directors. The “glue” classes that control which
algorithm gets executed when and on what data.
Depending on the network design paradigm, this
involves everything from a simple class that evolves
the position of the nodes as some aspect of the
network is optimized to a full-blown event-based
simulator which controls every possible decision
and change affecting the network state using an
arbitrarily expandable set of events.

4 NEeTwORK MoDEL OVERVIEW

4.1 Capacitated Graph Construction

For the three case studies in this paper, we use the PHY and
MAC model abstraction similar to the one used in [8].
Specifically, scheduling is done in the time domain, where
the transmissions are synchronized. Each schedule graph
Gp = (Vp,Ep) is a choice of transmitters with associated
powers, and the set of schedules form a period of concurrent
slotted transmissions which are looped continuously. We
use a random packing procedure that picks a set of schedules
that 1) guarantee each node at least one chance to transmit
and 2) guarantee concurrent transmitters each succeed (i.e.,
the signal-to-interference-plus-noise ratio (SINR) seen at
each receiver is acceptably high). A capacitated graph G =
(Vi, EF) is formed by multiplexing these schedules together.
That is, if in one of the schedules the node i can successfully
communicate with node j, edge (¢, ) is added to G with
a capacity corresponding to the sum of capacities on each
such feasible instance of communication.

The control parameters of the PHY graph are 1) the
power P; on each node i and 2) the minimum acceptable
signal-to-interference-plus-noise ratio v which defines the
quality-of-service requirement for the channels. Given these
values, the random packing procedure adds transmitters to
a time slot incrementally such that the SINR requirement is
not violated for any of the links in Ep. SINR is computed by

SINR)j =—=————""——
Y Yert Pl 0’

(i,)) € Ep, (1)
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where SINR;; is the SINR on the channel between
transmitter ¢ and receiver j, n is the channel noise power
which is assumed to be receiver independent. H;; is the
channel between transmitter i and receiver j defined as
Hij= ((ZZ;.)@’ where d;; is the distance between nodes i and j,
d,et 18 a channel reference distance, and « is the attenuation
exponent. 7 é‘ is the set of k nearest interfering transmitters
to receiver j. In Section 6, we look at the effect of a small
interference neighborhood on the optimality robustness of
the returned solution.

The result of the packing procedure is a collection of
graphs Gp = {G}, G%,...,G'5}. All edges (i, j) in graphs of
G p satisfy the requirement that SINR;; > +. The capacity on
each of those edges is assigned in one of two ways:
1) capacity of 1 on all feasible edges, or 2) SINR-dependent
Shannon capacity defined as follows:

where B;; is the bandwidth on edge (4, j) which is assumed
to be 1, effectively setting capacity to the spectral efficiency
of the channel, Cj; is the capacity on edge (i,j), and z =
1,2,...,|Gp| is the index of the physical graph. Note that C'
and SINR are shown as functions of a specific graph. This is
used to distinguish the capacities and SINRs on individual
physical graphs from the single multiplexed flow graph.
Unless otherwise specified, capacity C;; refers to the flow
graph capacity Cj;(Gr).

The multiplexing procedure is additive for capacity, that
is, the capacity of an edge (¢, j) in the flow graph G is
computed from Gp by

Cij(Gr) = Y Ciy(G7). (3)

2(4,5)€ES,

The result of the multiplexing procedure is a capacitated
flow graph Gr = (V, Er) that has an edge (7, j) € Er if and
only if Cj; > 0.

4.2 Multicommodity Flow

In the time-averaged design paradigm, we adopt the
standard multicommodity-flow abstraction of routing [9].
Let there be K commodities, each commodity specified by a
source node o, € Vi, and a destination node 6, € Vp. A
commodity specifies a stream of unique data from node oy,
to node 6. A throughput vector £ = {f1,..., fx} is feasible if it
respects both network capacity constraints and conserva-
tion of flow constraints. The objective is to maximize the
sum throughput summed over the K commodities. Each
commodity’s throughput may be split across multiple
paths; we define a flow as the set {zF, e € Er, k € [K]}, so
that 2% is the flow for commodity k on edge e. The max
multicommodity flow problem is

K
max F(f) = ka
k=1

i€Vp . (4)
Z z; < Cyj,t € Vp, j € Vp

ke[K]

d_ali= wke[Klie Ve

JjeVp JEVE
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Fig. 6. Validation of MIMO equal power allocation expected capacities
for a six link topology.

The first line states the objective is to maximize the sum
commodity throughput. The first constraint defines the
throughput for each commodity as the sum of the flow over
all edges which terminate in commodity k’s terminal node
Or. The second constraint is the capacity constraint; the third
is the conservation of flow constraint.

In the following sections, we detail three case studies of
optimization over the mobility, PHY, MAC, and transport
layers described in this section. The case studies build on
each other, each one using the optimization performed in
the previous one.

5 VALIDATION OF SIMULATED RESULTS

The network models in OMAN vary in the resolution of their
abstractions and the restrictiveness of their constraints. The
benefit of these abstractions in simulation is the tractable
interpolation of resource allocation performance, often in
real time. Their cost is the potential inaccuracy of those
interpolations as predictors of real-world system perfor-
mance. For this reason, a major part of the effort in building
OMAN is validating simulation results with measured
testbed data. We briefly present two cases of validation at
the PHY layer and the MAC layer, respectively.

5.1 Multiple Input Multiple Output (MIMO)

Fig. 6 shows how MIMO communication techniques in
OMAN have been validated experimentally using software
defined radio (SDR) testbed measurements. The measured
topology consisted of a six link, point-to-point network
measured using the WARP SDR platform [10] in the
2.4 GHz band in an indoor campus building environment.
A two element array of whip antennas with an interelement
spacing of 3\ was used at every node. Each of the
transmitters allocated power equally to each of its antennas
without the use of closed-loop communication techniques
to feedback channel information. The same network
topology was simulated in OMAN. The MIMO matrix
channel in OMAN was simulated using the full correlation
channel modeling technique [11], where the correlation
matrix of each link was estimated from measured data. The
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figure shows good agreement between the measured and
simulated shannon capacity for each of the links individu-
ally and for the sum capacity of the network.

5.2 Aloha

Fig. 7 shows the throughput in packets per time slot under
slotted Aloha for three transmitters as a function of the
system contention rate (defined as Np for N = 3 users and p
the per-user contention probability). The figure shows the
theoretical throughput under the channel collision model
(error free reception iff a transmitter is the sole transmitter
in the slot), the measured throughput using the WARP
testbed when the nodes employ 64-QAM, and the simulated
throughput under OMAN when the nodes operate in the
collision channel model. This experiment validates the
OMAN implementation of Aloha as matching both theore-
tical and experimental results.

6 Case 1: RoBusT POWER CONTROL (RPC)

6.1 Overview

Allocation of physical resources (e.g., transmission power)
based on knowledge of the network state is often
complicated by the presence of uncertainty in the available
information. Therefore, when the characteristics of the
wireless propagation channel are highly dynamic or only
noisy measurements are available, OMAN represents the
uncertainty as a collection of S samples of each channel
state H;; in (1) which represent a range of values that each
channel between a transmitter and a receiver can take on.
The problem of optimally allocating resources under such
a statistical representation of the channels can be solved in
OMAN by assuming the distribution mean for each channel
state, or by using a Robust Optimization (RO) method which
seeks to quantify the dependability of the resource allocation
solution. A fundamental problem in RO is the tradeoff
between feasibility and optimality. RO may be interpreted to
be a multiobjective optimization problem with two objec-
tives: maintain feasibility and seek optimality. With this
view in mind, a Pareto front [12] can be constructed to
demonstrate the tradeoff between the two objectives. A
network designer then only provides OMAN with 1) the
requirement of sufficiently high feasibility or 2) a ceiling for
the transmission power on the network. An in-depth look at
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application of robust optimization to power control in
OMAN is done in [13].

6.2 Channel Model
The inherent sources of uncertainty in the channel are due to
the combination of reflection, diffraction, and scattering
mechanisms of electromagnetic propagation. The relative
importance of these mechanisms is a function of the
propagation environment. These three mechanisms lead to
three nearly independent phenomena: path loss, slow log-
normal shadowing, and fast multipath fading. An additional
major source of uncertainty is uncertainty in position, due
either to noise in GPS measurements or random mobility of
the nodes. We consider the latter source in this case study.

Using standard link budget analysis in wireless commu-
nication design, it is safe to approximate that an attempted
transmission is successful provided the signal-to-interfer-
ence-plus-noise ratio seen at the intended receiver exceeds
some fixed threshold (corresponding to receiver sensitivity).
We assume all receivers share a common SINR threshold
requirement of 7. The SINR measured by a receiver is
computed by (1).

The power control solution P = {P;|i € T} is feasible for a
given realization of the channels and the noise terms if

P >0, SINR;;>7, i€T,(i,j) € Ep, (5)

where 7 is the set of active transmitters.

6.3 Robust Power Control

Mulvey et al. propose the following linear program in their
1995 paper [14] as a canonical optimization problem
incorporating uncertainty. It is natural to seek power control
solutions that minimize the sum power, while also main-
taining feasibility. When channel conditions are unknown,
the transmission powers must be selected a priori. This
corresponds to making the transmission powers design
decision variables.

For a single sample of the channel state s € {1,...,S}, we
first define an indicator function F}; which is 1 if the SINR;;
constraint is violated and 0 otherwise

Fj = I(SINR;; <), (i, ) € Ep. (6)

In other words, F}; is the penalty or “failure” function for
channel (i, j). The probability that channel (3, j) is feasible
can then be computed from the set of channel samples by

I (7)
= dm 5> F
as S — oo by the law of large numbers.

As previously stated, the robust power control problem
has two objectives: 1) minimize power and 2) minimize the
probability of infeasibility

s

SD I 3 o
1

€T (i,j)eEp s= (8)
st.: P>04ieT
P < Pax,i €7,
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where w is a constant “weight” determining the importance
of feasible SINR relative to low transmission power, 7 is the
set of transmitters, and P,y is the maximum power that can
be allocated to a transmitter.

Intuitively, the cost of uncertainty is increasing in w
since large w yields robust solutions that minimize the
chance of insufficient SINR through conservative (large)
allocations of power.

The solution to (8) is a set of transmit powers which
optimize the tradeoff between the two objectives of the
problem for a given w. In order to form a set of Pareto
optimal solution, (8) is solved for a range of w values, each
solution providing a point on the Pareto front whose z-axis
is the total transmit power and the y-axis is the probability
of infeasibility. It should be noted that the optimization
problem in (8) is nonlinear due to the nonlinearity of
function F};. Therefore, the allocation of powers is not
guaranteed to be optimal, but it is guaranteed to be Pareto
efficient relative to the other computed solutions because
that is one of the requirements for it to be included in the
returned solution set.

6.4 Simulation and Results

The Pareto front formed from solving the RPC problem
allows the network designer to choose an operating point
based on the prioritization of the two objectives: transmit
power and channel feasibility. We first look at a single
mobile network where the uncertainty in the channel state
(represented by the set of samples of each channel) comes
from the changing topology due to the movement of the
nodes. We then look at the effect of considering only a
fraction of nearest interferers at each active receiver.

6.4.1 Pareto Optimal Tradeoff

The simulation setup is a mobile network of 100 nodes on a
1 km? square arena. The nodes are placed uniformly at
random. The nodes then move under a random waypoint
model [15] at a speed of 2 m/s for a duration of 1 second
during which the channel sampling process is performed.
The transmission packing procedure is performed once and
results in 10 unicast transmission-receiver pairs.

The interference set Z* in (1) is used for computing the
SINR. In other words, in this case, every active transmitter
is defined in the optimization problem as a potential source
of interference. A single simulation run for 100 nodes with a
full interference set takes approximately 1 second to execute
on a 2.4 GHz processor.

The bottom curve in Fig. 8 shows a Pareto front of
solutions produced by OMAN. Given the network topol-
ogy, this solution set provides the network designer a range
of optimal transmission power allocations. That is, attached
to each point x on the z-axis is an allocation set P = {F;|i €
T} st Y ,.r P =x. The designer can then choose one of
these solutions based on the relative value of the power
objective versus the feasibility objective.

6.4.2 Effect of Shrinking the Interference Set

In the previous section, we looked at a single network
whose topology is changing due to the mobility of the
nodes. The set of channel state samples is collected and
optimized over for that single network, producing a Pareto
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(minimizing the total transmit power). The bottom curve is returned by
OMAN when the interference neighborhood for each receiver includes
allthe active transmitters in the network. The other four curves show the
effect on the Pareto front of decreasing the interference set size.

front of solutions. In this section, we consider the effect of
k in the interference set 7 ]1‘ This set, as described in
Section 4.1, is the set of k closest interferers to active
receiver j. Fig. 8 shows the effect of decreasing k from the
maximum of 9 to 1 for the single network described in the
previous section. This plot provides an intuition that
increasing k£ has diminishing returns. This pattern is
looked at more closely in this section.

Note the distinction between the interference set Z* used
in computing SINR in the optimization process and the
interference set used to generate an estimate of probability
of infeasibility for the two plots in this section. In the latter
case, we always use k=|7|— 1. That is, for the plotted
values, every potential interferer is considered. However,
for the objective function in the optimization problem, a
more limited interference set is used.

The importance of keeping &k small and independent of
network size is twofold. First, a small constant £ signifi-
cantly reduces the complexity of the optimization problem
as the size of the SINR computation in (1) no longer depends
on the number of active transmitters, and thus is indepen-
dent of network size. Second, a constant £ removes the need
for every transmitter-receiver pair to have channel state
information from every other interfering transmitter on the
network to this pair’s receiver. Therefore, the significant
overhead of sharing this information between nodes is
removed, allowing for distributed power control ap-
proaches to make resource allocation decisions without first
gathering channel state information from the whole net-
work. The robust optimization framework we present in this
paper is solved with a centralized method; however, it can
just as well be solved with a distributed approach as in [16].

Figs. 8 and 9 show a decreasing probability of infeasibility
as k increases. This is due to the fact that when k < |7] -1,
not all interferers are considered, and thus the SINR on each
edge is overestimated. As a result, the optimization returns a
lower power than it would for k= |7| — 1.

We consider a set of networks, ranging from 100 to
500 nodes, at 10-node increments, and repeat the same
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Fig. 9. The diminishing returns of increasing the size of the interference
set beyond four closest interferers. The y-axis shows the ratio of the
probability of infeasibility to the base case of an interference set of size 1
(just the one closest interferer). The error bars designate the standard
deviation for the 4,000 simulation runs from which the plot is formed.

mobility simulation as described in the previous section.
For each network size, we generate 100 different initial
topologies. So, we run 4,000 simulations, generating for
each a set of Pareto fronts like the ones shown in Fig. 8.
From each of those sets of Pareto fronts, we compute the
ratio of probability infeasibility to the base case of a size 1
interference set. Fig. 9 shows the average of those ratios
over the 4,000 simulations. As the size of the neighborhood
set increases, the set of Pareto-optimal solutions improves,
converging on average to the best possible Pareto front at an
interference set size of 4. In other words, this empirical
result indicates that only a small number of nearest
interfering transmitters have a significant effect on the
feasibility of a channel.

7 CASE 2: SCHEDULING WITH DIRECTIONAL
ANTENNAS

7.1 Overview

Physical resource allocation, an example of which is robust
power control (see Section 6), generates a set of transmis-
sions with transmit power that satisfies a network state
objective. Extending this process over time, in order to
optimize a higher level objective (i.e., throughput, surviva-
bility, etc.), a set of transmission events are generated which
have a time component. This process is referred to as
scheduling. This is an active area of research, especially in
relation to joint optimization with other layers of the
network stack [17]. In this scenario, we consider a heuristic
approach to scheduling using directional antennas. This
case study serves as an overview of one of the scheduling
models in OMAN, in particular, centralized slotted sche-
duling. We show that the scheduling process can incorpo-
rate any PHY layer model, and as an example use
directional antennas.

7.2 Schedule Model

At the lowest level, the OMAN network model is event
based; that is, it is defined not by centralized global graph
structures but by local events. However, the optimization
engine, in most cases, operates on a higher level model of the
network which extracts “snapshots” of the network state in
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one of two ways: 1) by querying the state at fixed time
intervals or 2) by querying the state at any point that an
event changes the state. The latter model is one that is often
employed in event-based simulators, and is usually very
data intensive. Therefore, the more efficient optimization
techniques (e.g., nominal power control) are applied to this
model, and the former querying technique is used for more
complex optimization problems (e.g., robust power control).

The most commonly used event, which is relevant for the
case in this section, is the transmission event, which specifies
the transmitter, intended receivers, transmit power, the
duration, and the antenna array excitation vector at the
transmitter and receiver. In OMAN, a node can have any
number of antennas, of which there are three types:
1) omnidirectional, 2) directional, and 3) MIMO antenna
array. The first type radiates an equal amount of energy in
all directions from the transmitter. The second type is
defined by a 3D radiation pattern specified for both the
transmitter and receiver which defines the amount of gain
on the transmission signal depending on the relative
positions of the transmitter and receiver. A MIMO system
makes use of antenna arrays at both the transmitter and the
receiver. OMAN models MIMO matrix channels using the
full correlation channel modeling technique [11] which
encapsulates transmit and receive array radiation patterns
and channel spatial characteristics.

The set of transmission events form a schedule which
when queried can be represented as a sequence of physical
graphs as described in Sections 3.3 and 6. The optimization
engine is used on each individual graph for optimal
physical resource allocation. In this case, we consider the
minimization of power as an objective; therefore, the
nominal power control problem is solved for each physical
graph. The result is a set of minimum-power transmissions
which satisfy the feasibility requirements of the channel. In
this scenario, channel feasibility is defined by a minimum
SINR threshold defined at every node which serves as a
receiver for a nonzero duration during the schedule.

7.3 Directional Antenna Model

In this case study of scheduling, we describe an extension to
the omnidirectional antenna model described in Section 4.1.
We consider a smart array model, where an antenna can
alter its radiation pattern in time. Each achievable and
applicable radiation pattern we refer to as a mode. The
general 3D radiation pattern is a continuous function
parameterized by two variables that specify direction.
However, for this case study, we assume a bilevel
abstraction of the more general radiation pattern defined
by the direction of the beam ¢ and the beam’s width w. The
radiation pattern, therefore, is a step function

R(e)_{RH, if |¢>—9\g% ©)

Ry, otherwise,

where Ry and R; are the high and low field-strength,
respectively, of the single lobe radiation pattern. A diagram
of this bilevel model is shown in Fig. 10a.

The justification for using the simple bilevel model in this
case study, as opposed to a more realistic one based on
measured data as shown in Fig. 10b, is not implementation
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(a) An example diagram for the bi-
level model of the channel between
node i (left) and j (right). In this case,
the transmitter gain and receiver gain
are both Ry, since 0;; and 6;; are out-
side the Ry lobes of their respective
radiation patterns.

(b) Comparison of a mea-
sured azimuth radiation pat-
tern for a leaky wave antenna
[18] with a conservative bi-
level abstraction of that pat-
tern.

Fig. 10. Radiation pattern of the bilevel antenna model and the leaky
wave antenna measured data.

related. OMAN provides a large portfolio of realistic antenna
models. The reason for using the bilevel model here is that it
provides for a clean parametrized gradient from a pattern
that causes no interference on the rest of the network to one
that causes as much interference as the omnidirectional
antenna. This is discussed further in Section 7.5.

The set of graphs Gp, as described in Section 4.1, that
define the schedule, thus also define the radiation pattern
for each antenna. The SINR on each channel of the physical
graph, as given in (1), can be extended to include the
transmitter and receiver radiation patterns

P,H;; R (0:5) R: (651)

SINR?, = g ,
T Yert P Ho R (0:5) R (050) + 1)

(10)

where R} () is the radiation pattern of node ¢ in time slot z
in the direction of §. 6;; is the direction of the vector from
node i to node j. In other words, for the channel (i,j),
R(0;) is the transmitter radiation pattern, and R:(6;;) is the
receiver radiation pattern. The algorithm for choosing
which mode is best for a particular channel is described
in the next section.

For this case study, we assume that the antenna can
choose the direction ¢ of the beam defined in (9). The
INITIALIZERADIATIONPATTERNS heuristic procedure of
Algorithm 1 determines ¢!, for each of the M; modes on
node i by pointing the first beam to the farthest receiver, the
second beam to the second farthest receiver, etc. A “mode”
is a unique direction for the peak of the radiation pattern. In
this case, distance serves as a heuristic estimate for the
quality of the channel. Thus, the channels which may
require the largest transmit power to achieve a reasonable
SINR are assigned with the unidirectional radiation pattern
that limits the fraction of the arena to which this transmis-
sion causes interference.

Algorithm 1. PACKTRANSMISSIONS(G¢, H,M, ) where
G is the desired connectivity graph, H is the channel state
for all possible edges in the network, and M is the vector
specifying the number of antenna modes available at each
node, and 7 is the vector of minimum SINR requirements
on each node.
Require: G¢ = (Ve, E¢), H = (H;j,4,5 € Vo),

M = (M;,i € Ve),v = (vi,i € Vo)
Ensure: Gp = {Gh,G%,...}, U, E» = E¢, |Gp| < |E¢]|
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: INITIALIZERADIATIONPATTERNS(G¢, M)
: W < ORDERING(E()
S<=0
1<=1
: while W # 0 do
Glp <~ (Vc, @)
for all e € (W, S) do
if POWERCONTROL(G% U e, H, ) then
Ghr <= GhUe
if e € W then
W < ORDERING(W \ e)
S <= ORDERING(S Ue)
end if
end if
15: end for
16: 1<=1+1
17: end while
The radiation pattern R;(6) as used in (10) to compute
SINR;; is determined by choosing the antenna mode with
the highest field strength in the direction of 6.

— e e e
PN 20N TN

—
>

7.4 Connectivity-Based Transmission Packing

A commonly used heuristic approach for scheduling in
OMAN is slotted random transmission packing, as detailed
in Algorithm 1. This algorithm is an extension of the
elementary capacity graph packing procedure in [8]. The
approach is top down, in that it first requires the designer to
provide a connectivity objective, specified by a directed
graph G¢ = (Ve, Ec). The edges of this graph specify the
channels for which the scheduling procedure should
allocate resources.

The other inputs to the PACKTRANSMISSIONS algorithm
are H which defines the channel state of every possible
edge in the graph, and « which is the vector of minimum
SINR requirements on each node. The PACKTRANSMIS-
SIONS procedure computes the set of concurrent transmis-
sions, organized into time slots, until every channel
represented as an edge in G¢ is scheduled. The high-level
steps in this packing method are

1. Input. Construct a connectivity graph G¢ which
specifies the desired channels of communication on
the network. This graph serves as one of the inputs
to the algorithm.

2. Line 1. Initialize the radiation patterns of each of the
antenna modes based on the topology of graph G¢
as described in Section 7.3.

3. Line 2. Generate an ordered queue W (for Waiting) of
candidate transmissions that when combined to-
gether form the connectivity graph in step 1.

4. While-Loop. Pack concurrent transmissions selected
in-order from the candidate queue W to form a
feasible physical graph. Feasibility is determined by
the Boolean function POWERCONTROL, described
below. A second queue S (for Satisfied) of pre-
viously scheduled transmissions is then also iterated
for packing.

5. End of For-Loop. Move the transmissions packed in
step 3 to the second queue and if the candidate
queue is still not empty, repeat step 4.
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(a) Connectivity graph G¢ that is one of the inputs to
Algorithm 1. It defines the link topology of the capacity
graph that the set of multiplexed schedules returned by
this algorithm will form.

(b) Visualization of the transmissions events comprising one round of scheduling.
There are three antenna modes on each node. The numbers in the boxes designate
the index of the receiving node, and the numbers on the left-hand side designate
the transmitter associated with all the transmissions in its respective row.

Fig. 11. The visualization of the input and output of Algorithm 1. The 19 slots of the schedule shown on the right, when multiplexed together, form the

capacitated connectivity graph on the left.

The POWERCONTROL(Gp, H, v) function returns “true”
if a predefined PHY-layer optimization problem has a
feasible solution. The input to this function is the graph Gp
which defines the set of desired concurrent transmissions,
the channel states H, and minimum SINR requirements .
This optimization problem needs to reflect the interference
model of the network, and the relationship between transmit
power, quality of desired channel, and the magnitude of
interference seen at each receiver. A simple example of this
is requiring that the distance between every active receiver
and its closest interfering transmitter is greater than some
radius. When channel information is known only through a
set of samples, an extension of the RPC framework in (8)
could be used with a constraint on the probability of
feasibility on each channel. For this case study, we use the
nominal power control constraint on the SINR as given by
(5). That is, an edge e € W U S is added to G% inside the for-
loop at line 9, if an allocation of transmit powers could be
found that can support an SINR;; above the threshold v; on
all the packed edges (i, j) in the physical graph.

When finished, algorithm PACKTRANSMISSIONS returns
a set of physical graphs. They are then multiplexed as
described in Section 3 so that the resulting schedule forms a
capacitated graph where each edge is the sum of capacities
on its respective transmission channel in the time slots
where that channel is active. For this scenario, we use
Shannon capacity as shown in (2).

For each schedule slot, this procedure seeks to pack in as
many concurrent transmissions as possible without violat-
ing the minimum SINR requirement on each packed edge.
The packing of every transmission increases the interfer-
ence on the network and thus decreases the SINR for every
edge already in the physical graph. The order in which the
transmissions are packed, therefore, affects both the
capacity of each graph and the total number of slots
required to guarantee every edge in K¢ a corresponding
time to transmit in the schedule. The ORDERING function is
a heuristic that performs this task. In this case study, we
order the candidate transmissions randomly. Examples of

other heuristics which provide consistently better solutions
include ordering based on edge length (both ascending and
descending).

This scheduling framework, as well as most combinatorial
scheduling problems, is NP-Hard [19]. The heuristic ap-
proach we propose has a running time of O(| E¢ *). Each step
inside the while loop iterates through all the | E¢| edges in the
two queues. In the worst case, the length of the schedule is
|Ec|. Thus, the complexity of this packing algorithm is
O(|Ec|?). The bottle neck operation, performed for each
candidate physical graph, is the linear program POWER-
CONTROL. It is shown to be a linear program by Wu et al. [8],
and thus has a strongly polynomial time solution [20]. In
OMAN, the COIN-OR LP code [21], which implements the
Simplex method, is used to solve this linear program.

Fig. 11 shows an example of the transmission events that
form the full schedule required to produce the link topology
of the input graph G¢ in the capacitated graph that is formed
by multiplexing the schedule output by the PACKTRANS-
MISSIONS algorithm. For this scenario, we use a Delaunay
triangulation [22] as the link topology of graph G¢. A
number of connectivity graph generation methods are
implemented in OMAN including minimum spanning tree
[23], k-closest neighbors [24], approximation algorithms for
k-node and k-edge connected graphs [25], along with several
distributed heuristic methods for k-connectivity [26].

7.5 Simulation and Results

Directional antennas provide a distinct advantage over
antennas with omnidirectional transmission and reception
radiation patterns in that their negative interference effect
on the whole network is negligible except for nodes in the
vicinity of the intended receiver. In this section, we use the
bilevel abstraction to parametrize two characteristics of a
radiation pattern which significantly contribute to the
limited network-wide interference it provides. The first
parameter is w, the width of the main lobe, and the second
parameter is R;, the gain of the side lobe. As we increase w
from 0 to 360 degrees and Ry, from 0 to Ry, the radiation
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pattern changes from one that causes very little interference
on the rest of the network to one that causes as much
interference as an omnidirectional antenna.

The measure of delay in this scenario is the number of
schedule slots |Gp| required to allocate a feasible set of
transmissions which form a Delaunay triangulation graph.
The sum-rate capacity is computed by summing over the
Shannon capacity (see (3)) on each edge of the multiplexed
capacitated graph Gp

|Gp|

ClGr) = |GP|Z Z ii(G7)-

A network of 20 nodes is randomly distributed in a
square arena of 1km’. The range of possible transmit
powers on each node is from 0 to 0.5 watts. The minimum
SINR requirement on each node is 5. Each step in the
simulation process performs the random-packing schedul-
ing procedure in Algorithm 1 with Delaunay triangulation
as the G¢ input.

The default values for the two variables are w = 42° and
R; = 0.316 with Ry = 1. These are the characteristics of the
conservative bilevel abstraction of the measured radiation
pattern in Fig. 10b. The simulation process is repeated
500 times for each value of the w or R; parameters, while
the other one is kept at the default value. The average sum-
rate capacity of those 500 runs is divided by the delay to
produce a single data point in Fig. 12.

The ability to pack concurrent transmissions associated
with a directional radiation pattern into a single time slot
reduces the delay of the scheduling round. An important
distinction to note is that in this case study capacity is only a
metric and not an explicit objective. The packing of each
addition transmissions in a schedule slot increases the
interference on the network and thus decreases sum-rate
capacity. Also, the power we use to compute the capacity
metric is the minimum power required to satisfy the SINR
on all the active channels in Gp. Capacity could instead be
made an objective in the POWERCONTROL function.

(11)

8 CASE 3: MOTION PLANNING FOR CONNECTIVITY
AND THROUGHPUT

8.1 Overview

Traditionally, the problem of planning movement is solved
based on the physical characteristics of the field of
operation or on the strategic waypoint requirements of the
mission goal set. After a set of movement plans are chosen
by the mobile agents, the network design process begins by
allocating communication resources based on the position
constraints defined by the chosen movement plans. We
consider bridging the gap between the path planning
problem and optimal network resource allocation, by
allowing a fraction of the nodes to form a feedback loop
in which a node is able to adjust its movement plan based
on some measure of communication quality on the network
state. These nodes form the support backbone of the
network. They are unconstrained by any strategic waypoint
requirements, but instead are exclusively tasked with
moving according to kinematic constraints in such a way
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Fig. 12. Decrease in sum-rate capacity with an increase in side-lobe gain
and main beam width. The results are averaged over 500 networks of
20 nodes. The default values for side-lobe gain and main lobe width
used when the other value is being varied are computed from the
measured radiation pattern shown in Fig. 10b. Error bars indicate the
standard deviation estimate.

as to maximize network performance. The presence of such
nodes may be essential when connectivity, survivability, or
high-bandwidth throughput on the network is of great
importance, or when conditions of the communication
channel are poor and could be improved by an adjustment
in the topology of the network. The emergence of
unmanned aerial and ground vehicles as a real possibility
in field [27] allows for this form of automated communica-
tion support planning to be a feasible solution for scenarios
that otherwise would suffer from costly communication
blackouts. The authors have proposed methods for various
forms of this problem in [28], [29], [30] which include fixed-
path planning, cooperative planning, and an ant colony
optimization approach under incomplete knowledge of the
environment, respectively.

Related problems such as formation control [31] and
facility location [32] have received considerable attention.
Both of these problems seek approaches which do not
consider either the dynamic nature of a MANET topology
or do not allow for an arbitrary communication objective
over which to optimize movement. The novel aspect of this
work that we seek to emphasize with this case study is that
we define the node’s position and velocity as just a small
subset of decision variables involved in the cross-layer
network design process. This allows us to jointly optimize

1. end-to-end throughput via routing,

2. capacity and delay via scheduling,

3. network lifetime via power control, and

4. topology via path planning.
In other words, the mobility control framework we present
is significantly more complex, and realistic, in its model of
communication than similar recent work in network-aware
movement planning [33].

8.2 Method

The key parameter for this design framework is the number
of nodes with path planning capability. The nodes which
are assigned this feature, referred to in this section as
“intelligent nodes,” are assumed to also have the ability to
acquire information about movement plans of other nodes
in the network. This information can have high degrees of
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uncertainty, but it nevertheless must be present for the
planning algorithms to attain improvement in global net-
work performance.

The high-level planning process involves three steps:

1. Generate. Compute movement options under kine-
matic constraints.

2. Evaluate. Compute (potentially multiple) global
measurements of performance of each option.

3. Execute. Aggregate utility valuations to determine
and execute the locally optimal option.

Movement options are generated randomly. In this case
study, we look at the approach when the options are at a
normally distributed distance from the current position of
the intelligent node. The position must be in an area that is
1) traversable by the node, 2) not blocked off by a wall of
obstacles, and 3) reachable by the node given its kinematic
constraints (e.g., how fast it can move and how quickly it
can turn). Once a single movement option is generated, a
path to that position is computed assuming a point
geometry in a space filled with simple polygons. This is
computed using the algorithm given by Kapoor et al. [34].

A “movement option” is described as a tuple of position
(in space) and time (when the position is to be reached). The
feasibility of this option is ensured by considering the
maximum velocity of the intelligent node and the physical
characteristics of the planning space. A “network state” (or
simply “state”) of this option is the position of all the nodes
in the network at the time of the option.

Step 2 of the planning process is the evaluation of each
movement option based on a set of metrics. The metrics are
computed on an instance of a FlowGraph class introduced
in Section 3.3. The construction of a capacitated graph is
performed by the packing procedure in Algorithm 1. The
connectivity graph G¢ provided as input for this is one
where (i, j) € Ge if djj < R=1,/Alogn/n, where A is the
area of the arena and n is the number of nodes. This
distance threshold heuristic is based on the asymptotic
connectivity radius from [35]. The throughput on this graph
is computed by solving multicommodity max flow problem
(4) over graph Gp.

8.3 Simulation and Results

The movement planning scheme in OMAN seeks to
optimize an arbitrary objective function which evaluates
the desirability of a network topology where the control
variables are the positions of the nodes with path planning
capability. The only constraint on the nodes is that they
move through free space and within their kinematic
capabilities. Therefore, any evaluation function can be
provided to the planning system, and it would optimize
movement of the intelligent nodes based on that function.

We demonstrate the improvement in network perfor-
mance that can be achieved in specific cases by presenting
two simulation examples. In the first example, only nodes
with path planning capability are moving. This limited case
is considered for purposes of visualization, to demonstrate
the evolution of the network topology caused by the
planning process. In the first example, an initial clustered
topology is used.
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(a) 6 connected components (b) 1 connected component
(at 0 seconds) (at 4 seconds)

Fig. 13. Clustered 50-node topology example of path planning to
minimize the number of connected components. Thirty percent of the
nodes (marked red) have planning capability. The other nodes are not
moving. The images show the evolution of the network topology toward
an optimal solution.

The second simulation example seeks to demonstrate the
network performance achievable in the general mobility
case where all nonplanning nodes are moving according to
the random-waypoint movement model [36]. Four different
objective functions are used to determine the improvement
attainable through planning as the number of intelligent
nodes increases.

The maximum velocity of nodes is chosen for these
experiments such that R meters can be traveled by a mobile
node in 1 second. Therefore, 1 second in those two plots has
the interpretation as the time it takes to travel sufficiently
far to almost certainly have some effect on the connectivity
of the network.

8.3.1 First Scenario: Connected Components

The first simulation scenario is of a 50 node clustered
topology shown in Fig. 13a. Fifteen nodes are randomly
assigned with the path planning capability. In Fig. 13, these
nodes are indicated with red. The SNR requirement for
feasible channels is chosen conservatively such that nodes
need to be relatively near each other to be within range of
effective communication. In the figures, the lines between
nodes indicate feasible communication channels. The
number of connected components is then measured on
the flow graph F formed based on these edges. Fig. 13b
shows that in 4 seconds, 15 planning nodes are able to fully
reconnect the network.

8.3.2 Second Scenario: Cross-Layer Objectives

The second simulation scenario is of 100 nodes moving
under the random waypoint model at maximum velocity.
The parameter of interest is the fraction of nodes which are
assigned path planning capability. For each value of this
parameter, we run the simulation for 10,000 seconds in
simulation time, averaging the evaluation of the network
state at 0.1 second intervals. Since the nonplanning nodes are
constantly moving, there is no convergence in network
performance as seen in the previous two sections when those
nodes were not moving. Each simulation step of the 100,000
per run for 100 nodes, 0.4 fraction of nodes with planning
capability, with the objective to maximize throughput took
from 0.05 to 0.2 seconds to compute on a 2.4 GHz processor.
This represents the parameters for the most computationally
intensive simulation step in this scenario.



1190
1.2 T T T T
Link Density —&
Connected Components
3 Capacity ---o---
S 1k Throughput e
13
S /
£
ko
a
{ 08 - . -
o
2 /
2
£ 0.6 &
-— ,, d
f= L
5
s / ¢
2
<} 0.4 .
£ e
& 02 = .
3 e i
o e @
] e A
0 R PR e I
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Fraction of Nodes with Path Planning Capability

Fig. 14. The increase of improvement attained from movement planning
as related to the density of intelligent nodes.

We consider four metrics in this simulation scenario:

e  Link density. The number of feasible edges in the flow

graph Gp.

o  Connected components. The number of strongly con-

nected components in the flow graph Gr.

e  Capacity. The sum-rate capacity on the flow graph as

computed by (11).
o  Throughput. The maximum achievable throughput
on G as computed by (4).

The first two are from the category of connectivity
metrics, while the latter two are from the category of data
capacity metrics. The throughput is computed by choosing
one source node ¢ and sink node j on the flow graph such
that ¢ and j are the two nodes farthest away from each other
while residing in the same connected component.

Fig. 14 shows the relative improvement in network
performance as the fraction of intelligent nodes in the
scenario increases. Improvement is measured as the differ-
ence between the current performance and the base
performance divided by the base performance. The base
performance is the average utility of the network state when
none of the nodes have path planning capability. Therefore,
when 2 = 0 in the figure, improvement also equals zero.

As expected, improvement in network performance
increases as the number of nodes with planning capability
increases. One interesting observation from these results is
that greater improvement is generally achievable in the
throughput than in the capacity of the network, because
movement planning is generally effective at load balancing
and removing flow bottlenecks in the network.

9 CONCLUSION

We detail three representative case studies of network
design which showcase the tradeoffs and optimization
approaches implemented in the OMAN library. The first
case covers a method for finding a robust power allocation
which solves the biobjective power control problem.
The second case builds on the PHY layer framework of
the first case, and solves the scheduling problem with the
addition of unidirectional radiation patterns. The third
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case builds on the first two and optimizes the throughput
of the network by treating the movement of some of the
nodes as decision variables. These cases serve as examples
of using OMAN to study cross-layer optimization pro-
blems in network design.
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