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The concept of using a mobile gateway vehicle to improve the connectivity of a network
of underwater vehicles is investigated. A communications architecture is used to develop
a simulation of a fleet of autonomous underwater vehicles patrolling an area of interest. A
mobile gateway surface vehicle is added to the configuration and is commanded to move
in an optimal manner so its location improves the connectivity of the underwater vehicle
network. The simulation framework is tested on various underwater vehicle configurations
in order to show the difference in the connectivity of the network with and without the
gateway surface vehicle. The results of this study show that including a mobile gateway
significantly improves the connectivity of the underwater vehicle network.

Nomenclature

pi = position of agent Ai in three-dimensional Euclidean space
α = radius of communications limit
∆i/k = distance between agents i and k

λ = one time interval
θ = vehicle heading
A0 = denotes the gateway vehicle
Ai = Agent i

Cmax = maximum number of connections in a network
Jf = final time step
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NC = connectivity number
NP = propagation number
u = vehicle maximum turn rate
v = vehicle velocity
Wi = optimization weight associated with agent i

x = longitudinal position expressed in UTM coordinates
y = latitudinal position expressed in UTM coordinates

I. Introduction

In recent years the problem of autonomous control of underwater vehicles has been of great in-
terest. Applications for underwater vehicle autonomy include ocean floor mapping, mine sweep-
ing, and area patrolling. Such tasks are usually accomplished through coordinated control of
cooperating vehicles, making it necessary to incorporate communications and connectivity con-
straints to the motion of each vehicle in the network. Previous research on improving underwater
vehicle network connectivity has focused on restricting the motion of the underwater vehicles so
that each vehicle is required to stay within communications range of one another.1–6 Ref. 3 relied
on maintaining vehicle distances and line-of-sight restrictions, while Ref. 5 devised a plan to im-
prove connectivity in a network by a method of reactive behavior coupled with planning. Ref. 6
devised a reactive control strategy in which the controller is a weighted sum of two goals: the first
term guides each robot to its goal position and the second term maintains the constraints that need
to be satisfied to maintain network connectivity. These algorithms, however, often prove to be too
restrictive as vehicles have to choose between performing mission requirements and maintain-
ing connectivity.4 As opposed to restricting the motion of the underwater vehicles, in this paper
we improve the connectivity of an underwater vehicle network by introducing an Autonomous
Surface Vehicle (ASV) into the network to act as a mobile gateway. The motion of the ASV is com-
manded in an optimal manner by solving a nonlinear optimal control problem using a real-time
software implementation of the Gauss Pseudospectral Method.7–10

Traditionally, path planning in autonomous systems has been achieved through the use of
search algorithms such as A*.11 More recently, Ref. 12 proposed a modified fast marching algo-
rithm FM* which provides a continuous path when it is implemented in a discrete representation
of the environment. FM* allowed the curvature of the final path to be constrained, which enabled
the turning radius of the robot in use to be taken into account. Ref. 13 presented an interpolation-
based planning and re-planning algorithm called Field D* in which the cost could be calculated
for arbitrary positions within the grid and was not constrained to a small set of possible headings.
Ref. 14 uses a method of sequential quadratic programming to perform path planning with obsta-
cle avoidance where the obstacles are posed as constraints in the search space. Genetic algorithms
have also been used toward motion planning of underwater vehicles, though desired fitness levels
are not always attained.15, 16

Cooperative networks of autonomous vehicles base behavioral or autonomous decisions on in-
formation gathered about the environment as well as about the rest of the network. Environmental
information can typically be sensed by each vehicle, however information about the network must
be passed from vehicle to vehicle. The network of Autonomous Underwater Vehicles (AUVs) con-
sidered in this paper is designed so that each vehicle patrols a particular zone of a patrol area and
transmits a “status” message at a prescribed time step. The status message broadcast by each ve-
hicle in the network contains situational information about that particular vehicle, as well as about
the network in general. It is thus imperative that all vehicles stay connected through communica-
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tions with other vehicles, so that the network stays cohesive. The mobile gateway is a surface ship
that relays status messages between vehicles that are conceivably out of communications range.

The contributions of this paper are as follows: (1) application of an integrated communications
framework and guidance to control the motion of a network of AUVs patrolling a region of inter-
est; (2) implementation of behavioral controllers on AUVs to execute a mission requirement; and
(3) a real-time implementation of a pseudospectral method to generate a guidance command for a
surface vehicle, optimizing its motion to remain within communication range of the network and
thereby improving the connectivity of the AUV network.

II. Problem Formulation

Consider a network of n cooperating AUVs patrolling an area of interest. We define each AUV
in the network as an agent, denoting by pi(tj) the position of agent Ai in three-dimensional Eu-
clidean space, E

3, at time step tj . The network is dynamic in size and reconfigurable, where agents
are continuously leaving or joining the mission according to their energy state. Each agent is in-
dependently controlled through the built-in behaviors waypoint and loiter, with capabilities also
including retask and refuel, necessary to fulfill the mission requirements. All agents communicate
through a status message which relays situational information about each particular agent as well
as the network in general.

Each agent broadcasts its current estimated position pi(tj) as latitude and longitude expressed
in decimal degrees. Internally, this position is converted into a northing and easting coordinate
pair of the Universal Transverse Mercator (UTM) coordinate system. The UTM coordinate system
is a grid-based method of representing positions on the earth by breaking it up into a series of sixty
zones, and approximating a flat earth inside each zone. Using this method, we define ∆i/k(tj) as
the distance between agents i and k at time step tj

∆i/k(tj) =
√

(xutm
i (tj) − xutm

k (tj))2 + (yutm
i (tj) − yutm

k (tj))2 (1)

As a starting point, we assume a purely distance-based model for the underwater modem com-
munications signal strength. Underwater modems can have a large connectivity range, depending
on water depth, quality, and communications bandwidth requirements. For our simulations we
have assumed a binary connectivity model which decays to zero at a distance of α = 750 me-
ters. Using this model for the strength of the modem communication signal, we then define the
network’s connectivity as the number of included agents throughout the simulation normalized by
the number of available connections in the network. An agent is said to be included if it is within
communications range of at least one of its adjacent neighbors at time step tj . The connectivity
number NC is then defined as

NC ≡

n
∑

i=1

n
∑

k=1

bool(Ai ↔ Ak)

n(n − 1)
(2)

where n is the number of active agents in the network, and bool(Ai ↔ Ak) is the Boolean operation
which defines the inclusion of agent i with respect to agent k, as defined in Table 1.

As important as the concept of connectivity in a network is the concept of information prop-
agation. Each agent in the network carries situational information about not only itself but also
about all other agents in the network. Information propagation is thus an important concept
which relates how information heard by one agent will be made available to other agents through
secondary connections. We then define a propagation number NP which is an average of the sum of
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Table 1: Condition for Boolean operation Ai ↔ Ak.

Ai ↔ Ak Condition

0 i = k or

∆i/k(tj) > 750

1 i 6= k and

∆i/k(tj) ≤ 750

included agents and secondary connections in the network throughout the simulation.

NP ≡

NC +
n
∑

i=1

n
∑

k=1

bool(Ai ⇔ Akp)

n(n − 1)
p = 1, . . . , n, p 6= i, p 6= k

(3)

Where bool(Ai ⇔ Akp) is the Boolean operation defining the existence of secondary connections
between agents i and p, as seen in Table 2. The connectivity number and the propagation number
give us distinct and important information about the cohesiveness of the network. The connec-
tivity number gives an average of how connected the network is at each time step, whereas the
propagation number gives an overall look at how cohesive the network is throughout the entire
simulation.

Table 2: Condition for Boolean operation Ai ⇔ Akp.

Ai ⇔ Akp Condition

0 bool(Ai ↔ Ak) = 0

1 bool(Ai ↔ Ak) = 1 and

∆k/p(tj) ≤ 750

Fig. 1 gives a graphical representation of the mission for this simulation scenario. The area to
be patrolled can be broken down into concentric rings, or tiers, encircling an area of interest. The
tiers are deemed to be more important the closer they are to the center of the ring. Each tier is also
subdivided into zones, where the number of zones increases in number according to the size of the
tier’s surface area. A tasking behavior assigns each agent in the simulation a tier and a position at
initialization; this position will be the vehicle’s patrol zone i and will define that agent’s task until
further reconfiguration is needed due to the addition or removal of agents for refueling purposes.

Each agent patrols their respective zone using a waypoint behavior, in which the waypoints are
set up in a “figure eight” pattern. Time is discretized into intervals, where an interval λ = tj+1− tj
is defined as the time necessary for an individual agent to go from waypoint j to waypoint j+1.
The waypoints are distributed inside each patrol zone in such a way as to make each time interval
uniformly λ = 150 seconds.

All agents in the network communicate through an underwater modem on the same frequency
channel using a Time Division Multiple Access (TDMA) scheme, in which they each send out
their status message sequentially. This scheme prevents communications overruns ensuring all
the communications are “heard” throughout the network. Each vehicle broadcasts their message
once before reaching a waypoint and once after leaving a waypoint, that is at the beginning and
end of each time interval. The status messages broadcast throughout the network are essential to

4 of 20

American Institute of Aeronautics and Astronautics



protected area

gateway surface ship

tier 3tier 2tier 1

Figure 1: Graphical representation of the simulation scenario; The area of interest is divided into
tiers and zones. Each vehicle is assigned a patrol zone at initialization. These zones are reconfig-
ured as vehicles join or leave the network.

the mission completion; the behaviors built into each agent use the information acquired through
these status messages to make behavioral decisions during the mission. Table 3 describes each
field in the status message and gives the number of bits each field is allotted.

We focus our attention to one quarter of the patrolled circumference, assuming symmetry to
the remaining areas. Assuming three surrounding tiers, the patrolled area is broken down into six
distinct zones, each patrolled by an agent, giving a maximum number of six patrolling agents. As
agents must leave their patrol zones to refuel, it becomes necessary to reconfigure the patrolling
zones to account for the decreased number of agents. Fig. 2 shows how this reconfiguration is
done as vehicles leave or re-enter the network. It can be seen from the reconfiguration diagram
that the minimum number of agents to patrol the area is three. If any agents need to refuel while
in this minimum configuration, it will have to wait for another agent to return before leaving. This
effort can be coordinated between the agents through communications of power resources in their
respective status messages along with the refuel and retask behaviors.

Six Vehicles Con�guration Five Vehicles Con�guration Four Vehicles Con�guration Three Vehicles Con�guration
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   zone 2             zone 3
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Figure 2: Patrol zones reconfiguration as vehicles must leave to refuel.

A. Mobile Gateway

We aim to improve the connectivity of the network by the introduction of a mobile gateway. The
main purpose of the gateway vehicle is to relay status messages between vehicles that are con-
ceivably out of communications range. It does so by performing a real-time optimization of the
network connectivity, positioning itself to maximize transmissions. We implement the mobile
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Table 3: Status message format and field sizes.

Field No. of Bits Notes

Message ID 4 1 for status message, 2 for other

Platform ID 5 Vehicle Identification No.

Destination ID 5 0 for network broadcast

Timestamp 32 In UTC seconds

Latitude 23 Current latitude in decimal degrees

Longitude 24 Current longitude in decimal degrees

Depth 10 Current depth in meters

Heading 11 Current heading in degrees (North = 0◦)

Speed 8 Current speed in m/s

Power 10 Current vehicle energy status

Ocean Current 23 Vector indicating ocean current, if available

Current Task 4 Current vehicle patrol zone

Current Plan 4 Current network tasking plan/ No. of patrol vehicles

Next Latitude 23 Next waypoint latitude in decimal degrees

Next Longitude 24 Next waypoint longitude in decimal degrees

Vehicle 1 Status 4 Integer number of time steps since last communication with A1

Vehicle 2 Status 4 Integer number of time steps since last communication with A2

Vehicle 3 Status 4 Integer number of time steps since last communication with A3

Vehicle 4 Status 4 Integer number of time steps since last communication with A4

Vehicle 5 Status 4 Integer number of time steps since last communication with A5

Vehicle 6 Status 4 Integer number of time steps since last communication with A6

Bit Sum 234 30 bytes
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gateway as an ASV, acting as agent A0 , and having no restrictions on its motion in R
2. We assume

a maximum speed for the gateway of twice that of the underwater agents, such that it may span
the entire patrol area and is not confined to a zone.

The mobile gateway autonomous controller is a process implemented in MATLAB. There are
two major components that drive the mobile gateway. The solution to an optimization problem
acts as the vehicle’s guidance at each time step, while a behavior-based controller controls the
vehicle. The controller makes decisions based on information received from the AUVs through
each status message. As can be seen in Fig. 3, the guidance algorithm is run from a loop that is
closed at each prescribed time step.

Controller Vehicle Dynamics

GPM Guidance

+

_ +

Figure 3: Block diagram representation of Mobile Gateway System.

The gateway solves a guidance optimization problem at each time step that can be described
as follows. Minimize the cost functional

J = −

n
∑

i=1

Wi arctan(α − ∆0/i) (4)

Subject to the dynamic constraints of the vehicle. We assume a fully actuated kinematic model for
the gateway

ẋ = v cos(θ)

ẏ = v sin(θ)

−u ≤ θ̇ ≤ u

(5)

and subject to the constraint tf ≤ λ. Wi is an optimization weight associated with agent i, α is
the communications range parameter, ∆0/i is the UTM distance between the gateway and agent i,
x and y are the longitudinal and latitudinal coordinates of the position of the gateway expressed
in UTM coordinates, v is the velocity of the vehicle, θ is the heading of the vehicle, and u is the
maximum turn rate of the vehicle. The constants α and v, together with the desired time interval
λ, are set in a configuration file that is read at startup.

In order for the optimizer to maximize communications at each time step, it must choose the
necessary information from the status message of each AUV. Most importantly, the gateway must
know where each AUV will be at the beginning of the next time step so it has time to position
itself optimally for the beginning of the next transmission. Also important in the status message
are the current plan that the network is performing, which indicates how many agents are on task,
and the current task each vehicle is performing, which indicates what zone that particular vehicle
is patrolling.

The cost function for the optimization given in Eq. (4) was developed with the intention to
allow the optimizer to pick the solution that keeps the maximum number of AUVs inside the
gateways communications range. Fig. 4 is a plot of our cost function for one vehicle, J1, as a
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function of the parameter ∆0/i for the case when α = 750 m. It can be seen from this plot that
the cost function sharply crosses the x-axis at the point where modem communications cease. In
order for the cost to be maximized the vehicles must therefore be within range.

Each vehicle in the network is also assigned a weight Wi described by Eq. 6, which is de-
pendent on how many time steps have elapsed since that particular vehicle has last successfully
communicated its status message.

Wi =
TimeStamp(tj) − TimeStamp(tj−1)

λ
(6)

This weight will tilt the optimization such that it will favor being closer to vehicles that have been
out of communications range the longest.

0 500 1000 1500

−2

−1.5

−1

−0.5

0

0.5

1

1.5

2

gateway

 

/AUVi (m)

J
1

∆

Figure 4: Cost Function J as a function of distance for a vehicle (n=1) with unity weight and a
communications range parameter of α = 750m. It can be seen that the function sharply crosses
the x-axis at the point where communications cease.

Table 4: Latitudinal and longitudinal positions for all agents in test case scenarios. Positions were
chosen in a non-trivial arrangement such that it is impossible for the gateway vehicle to maintain
all agents within communications range.

Agent 0 Agent 1 Agent 2 Agent 3 Agent 4 Agent 5

x Position (m) 750 50 1,450 1,450 750 50

y Position (m) 50 50 50 850 850 850

In order to evaluate our optimizer performance, we run a series of test cases with n = 6 agents,
five underwater vehicles and the gateway vehicle, at a time step t1 of length λ = 150 s and a
communications range parameter of α = 750 m. We place the underwater agents in a non-trivial
arrangement such that it is impossible to maintain all agents within communications range of the
gateway vehicle. Table 4 describes the x and y locations of each agent. The initial position of the
gateway vehicle is denoted by a “∗,” and its overall path during the time interval is shown as
the blue line, ending with a triangle marker. Each agent is denoted as a circle if it is within the
gateway’s communications range, and an x if it is outside the gateway’s communications range
at the end of the time step. We first examine the case where all five underwater vehicles carry
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the same weight Wi = 1 and notice that the gateway attempts to position itself in the middle
of the five underwater agents, thus ensuring communications with a maximum possible number
of underwater agents, a desirable result. We then increase the weight of agent A1, which was
out of communications in the previous case, to W1 = 2. With this change, we see the gateway
moves closer to this agent, giving it communications preference due to its greater weight. Finally,
we change the weight of A2 such that W2 = 3 and again notice the desired performance as the
gateway aims to maintain the network connectivity of the two vehicles with the greatest weight.
Fig. 5 shows the test cases results.
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Figure 5: Test Cases showing performance of mobile gateway’s optimizing function. The gateway
vehicle’s initial location is denoted by an asterisk, and its overall path during the time interval is
shown as the blue line, ending in a triangle marker. Each agent is denoted as a circle if it is within
the gateway’s communications range, and an x if it is outside the gateway’s communications range
at the end of the time step. It can be seen that the gateway attempts to reach communication range
of agents with higher weights.
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III. Simulation Framework

The simulation was implemented within the Mission Oriented Operating Suite/Interval Pro-
gramming (MOOS-IvP) architecture for autonomous control, developed and maintained by the
Naval Undersea Warfare Center, the Massachusetts Institute of Technology (MIT), and Oxford
University. MOOS-IvP is a set of open-source C++ modules for controlling the operations of
autonomous marine vehicles.17 The suite consists of a set of distinct processes communicating
through a publish-subscribe type database called the MOOSDB.17 Each variable published to the
MOOSDB by a process will be available to any other processes which are subscribed to that par-
ticular variable. Variable publications and subscriptions can be done in real-time. IvP stands
for Interval Programming, which is a mathematical programming model for multi-objective opti-
mization.17

The MOOS architecture was chosen for this simulation due to its completeness and proven
ability to handle communications for networks of cooperating underwater vehicles.18, 19 The
MOOS processes include the necessary control functions as well communications modules, with
the MOOSDB providing the unified interface standard that enables the fully autonomous integra-
tion of modeling, processing, and control. Vehicle control in the MOOS architecture is handled
through the idea of separation between vehicle control and vehicle autonomy. The vehicle dynamic
control is a MOOS process referred to as the frontseat driver which provides a navigation and control
system steering the vehicle capable of streaming the vehicle’s position and trajectory information
to the vehicle’s autonomy controller, called the backseat driver, and accepting back a stream of au-
tonomy decisions that guide the vehicle such as heading, speed, and depth. Thus the vehicle is
controlled through a frequent exchange of data between the autonomy controller, or the backseat
driver, and the dynamic controller, or the frontseat driver; all guidance decisions being made by the
autonomy controller, while all navigational information is handled by the dynamic controller.17 For
in-water tests the frontseat driver controls the vehicle directly.20 For our simulation purposes, we
use a vehicle dynamics model implemented in C++ which mimics the vehicle’s motion in E

3 and
is controlled by input of the desired speed, depth and heading.

The MOOS communications suite includes processes which handle the parsing and distribu-
tion of each agent’s status message. This stack is exclusively developed and maintained by MIT’s
Laboratory for Autonomous Marine Sensing Systems (LAMSS).21 The processes used consist of
pAcommsHandler, and pGeneralCodec, which are linked through the MOOSDB. The process pA-
commsHandler queues all messages which are to be sent by the underwater modem according to
a priority level, and pGeneralCodec is a compressor/decompressor which encodes status message
data into binary format for transmission by the underwater modem, and decodes the data re-
ceived from the underwater modem. The format of the data is defined in a human-readable XML
file.

As was previously mentioned, the autonomy of all underwater agents is handled with MOOS
behaviors which include waypoint and loiter. The real-time simulation then includes running an
environment model along with the underwater modem application and each agent’s dynamics
simulation in one computer, running each agent’s controller along with any necessary behaviors
and the MOOSDB in another computer equipped with the MOOS communications suite, and run-
ning the gateway autonomy controller in a MATLAB equipped computer. This simulation structure
can be seen with all its components in Fig. 6.
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Figure 6: Schematic of simulation framework. Each computer runs a simulated vehicle along with
the necessary MOOS communication processes.
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A. Guidance Algorithm

The solution to the optimization problem which provides the guidance commands to the gate-
way vehicle is found using GPOPS, an open-source MATLAB implementation of the Gauss Pseu-
dospectral Method (GPM).10 The Gauss Pseudospectral Method is a direct collocation method for
solving optimal control problems. In the GPM, the continuous-time optimal control problem is
transcribed to a nonlinear programming problem (NLP).7, 8 The resulting NLP can be solved nu-
merically by well-developed algorithms, which attempt to satisfy the set of Karush-Kuhn-Tucker
(KKT) conditions associated with the NLP.7, 8

The Gauss Pseudospectral Method was used as the optimization algorithm for the mobile gate-
way due to its proven robustness to solve such optimization problems.22 Pseudospectral methods
are a class of direct collocation where the optimal control problem is transcribed to a nonlinear
programming problem by parameterizing the state and control using global polynomials and col-
locating the differential-algebraic equations using nodes obtained from a Gaussian quadrature.
The three most commonly used sets of collocation points are Legendre-Gauss (LG), Legendre-Gauss-
Radau (LGR), and Legendre-Gauss-Lobatto (LGL) points. The GPM focuses on the LG collocation
scheme, where the differential-algebraic equations are collocated in the domain [−1, 1], but con-
tain neither of the endpoints. A brief description of the GPM follows.

Consider the following optimal control problem in Bolza form. Determine the state, x(τ) ∈ R
p,

control, u(τ) ∈ R
m, initial time, t0, and final time, tf , that minimize the cost functional

J = Φ(x(−1), t0,x(1), tf ) +
tf − t0

2

∫

1

−1

g(x(τ),u(τ), τ ; t0, tf )dτ (7)

subject to the constraints
dx

dτ
=

tf − t0

2
f(x(τ),u(τ), τ ; t0, tf ) (8)

φ(x(−1), t0,x(1), tf ) = 0 (9)

C(x(τ),u(τ), τ ; t0, tf ) ≤ 0 (10)

It is noted that this problem formulation can be transcribed to the time interval t ∈ [t0, tf ] via the
affine transformation

t =
tf − t0

2
τ +

tf + t0

2
(11)

Now, in the GPM the state is approximated using the initial point and N LG points as

x(τ) ≈ X(τ) =
N

∑

i=0

Li(τ)x(τi) (12)

where the Lagrange polynomials Li(τ) (i = 0, . . . , N) are defined as

Li(τ) =
N
∏

j=0

j 6=i

τ − τj

τi − τj
(13)

The approximation to the time derivative of the state is then applied at the N LG collocation points
as

ẋ(τk) ≈ Ẋ(τk) =
N

∑

i=0

L̇i(τk)X(τi) =
N

∑

i=0

DkiX(τi), (k = 1, . . . , N) (14)
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where Dki, (k = 1, . . . , N ; i = 0, . . . , N) is the (N) × (N + 1) GPM differentiation matrix. The
dynamics are collocated at the N LG points as

N
∑

i=0

DkiX(τi) −
tf − t0

2
f(X(τk), U(τk), τk; t0, tf ) = 0, (k = 1, . . . , N) (15)

Next, in order to account for the initial and terminal points (i.e., the boundary points τ1 = −1 and
τN = 1), an additional variable X(τN ) is defined via a Gauss quadrature as

X(τN ) ≡ X(τ1) +
tf − t0

2

N
∑

i=1

wif(X(τi), U(τi), τi; t0, tf ) (16)

where wi are the Gauss weights. The continuous cost function is approximated using a Gauss
quadrature as

J = Φ(X0, t0,Xf , tf ) +
tf − t0

2

N−1
∑

i=2

wig(Xi, Ui, τi; t0, tf ) (17)

Finally, the boundary constraints and path constraints can be expressed as

φ(X0, t0,Xf , tf ) = 0

C(Xk, Uk, τk, t0, tf ) ≤ 0, (k = 1, . . . , N)
(18)

The cost function and the algebraic constraints define a Non-Linear Program (NLP) whose
solution is an approximate solution to the continuous optimal control problem. The open-source
MATLAB implementation of this method, GPOPS, utilizes the sparse nonlinear optimizer SNOPT.23

An interpolated initial guess is used to initialize the optimization in order to avoid convergence
to a local minimum. The initial guess is found very simply through a linear interpolation from the
initial gateway position p0(tj) at time tj to a final position p0(tj+1) at time tj+1 which is assumed
to be at the centroid of the system composed of all agents in the network at time tj+1

p0(tj+1) =

n
∑

i=1

pi(tj+1)

n
(19)

B. Gateway Behavioral Control

The controller is initialized when the first set of status messages is received. All status messages
are received through the MOOS database, which is simulating all communications processes.
Once this initialization takes place, the optimization will run twice at each prescribed time step.
The first cycle of the optimizer runs with the weights of each vehicle identically equal to one, and
is labeled as solution 1. The second cycle of the optimization is run with the calculated weights as
described by eq. 6, and is labeled as solution 2, for all vehicles. This is done to ensure that if a solu-
tion exists which keeps all existing vehicles in range it will not be overlooked because of unequal
weights. One of these two solutions is then chosen according to a set of conditions as found in
table 5. The conditions are structured in an if-then-else construct, such that priority is given to the
conditions from the top down.

As was previously mentioned, in this simulation scenario each AUV patrols a particular zone
of the area of interest. The zone each vehicle patrols is indicated by its current task, which is
broadcast in the status message. If a vehicle is outside communications range for more than three
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Table 5: Decision hierarchy for behavioral controller to accept its next position from the guidance
solutions.

Choice Condition Solution Used

1 All agents in solution 1 are in range Solution 1

2 All agents in solution 2 are in range Solution 2

3 More agents in solution 1 are in range than in 2 Solution 1

4 More agents in solution 2 are in range than in 1 Solution 2

5 Solution 1 encompasses agents with weight ≥ 2 Solution 1

6 Solution 2 encompasses agents with weight ≥ 2 Solution 2

7 SNOPT did not reach a minimum for solution 2 Solution 1

8 SNOPT did not reach a minimum for solution 1 Solution 2

9 If none of the above conditions are satisfied Solution 2

time steps, it becomes a priority to the gateway, and a decision is then made to override the op-
timization result and go to the center of that vehicle’s zone in an attempt to re-establish a link
with that vehicle. The gateway algorithm controls the gateway vehicle by sending commands to
a kinematics model of the vehicle through the MOOS database. The kinematics model sends out
navigational information that includes its current latitude, longitude, and velocity once per sec-
ond. The controller replies each second with a velocity, heading, and depth command. Once the
controllers desired location is reached, it will send out a velocity and heading command of zero
and wait for the next set of transmissions from the AUVs. This process is repeated at each time
step and can be seen in Fig. 7.

Check for Status Messages

Run Optimization Problem

Accept “Best” Solution

Solution 1 Solution 2 Solution 3 Solution 4 Solution 9. . .

Any Vehicles Outside of Comms Range

     for more than three time steps?

             YES

Go to Center of Vehicle’s Zone
 NO

Go to Optimal Point

Wait for Next Status Messages

Figure 7: Graphical representation of mobile gateway controller decision-making algorithm for
each time step. The controller makes a number of decisions based on the information available
through other vehicles in the network.
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IV. Simulation Results

Simulations were carried out such that the locations of the underwater agents were varied.
One simulation scenario placed all underwater agents in a close configuration, in which all vehicles
are always within communications range of adjacent vehicles, and therefore the mobile gateway’s
main role is to help propagate the information in the network more quickly. One of the vehicles
ceased communications for an extended period of time after six time intervals elapsed in this
simulation, allowing for the gateway vehicle to test out its “polling” behavior. Another simulation
scenario included all agents in a spread configuration in which all underwater agents were placed
such that communication was not always possible between adjacent vehicles. In this case the
mobile gateway’s main task is to attempt to maintain connectivity in the network, linking as many
adjacent agents as possible.

For either scenario, a maximum of six underwater agents were included in the network. A
maximum number of connections Cmax for n agents is given by

Cmax = n(n − 1) (20)

and we see Cmax = 15 for n = 6, and Cmax = 21 for n = 7. We first run each simulation with six
underwater agents and no gateway (n = 6). We then add the mobile gateway to the simulation,
making the total number of agents n = 7. Both connectivity and propagation numbers are nor-
malized by Cmax for each simulation. Table 6 gives the results of each simulation. We see from
these results that the mobile gateway gives improvements to the cohesiveness of the network in
all test cases.

Table 6: Connectivity and propagation numbers for four simulation runs. A close and a spread
out configuration was run each with and without the addition of the mobile gateway. We see an
increase of connectivity with the addition of the gateway in all four test cases.

%NC %NP

No Gateway Gateway Improvement No Gateway Gateway Improvement

Close Config-
uration

50.9 55.1 4.2 69.5 75.4 5.9

Spread Con-
figuration

45.6 50.8 5.2 71.5 84.3 12.7

The connectivity and propagation numbers, NC and NP , are plotted in fig. 8 for the simula-
tion in which the vehicles were kept in a close configuration. It can be seen that the connectivity
and propagation numbers are increased with the addition of the gateway vehicle. However, the
connectivity number is periodically decreased with the addition of the gateway vehicle at interval
seventeen. This period is seen as the dotted part of the gateway result line in fig. 8. This reduction
connectivity is due to the fact that after one of the underwater vehicles ceases communications for
an extended period of time, the mobile gateway vehicle will trade-off overall network connectivity
in order to attempt to regain communications with the lost vehicle.

Fig. 9 shows the connectivity and propagation numbers, NC and NP , for the simulation case
in which the vehicles were kept in a spread configuration. It can be seen that the connectivity and
propagation numbers are greatly improved in this case. It is interesting to note that no improve-
ments are seen in the beginning of the simulation due to the fact that the mobile gateway was
initialized in a position that required a few time intervals for it to reach its optimal point. This
decreased connectivity period is shown as the dotted part of the gateway result line in fig. 9. Once
the optimal point is reached the improvements become obvious.
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Figure 8: Connectivity and propagation numbers for a close configuration simulation. It can be
seen that the addition of the mobile gateway improves both connectivity and propagation until a
decision is made at interval seventeen to trade-off overall network connectivity in order to recon-
nect a lost vehicle. This period of decreased network connectivity can be seen as the dotted part
of the gateway results line.
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Figure 9: Connectivity and propagation numbers for a spread configuration simulation. It can be
seen that the addition of the mobile gateway improves both connectivity and propagation num-
bers. Note that no improvements are seen in the beginning of the simulation due to the fact that
the mobile gateway was initialized in a position that required a few time intervals for it to reach
its optimal point. This initial period of decreased connectivity can be seen as the dotted part of the
gateway results line.
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Figure 10: Snapshot of mobile gateway’s path during simulation. Each underwater agent is shown
performing figure-eight patrols. The mobile gateway attempts to maintain a centralized position
to relay information to each agent. As any one agent is not heard from after a period of three full
intervals the mobile gateway will move that agent’s zone to regain communications, as can be
seen with agent MarvA.

The evolution of the gateway’s path through one simulation run can be seen in fig. 10. The
mobile gateway attempts to maintain a centralized position throughout most of the simulation
in order to propagate information more efficiently. As one of the agents (MarvA) stays out of
communications range for longer than three time intervals the gateway is seen to move down to
attempt to include that agent back into the network. It can be seen from these results that the
mobile gateway vehicle concept is most useful when a network of underwater vehicles is spread
apart and dynamically reconfiguring itself such that it requires connectivity assistance. Results
for a network which is in close configuration seem promising, though the addition of the mobile
gateway can be redundant since the network is already well connected from the start.

V. Conclusions

We have seen that the addition of an autonomous mobile gateway can improve the connectiv-
ity of a network of underwater vehicles while still leaving each vehicle free to perform its mission
task. Results of running the simulations showed an improvement in the connectivity number of
5 percent in average and in the propagation number of 12 percent in average throughout an en-
tire simulation. Note, however, that these average numbers can be skewed due to initial vehicle
positioning and initialization at the start of the simulation. Actual improvements of up to 20 and
55 percent were seen in the connectivity and propagation numbers, respectively, for one interval
in the spread apart simulation scenario. We have also shown in this paper the use of the Gauss
Pseudospectral Method for optimal path planning in a real-time underwater scenario.

We can therefore conclude that using a gateway vehicle to improve network connectivity will
best serve its purpose in a dynamically reconfigurable network of underwater vehicles, such that
it can ensure that no vehicles will be left out of connectivity for extended periods of time. In
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a case where the network is already connected on a known mission path, the use of a gateway
vehicle may prove to be redundant and costly, as an extra vehicle must be added to the network
for its implementation. However in the case where network connectivity is unreliable or even
nonexistent, the increase in connectivity provided by the gateway vehicle will far outweigh the
cost of adding an extra vehicle, and allow a network to perform it mission.
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