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ABSTRACT | This paper presents recent advances in multiagent

sensing and operation in dynamic environments. Technology

trends point towards a fusion of wireless sensor networks with

robotic swarms of mobile robots. In this paper, we discuss the

coordination and collaboration between networked robotic

systems, featuring algorithms for cooperative operations such

as unmanned aerial vehicles (UAVs) swarming. We have devel-

oped cooperative actions of groups of agents such as probabi-

listic pursuit-evasion game for search and rescue operations,

protection of resources, and security applications. We have

demonstrated a hierarchical system architecture which pro-

vides wide-range sensing capabilities to unmanned vehicles

through spatially deployed wireless sensor networks, highlight-

ing the potential collaboration between wireless sensor net-

works and unmanned vehicles. This paper also includes a short

review of our current research efforts in heterogeneous sensor

networks, which is being evolved into mobile sensor networks

with swarmmobility. In a very essential way, this represents the

fusion of mobility of ensembles with the network embedded

systems, the robotic sensor web.

KEYWORDS | Heterogeneous wireless sensor network; multi-

agent cooperation; robotic swarms

I . INTRODUCTION

The distributed control of multiple autonomous agents has

become a very important research topic since individual
agents were rapidly connected to each other through va-

rious communication mediums. Although a centralized

system can be implemented using a simpler structure than

a distributed system, the latter is preferred since a multi-

agent system is more robust against local faults and free

from communication bottlenecks. Without a central

coordinator, however, achieving basic properties such as

stability, coordination, and coverage offers serious chal-
lenges, and there have been many proposals and

implementations to control and manage such a system;

see [1]–[5], for example.

A wireless sensor network (WSN) is a relatively new

addition to multiagent systems research. A WSN consists of a

large number of spatially distributed devices with computing

and sensing capabilities, i.e., motes, which form an ad hoc
wireless network for communication [6]–[8]. Applications
of WSNs include, but are not limited to, building energy

management [9], environmental monitoring [10], traffic

control [11], manufacturing [12], health services [13], indoor
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localization [14], and surveillance [15]. Until mid 2000s, the
research was focused on the development of devices [16],

[17], wireless communication protocols [18], and distributed

inference algorithms [19], [20], for stationary sensor nodes.

Thanks to the recent advances in microelectromechanical

systems (MEMS) technology, distributed time synchroniza-

tion [21], and ultralow-power processors [22], a sensor node

can have more sensors even on a smaller form factor than

before while consuming less power. The most exciting
feature now being added to the traditional WSN research is

the mobility. Biologically inspired microrobots are now

being developed [23]–[28], and these will provide the ability

to move around environments for active sensing.

This trend creates a new junction where the WSN

technologies meet the distributed control of autonomous

mobile agents, which we call the robotic sensor web (RSW)

in this paper. The cooperative robotic sensor nodes will
provide better sensing coverage with a smaller number of

nodes than stationary sensors while more adaptively

responding to operator commands. However, the RSW

implemented on microrobots or miniature robots offers a

new set of challenges. Given the limitations in size, weight,

and power of small robots, it is understood that individual

platforms will be less capable than larger robots. Compu-

tation, communication, and power are coupled with each
other but available onboard resources will be severely

limited. As a result, it is envisioned that the cooperation

between robotic sensor nodes of multiple scales and types

will be required to achieve mission objectives.

In the Robotics and Intelligent Machines Laboratory at

the University of California Berkeley (UC Berkeley), we

have been working on the operations of autonomous

agents and the various research topics in WSNs.
BEkeley AeRobot (BEAR) team was established in 1996

in the laboratory. The team developed fundamental

technologies for rotorcraft-based unmanned aerial vehicles

(UAVs), and achieved its first autonomous hovering in

1999 [29]. Following the success, a Yamaha R50 helicopter

was automated, and a basic waypoint navigation interface

was implemented [30]. The first cooperative behavior

between an autonomous UAV and multiple unmanned
ground vehicles (UGVs) was demonstrated in the proba-

bilistic pursuit-evasion game setup [31], and showed that

the global-max policy outperforms the local-max policy in

capturing an evader. In early 2000s, multiple Yamaha

helicopters were automated [32], and they were used in

the formation flight experiments, in which two real and

seven virtual helicopters were used [33]. In the following

years, the team has been focusing on multivehicle
coordination and conflict resolution scheme based on

model-predictive control (MPC) algorithms [34]–[38].

Our work in wireless sensor networks was initiated by

the participation in the network embedded systems

technology (NEST) project funded by the Defense

Advanced Research Projects Agency (DARPA). Our

WSN research group has produced many theoretical

and technological breakthroughs in wireless sensor
networks and networked control systems, which include

the distributed control within wireless networks [39],

estimation with intermittent observations [40], and

tracking and coordination using WSNs [41]. In the last

few years, we have been working on heterogeneous

sensor networks (HSNs), which are composed of wireless

sensors with various sensing capabilities and communi-

cation bandwidths.
Two groups are now jointly working on the RSWs, and

have been participating in Micro Autonomous Systems

and Technology Collaborative Technology Alliance

(MAST-CTA) [42] since 2008.

In this paper, we first summarize our previous results in

tracking and coordination of multiple agents using WSNs,

and recent progress in HSNs. In Section IV, algorithms for

coordinated control of UAV swarms using the MPC
approach are presented. As our concluding remarks, we

present a short review of ongoing research in RSWs.

II . WIRELESS SENSOR NETWORKS

Multitarget tracking and a pursuit evasion game (PEG)

were demonstrated at the DARPA NEST final experiment

on August 30, 2005. In this section, we summarize

experimental results reported in [41].

The experiment was performed on a large-scale, long-

term, outdoor sensor network testbed deployed on a short
grass field at UC Berkeley’s Richmond Field Station (see

Fig. 1). A total of 557 sensor nodes were deployed and 144

of these nodes were allotted for the tracking and PEG

experiments. However, six out of the 144 nodes used in the

experiment were not functioning on the day of the demo,

reflecting the difficulties of deploying large-scale, outdoor

systems. The sensor nodes were deployed at approximately

4–6 m spacing in a 12 � 12 grid. Each sensor node was
elevated using a camera tripod to prevent the passive

Fig. 1. Hardware for the sensor nodes. (a) Trio sensor node on a

tripod. On top is the microphone, buzzer, solar panel, and user and

reset buttons. On the sides are the windows for the passive infrared

sensors. (b) A live picture from the two-target PEG experiment.
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infrared (PIR) sensors from being obstructed by grass and
uneven terrain [see Fig. 1(a)]. The true locations of the

nodes were measured during deployment using differential

global positioning system (GPS) and stored in a table at the

base station for reference. However, in the experiments

the system assumed the nodes were placed exactly on a

5-m spacing grid to highlight the robustness of the system

against localization error.

In order to solve the multitarget tracking and pursuit
evasion game, we have proposed a hierarchical real-time

control system LochNess which is shown in Fig. 2. LochNess
is composed of seven layers: the sensor networks, the

multisensor fusion (MSF) module, the multitarget tracking

(MTT) modules, the multitrack fusion (MTF) module, the

multiagent coordination (MAC) module, the path planner

module, and the path follower modules.

Under this architecture, sensors are spread over the
surveillance region and form an ad hoc network. The

sensor network detects moving objects in the surveillance

region and the MSF module converts the sensor measure-

ments into target position estimates (or reports) using

spatial correlation. We consider a hierarchical sensor

network. In addition to regular sensor nodes (BTier-1[
nodes), we assume the availability of BTier-2[ nodes which

have long-distance wireless links and more processing
power. We assume that each Tier-2 node can communicate

with its neighboring Tier-2 nodes. Examples of a Tier-2

node include high-bandwidth sensor nodes such as iMote

and BTnode [43], gateway nodes such as Stargate,

Intrinsyc Cerfcube, and PC104 [43], and the Tier-2 nodes

designed for our experiment [16]. Each Tier-1 node is

assigned to its nearest Tier-2 node and the Tier-1 nodes are

grouped by Tier-2 nodes. We call the group of sensor nodes
formed around a Tier-2 node a Btracking group.[ When a

node detects a possible target, it listens to its neighbors for

their measurements and fuses the measurements to

forward to its Tier-2 node. Each Tier-2 node receives the

fused measurements from its tracking group and the MTT

module in each Tier-2 node estimates the number of

evaders, the positions and velocities of the evaders, and the

estimation error bounds. Each Tier-2 node communicates
with its neighboring Tier-2 nodes when a target moves

away from the region monitored by its tracking group.

Last, the tracks estimated by the Tier-2 nodes are

combined hierarchically by the MTF module at the base

station.

The estimates computed by the MTF module are then

used by the MAC module to estimate the expected capture

Fig. 2. LochNess: a hierarchical real-time control system architecture using wireless sensor networks for multitarget tracking

and multiagent coordination.
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times of all pursuer–evader pairs. Based on these

estimates, the MAC module assigns one pursuer to one

evader by solving the bottleneck assignment problem [44]
such that the estimated time to capture the last evader is

minimized. Once the assignments are determined, the

path planner module computes a trajectory for each

pursuer to capture its assigned evader in the least amount

of time without colliding into other pursuers. Then, the

base station transmits each trajectory to the path-following

controller of the corresponding pursuer. The path-

following controller modifies the pursuer’s trajectory on
the fly to avoid any obstacles sensed by the pursuer’s

onboard sensors. For the MTT and MTF modules, we used

the online multiscan Markov chain Monte Carlo data

association (MCMCDA) algorithm [45] for solving multi-

target tracking and multitrack fusion problems. It has been

shown that MCMCDA is a fully polynomial randomized

approximation scheme for a single-scan Bayesian data

association problem and MCMCDA approximates the
optimal Bayesian filter when applied to the multiscan

data association problems [45]. For more detail about the

description about the system used in the experiments,

see [41].

We demonstrated the system on one, two, and three

human targets, with targets entering the field at different

times. In all three experiments, the tracking algorithm

correctly estimated the number of targets and produced

correct tracks. Furthermore, the algorithm correctly

disambiguated crossing targets in the two-target and
three-target experiments without classification labels on

the targets. Fig. 3 shows the multitarget tracking results

with three targets walking through the field. The three

targets entered and exited the field around time 10 and 80,

respectively. During the experiment, the algorithm

correctly rejected false alarms and compensated for

missing detections. There were many false alarms during

the span of the experiments. Though not shown in the
figures, the algorithm dynamically corrected previous

track hypotheses as it received more sensor readings.

In another demonstration, two simulated pursuers

were dispatched to chase two crossing human targets. The

pursuer-to-target assignment and the robust minimum

time-to-capture control law were computed in real time,

in tandem with the real-time tracking of the targets. The

simulated pursuers captured the human targets, as shown
in Fig. 4. In particular, note that the MTT module is able

to correctly disambiguate the presence of two targets

[right panel of Fig. 4(a)] using past measurements,

despite the fact that the multisensor fusion (MSF) module

reports the detection of a single target [upper left panel of

Fig. 4(a)]. A live picture of this experiment is shown on

the right of Fig. 1.

Fig. 3. Estimated tracks of targets at time 70 from the experiment with three people walking in the field. (Upper left) Detection panel. Sensors

are marked by small dots and detections are shown in large disks. (Lower left) Fusion panel shows the fused likelihood. (Right) Estimated tracks

and pursuer-to-evader assignment panel shows the tracks estimated by the MTT module, estimated evader positions (stars) and pursuer

positions (squares). See Fig. 4.
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III . HETEROGENEOUS SENSOR NETWORKS

The research in WSNs has traditionally focused on low-

bandwidth sensors (e.g., acoustic, vibration, and infrared

sensors) that limit the ability to identify complex, high-

level physical phenomena. This limitation can be ad-

dressed by integrating high-bandwidth sensors, such as

Fig. 4. Estimated tracks of evaders and pursuer positions from the pursuit evasion game experiment. (a) Before crossing. (b) After crossing.
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image sensors, to provide visual verification, in-depth

situational awareness, recognition, and other capabilities.

This new class of WSNs is called heterogeneous sensor
networks (HSNs). The integration of high-bandwidth

sensors and low-power wireless communication in HSNs

requires new in-network information processing techni-

ques and networking techniques to reduce the communi-

cation cost for long-term deployment. The best example of

HSNs is a camera sensor network [46]. Camera sensor

networks (e.g., CITRIC motes [46]; see Fig. 5) can address

the limitations of low-bandwidth sensors by providing
visual verification, in-depth situational awareness, recog-

nition, and other capabilities. The CITRIC mote is a

wireless camera hardware platform with a 1.3 megapixel

camera, a PDA class processor, 64-MB RAM, and 16-MB

FLASH.

CITRIC motes form a wireless network and they must

operate in an uncontrolled environment without human

intervention. In order to fully take advantage of the infor-
mation from the network, it is important to know the

position of the cameras in the network as well as the

orientation of their fields of view, i.e., localization. By

localizing the cameras, we can perform better in-network

image processing, scene analysis, data fusion, power hand-

off, and surveillance. While there are localization methods

for camera networks, they all make artificial requirements.

For example, in [47], a common set of static scene feature
points is assumed to be seen by each set of three cameras. In

[48], the height of the cameras is already known as well as

two orientation parameters. In [20] and [49], a single

object is tracked in a common ground plane and it is already

known how each camera locally maps to the ground plane.

This ground plane concept is extended in [50] and [51] but

the localization problem is solved by using the track of a

single object.
We removed these artificial requirements and devel-

oped a camera network localization method that can be

used even when cameras are wide-baseline1 or have

different photometric properties [52]. The method is also

applied to recover the orientations and positions of the
CITRIC motes [46]. The method can reliably compute the

orientation of a camera’s view and position only up to a

scaling factor. We removed this restriction by combining

our technique with radio interferometry [53] to recover

the exact orientation and position in [54].

A. Localization Algorithm Overview
We make no prior assumptions on where the cameras

are placed except that there must be some field-of-view

overlap between pairs of cameras if the orientation, up to a

scaling factor, and position of those cameras are to be

recovered. Furthermore, we do not make any assumptions
on known correspondences or about the scene structure.

For example, the cameras may be wide baseline and no

prior knowledge of how each camera’s coordinate frame is

related to the ground of the scene is known.

By observing moving objects in the scene, we localize

the cameras. Our procedure consists of three main steps in

order to use individual raw video streams to localize the

cameras: an intracamera step, an intercamera step, and
then a global recovery step. The intracamera step, which

we call track formation, involves exploiting similarities of

objects between frames for each camera separately. The

intercamera step, which we call track matching, involves

using the object image tracks from each camera as features

to compare against object image tracks from other

cameras. The steps are as follows.

1) Track formation: Find moving objects in each
camera’s field of view and based on correspon-

dences between frames, build tracks of those

Fig. 5. (a) A CITRIC camera mote. (b) A camera daughter board with major functional units outlined.

1The line connecting the centers of a pair of cameras is called the
baseline.
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objects within the image plane as shown in Fig. 6.

Multiscan MCMCDA [45] is used to find tracks.

2) Track matching: Use the image tracks from each
camera as features to compare against image tracks

from another cameras in order to determine the

relative orientation and position of each camera.

This comparison is done in a pairwise manner and

is based on the properties of the essential matrix,

which is computed using the standard algorithm

[55]. This is illustrated in Fig. 7.

3) Global recovery: Transform all relative coordinates
of the cameras into a global coordinate frame.

B. ExperimentVThree-Camera Network
Here we show the results on data from a camera

network of three cameras. Images from the network can be

seen in Fig. 8. In this setup, three cameras were placed in a

wide baseline configuration on a second story balcony of a

building looking down at the first floor. Tracks of people

walking on the first floor were used to localize the

cameras. Three different sequences of 60 s of video footage

were used. As we had control over the environment,
ground truth for the position and orientation of the

cameras was obtained using a point light source and using

the EasyCal Calibration Toolbox [56].

The resulting error in the estimated position, up to a

scaling factor, can be seen in Table 1 and the estimated

orientation error can be seen in Table 2. The center

camera’s coordinate frame was chosen as the world

coordinate frame and the right and left cameras aligned

to the center camera’s coordinate frame in the global

recovery step. It can be seen that the error in the
estimation of the localization parameters is small even

though we used the centroids of the objects in the scene to

build the image tracks and then used the estimated track

points to do the correspondence.

C. ExperimentVCITRIC Camera Motes
In this experiment, we positioned two CITRIC motes

8.5 ft apart and pointed them at an open area where people

were walking, as shown by the top row of pictures in Fig. 9.

Each camera mote ran background subtraction on its

current image and then sent the bounding box coordinates

back to the base station for each detected foreground

object. The center of each bounding box was used to build
the image tracks over time on the base station computer, as

Fig. 8. A three-camera network. Top row: Images from the cameras

with no moving objects. Middle and bottom rows: Images from

cameras with tracks of moving objects shown over time.

TABLE 1 Position Error: The Error in the Estimated Position,

Up to a Scaling Factor, From the Tracks Is Given in Degrees

Between Position Vectors

TABLE 2 Orientation Error: The Error in the Estimated Orientation

From the Tracks Is Given in Degrees Here

Fig. 7. Track matching: (a) shows the tracks in a single camera

(b) shows the tracks from another camera over the same time period,

and (c) shows the correct track matching between the two cameras

that is used in the essential matrix computation.

Fig. 6. Track formation: formation of tracks based on object motion in

two separate cameras. (a) Camera 1. (b) Camera 2.
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shown in Fig. 10. It can be seen that multiple tracks are

successfully estimated from the image sequence.

The localization algorithm then takes these tracks and

performs multiple-view track correspondence. This meth-
od is particularly suitable for a low-bandwidth camera net-

work because it works well on wide-baseline images and

images lacking distinct static features [52]. Furthermore,

only the coordinates of the foreground objects need to be

transmitted, not entire images. In implementing the

localization, tracks from the two image sequences are

compared, and we adapt the method such that minimizing

reprojection error determines which tracks best corre-

spond between images. We used 43 frames from the
cameras at an image resolution of 640 � 480. Foreground

objects were detected in 22 of the 43 frames and tracks

were built from these detected foreground objects. Four

tracks were built in the first camera and five tracks were

built in the second camera. We were able to determine the

Fig. 9. (Top) Image frames from the left and right camera motes, respectively, viewing the scene. (Bottom) The detected foreground

objects from the scene.

Fig. 10. The tracks of the moving objects in the image planes of the left and right camera motes, respectively, formed by MCMCDA.
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localization of the two cameras relative to one another with

an average reprojection error of 4.94 pixels (see Fig. 11).

This was based on the matching of four tracks between the

two cameras which minimize the reprojection error.
The accuracy of the camera localization estimate is

affected by a few factors. First, the choice of the (low-cost)

camera has an effect on the quality of the captured image.

Second, the precision of the synchronization between the

cameras affects the accuracy of the image correspondence.

Last, we only used a small number of frames to estimate

track correspondence. Using a longer image sequence with

more data points can reduce the estimation error as shown
in the next section.

D. ExperimentVFusion-Based Full Localization
Using cameras only, we can recover camera positions

only up to a scaling factor. In [54], we described a method

for obtaining full localization, including the scaling factor,

by combining the described camera network localization

method and radio interferometry [53].

Our method has been tested on a real network of six

cameras. We used Logitech Quick Cam Pro 4000 cameras

and XSM motes [57]. We had a network of six camera
nodes with 7 XSM motes. The ground truth location of the

cameras+XSM motes is shown in Fig. 12. The cameras had

a resolution of 240 � 320 pixels and acquired images at

8 frames per second (fps). Twelve minutes of data were

taken from the cameras and used for localization. Multiple

types of objects moved through the scene during this

recording. Objects include a robot, a plane, a person, and a

box followed by a person.
We ran adaptive background subtraction on the images

from each camera and obtained the foreground objects. We

built bounding boxes around the objects and if the

bounding box of the object was at the edge of the image,

we did not use those detections of foreground objects.

Using the remaining centroids, we built object image

tracks. We assumed that tracks need to be at least 4 s long

to further constrain the tracks we use. This meant that at
our frame rate there are at least 32 data points in a track.

Tracks detected by the algorithm are shown in Fig. 13. We

used the tracks for feature correspondence between the

cameras and solved for orientations and positions of all

cameras. Fig. 14 shows what cameras are visually connected

Fig. 12. An overhead view of the layout of the cameras+radio sensors. The units are measured in meters.

Fig. 11. (a) The matching of tracks between the cameras that

were used for localization. (b) The reprojection error, measured

in pixels, for each of the 20 points of the tracks.
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given the correspondence between object image tracks. It
shows that cameras 104 and 106 are disjoint from the rest

of the network. While their fields of view overlap with

each other, they are not connected to the rest of the

network. We verified that that was correct based on the

ground truth of the setup. The average reprojection error

for all camera pairs is less than 1 pixel.

Using the radio interferometry method, we compute
translations for all overlapping camera pairs. Then, we

developed both nonlinear and linear methods for solving a

complete localization of a camera network, finding both

the orientation of the fields of view of each camera as well

as the positions of cameras including scale factors (see [54]

for more detail). The resulting scale factors are shown in

Fig. 13. (Cameras 101, 102, 107, and 108) Detected tracks for frames 1 through 500 for cameras which had correspondence in their respective

tracks. (Cameras 104 and 106) Detected tracks for frames 1 through 500 for cameras that did not have correspondence with the top row cameras,

but which had correspondence with each other. (a) Camera 101. (b) Camera 102. (c) Camera 107. (d) Camera 108. (e) Camera 104. (f) Camera 106.
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Table 3. It should be noted that the linear method solves

for all scaling factors even if the camera pair does not have

overlapping fields of view.

IV. UAV SWARMS AND MULTIAGENT
COORDINATION

UAVs have been proven as effective and affordable

solutions that complement many operations traditionally

performed by humans. Currently, UAVs are only deployed

in solo missions, managed by a number of well-trained

operators. However, owing to fast technical advances in

navigation, control, and communication, a group of

autonomous mobile agents are expected to execute
complex missions in dynamic situations in the near future.

In such scenarios, a group of autonomous agents will be

able to carry out complex missions as a collective entity so

that, even if some members of the team become

ineffective, the surviving members of the team can still

accomplish the given mission by reallocating tasks to the

surviving members. When deploying a group of UAVs into

the field of action, they should fly without any collision
with other agents or obstacles, stationary or moving, along

their paths. Planning a collision-free path for single agent

in a perfectly known environment is a well-investigated

problem and there are many efficient algorithms available

[58]. However, solving for collision-free paths for multiple

UAVs in dynamic environment demands replanning

capability literally on the fly by actively taking the latest

sensing information into account. In the following, for the
scenarios of deploying a swarm of UAVs in a realistic

environment, we propose a hierarchical structure to guide

a group of vehicles without any collision by combining the

information collected by onboard sensors with geographic
information database available prior to the mission.

A. System Architecture
For swarming scenarios in a complex environment, we

propose a hierarchical system that consists of a global path
planner as the upper layer and a local trajectory replanner

as the lower layer. In this approach, based on the mapping

information collected prior to a mission, the path planner

initially generates reference trajectories for each vehicle

that lead to the destination without any conflict with

known obstacles. When the agents are deployed, the local

planner on each agent repeatedly solves for a conflict-free

trajectory based on the latest information on the locations
of nearby vehicles and any unexpected obstacles, which is

collected using onboard sensors and intervehicular com-

munication. For trajectory replanning, we propose a

model-predictive approach [35], [36], which solves for a

trajectory that minimizes the cost function that penalizes

the tracking error and the collision with other vehicles and

obstacles over a finite time in the future. The trajectory

replanner resides on each vehicle and computes for a
collision-free trajectories using the obstacle information

collected by onboard sensors of its own or from other

vehicles if possible. The proposed system architecture is

illustrated in Fig. 15.

B. MPC Formulation
In this section, we formulate an MPC-based trajectory

planner. Suppose we are given a nonlinear time-invariant

dynamic system such that

xðkþ 1Þ ¼ f xðkÞð Þ þ g xðkÞð ÞuðkÞ
yðkÞ ¼ h xðkÞð Þ (1)

where x 2 X � R
nx , u 2 U � R

nu . The optimal control
input sequence over the finite receding horizon N is

obtained by solving the following nonlinear programming

problem:

Find uðkÞ; k ¼ i; iþ 1; . . . ; iþ N � 1

such that uðkÞ ¼ arg min Vðx; k; uÞ (2)

where

Vðx; k; uÞ ¼
XkþN�1

i¼k

L xðiÞ; uðiÞð Þ þ F xðkþ NÞð Þ: (3)

Here, L is a positive-definite cost function and F is the

terminal cost. Suppose u�ðkÞ, k ¼ i; . . . ; iþ N � 1, is the

TABLE 3 The Scale Factors for the Distances Between Cameras

Fig. 14. The overlap in fields of view between the camera nodes

based on the object image tracks.
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optimal control sequence that minimizes Vðx; k; uÞ such

that V�ðx; kÞ ¼� Vðx; k; u�ðx; kÞÞ � Vðx; k; uÞ, 8uðkÞ 2 U.

The cost function term L is chosen such that

Lðx; uÞ ¼ 1

2
ðxr � xÞTQðxr � xÞ þ 1

2
uTRu

þ SðxÞ þ
Xno

l¼1

Pðx; �lÞ: (4)

The first term in (4) penalizes the deviation from the

original trajectory denoted as xr. The second term

penalizes the control input. SðxÞ is the term that penalizes

any states not in X as suggested in [36]. Pðxv; �lÞ is the term

to implement the collision avoidance capability in this

MPC framework. As will be explained in further detail
below, Pðxv; �lÞ increases with bound as kxv � �lk2 ! 0,

where xv 2 R
3 is the position of the vehicle and �l is the

coordinates of the lth obstacle from a total of no obstacles.

During online optimization, the control input can be

enforced to explicitly meet the saturation requirement by

enforcing

uiðkÞ ¼
umax

i ; if ui > umax
i

umin
i ; if ui G umin

i

�
(5)

where u ¼� ½u1 . . . unu
�T . In this manner, one can find

the control input sequence that will be always within the

physical limit of the given dynamic system. We use the

optimization method based on the indirect method of

Lagrangian multipliers suggested in [59].

C. Obstacle Sensing and Trajectory Replanning
For a swarming scenario, it is very important to know

where the nearby vehicles are located. Due to the large

number of agents, it is highly desired to sense those using
onboard sensors, not receiving the broadcast information

on a wireless communication channel. Obstacle detection

can be done in either active or passive manner and the

choice depends on many factors including operating

condition, accuracy, and maximum detection range. Laser

scanners measure the distance to an object by precisely

measuring the time of flight of a laser beam to return from

a target. It can be very accurate and straightforward, so it is
favored for 3-D mapping. The detection range depends on

the intensity of the light that radiates from the laser

source. Active radar has similar attributes since it operates

in a similar principle: however, its resolution is much

lower while the detection range can be significantly

longer. Both methods may not be suitable if the mission

should be a covert one. For such cases, vision-based

methods are favored as it is a passive sensing method and
can offer a far greater amount of information if processed

adequately.

For collision avoidance, we choose Pðxv; �lÞ in (4)

such that

Pðxv; �lÞ ¼
1

ðxv � �lÞTGðxv � �lÞ þ "
(6)

where G is positive definite and " > 0 is to prevent ill

conditioning when kxv � �lk2 ! 0. One can choose

G ¼ diagfgx; gy; gzg, gi > 0, for an orthogonal penalty

function. The penalty function (6) serves as a repelling

Fig. 15. System architecture of a swarming algorithm scenario.
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potential field and has nonzero value for entire state

space even when the vehicle is far enough from obstacles.
The key advantage over conventional potential field

approach here is that we optimize over a finite receding

horizon, not only for the current time as in the potential

field approach. For obstacle avoidance, we consider two

types of scenarios: 1) a situation when the vehicle needs

to stay as far as possible from the obstacles even if no

direct collision is anticipated and 2) a situation when the

vehicle can be arbitrarily close to the obstacle as long as
no direct conflict is caused. For the second situation, one

can choose to enable (6) only when kxv � �lk2 G �min,

where �min is the minimum safety distance from other

vehicles.

Since MPC algorithms optimize over a receding finite

horizon into the future, for moving obstacles, their

predicted trajectories over k ¼ i; iþ 1; . . . ; iþ N � 1; are

needed in (6). It is observed that the inclusion of predicted

obstacle locations in the optimization will produce more

efficient evasion trajectory provided that the prediction is
reasonably accurate. The simplest yet reasonable estima-

tion is the extrapolation using the current position and

velocity over the prediction horizon such that

�lðkþ iÞ ¼ �lðkÞ þ�tvlðkÞði� 1Þ: (7)

It is noted that the prediction can be done in more

elaborated manners using a Kalman filter, exploiting any

knowledge on the motion of obstacles if available.

D. Experiment Results

1) Intervehicular Collision Avoidance: As the first logical

step, we consider an exemplary scenario of two UAVs

Fig. 16. Midair collision avoidance between two rotorcraft UAVs using real-time MPC and the trajectories of two helicopters.
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exercising identical evasion strategies to demonstrate the
viability of the proposed algorithm in real situations. The

proposed algorithm was implemented on MATLAB

Simulink and tested on a team of two helicopter UAVs.

The detailed specifications and architecture are explained

in [35]. In this experiment, Simulink was configured to

run in real time and sent the trajectory commands over a

radio link so that the UAVs followed the designated path

by the onboard flight controller. The vehicles broadcast
their location using GPS to the ground station, where the

MPC-based trajectories were generated in a centralized

manner. The experiment result is shown in Fig. 16. Two

vehicles are configured to fly towards each other following

a head-on collision course. In this particular case, the

vehicles are constrained to make evasive moves only in the

horizontal plane as a safety measure although the

proposed algorithm is fully capable of vertical evasion as
well. Both vehicles are also executing the same evasive

algorithm. As can be seen from Fig. 16, the vehicles are

able to pass by each other with a sufficient safety

clearance.

2) Obstacle Avoidance: As a next step, we consider an

autonomous exploration problem in an urban environ-

ment, which was simulated by a field with portable
canopies (3 � 3 � 3 m3). They were arranged as shown in

the picture in Fig. 17. The distance between the

neighboring canopies was set to 10–12 m so that the test

UAV with 3.5-m-long fuselage could pass between the

canopies with minimal safe clearance, about 3 m from the

rotor tip to the nearby canopy when staying on course.

For validation, the MPC engine developed in [36] was

applied to the proposed urban experiment setup. A
simulation model was constructed in MATLAB/Simulink,

where the local map building with a laser scanner was

substituted with a preprogrammed map. The MPC

algorithm with the local map building algorithm was

implemented in C language for computation speed and

portability. For this experiment, the Simulink model used

in the collision avoidance was modified and ran for real-

time trajectory generation at 10 Hz.
As shown in Fig. 17, the MPC path planner is capable of

generating a collision-free trajectory around the buildings

based on the original trajectory, which intentionally

intersects with some buildings.

Urban exploration experiments were performed using

the same Berkeley UAV testbed used in the intervehicular

collision avoidance experiment. This time, for obstacle

detection, the vehicle was equipped with an LMS-200 from
Sick AG, a 2-D laser range finder. It offers maximum 80-m

scanning range with 10-mm resolution and weighs 4.5 kg.

The measurement was sent to the flight computer via

RS-232 and then relayed to the ground station running the

MPC-based trajectory generator in Simulink. The laser

scanner data were then processed following the method

proposed in Section IV-B. In Fig. 18, a 3-D rendering from

the ground station software is presented. The display shows
the location of the UAV, the reference point marker, to a

point in the local obstacle map at that moment, and laser-

scanned points as blue dots. During the experiments, the

laser scanner used in our experiment demonstrated its

capability to detect the canopies in the line of sight with

great accuracy, as well as other surrounding natural and

artificial objects including buildings, trees, and power

lines.
The processed laser scanned data in a form of local

obstacle map were used in the optimization (2) to generate

a trajectory using the algorithm in Section IV-C. The

trajectory was then sent via IEEE 802.11b to the avionics

system with a dedicated process running to enforce the

Fig. 18. A snapshot of 3-D rendering during an urban

exploration experiment.

Fig. 17. Aerial view of urban navigation experiment (dashed: given

straight path, solid: actual flight path of UAV during experiment).
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command update rate at 10 Hz. The tracking control layer
enabled the host vehicle to follow the given trajectory with

sufficient distance. In a series of experiments, the vehicle

was able to fly around the obstacles with sufficient

accuracy for tracking the given trajectory, as shown in

Fig. 17 (red line).

E. Cooperative Multiagent Coordination
The pursuit-evasion game is a probabilistic game

scenario, whose goal is to Bcatch,[ in a finite time, evaders

in a given field with pursuers, which are commanded by
some pursuit algorithms. The initial locations of evaders

are unknown. The pursuers build probabilistic maps [31] of

the possible locations of evaders using their sensing

devices, which are typically vision based. In this scenario,

the group of pursuers, consisting of UAVs and/or UGVs, is

required to go to the requested waypoints, take measure-

ments of the location of themselves and of any evaders

within its detection range, and report the measurement as
well as their current locations. This measurement is used

Fig. 19. A PEG between one pursuer and one evader (�: evader; �: pursuer; background: probabilistic map; darker region represents a

higher probability for capturing the evader).
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to compute the waypoint of pursuers at next time frame
and sent to the pursuers via wireless communication for

tracking. In the experiment setup, the PEG algorithm was

implemented in MATLAB/Simulink in a similar manner

with the previous experiments.

In Fig. 19, a result from a PEG game with one aerial

pursuer versus one ground evader is shown. It is noted that

the number of participating pursuers and evaders can be

easily changed although only one pursuer and one evader
exist in this example to maximize the role of the aerial

pursuer UAV. When the game starts, the UAV maintains

hover, waiting for the starting signal from the PEG server.

The ground robot roams in the given field of 20 m � 20 m.

The graph shows two trajectories: one for the pursuer UAV

and the other for the evader UGV. The snapshots in Fig. 19

show the progress of PEG in time. Along with the

trajectories, it also shows the probabilistic map shown as
the gray-scale background and the visibility region denoted

as a square. The evader is caught in 133 s after the game is

started.

F. Towards a Swarm of UAVs in
Cluttered Environment

In order to evaluate the proposed hierarchical system

for swarming of UAVs, we consider a scenario where 16

UAVs are to be deployed into an urban environment.

Fig. 20 shows an aerial photograph of Fort Benning, GA,

where the scenario takes place. The geometry of buildings
and their locations are known a priori. In this area, some

of corridors that the UAVs are required to fly through are
as narrow as 5 m. Therefore, the scenario calls for small-

size rotorcraft UAVs that can fit into the area and fly

slowly and accurately enough. In this scenario, 16 heli-

copter UAVs are initially flying in a four by four forma-

tion, toward the designated cells. Then, they divide into

three subgroups. Some of these subgroups ingress into the

area below the roof line (teams A and C) between the

buildings while others fly over the roof top (team B).
For this scenario, the path planner computes initial

paths that are clear from the buildings, but not necessarily

from other agents. In fact, if we were to consider the

intervehicular conflict at the initial planning, the compu-

tation can be not only heavy due to numerical iterations

computing an optimal solution but also not useful at all if

any vehicle deviates from the initial planning due to any

unforeseen events occurring. The model-predictive layer
plays an important role here when such events occur; the

online trajectory layer solves for a safe trajectory by

minimizing the cost function that penalizes the near-

collision conditions.

The simulation was also implemented using MATLAB

and Simulink. Sixteen Simulink blocks of a detailed

helicopter model with 15 state variables and nonlinear

kinematics matched with a MPC solver were built and ran
in parallel during the simulation. The vehicles’ positions

were shared among the 16 blocks, assuming the existence

of a communication channel that broadcast the position

information at the sampling rate of 25 Hz, which was

deemed rather fast in reality. We imposed a 30-m sensing

limit of other agents. Since the model-predictive algorithm

was numerically heavy, it was implemented using the

CMEX feature of Simulink to speed up. The core algorithm
was constructed to be compatible with CMEX and the

flight control software in C/C++ so that the code validated

in MATLAB could be readily ported into the actual flight

software. Test results show that the implemented model-

predictive algorithm is capable of running in real time on a

Pentium III 700-MHz core of an industrial PC board

known as PC-104 [60].

The simulation result is given in Fig. 21. Initially, the
helicopter UAVs fly at 10 m/s in a loose four by four

formation [Fig. 21(a)] where the trajectory generator only

considers the tracking of the reference path segment

generated by the path planner offline and the collision

avoidance with other agents. Then, just before they enter

the town, they are divided into three subgroups. This

behavior is achieved by generating a common reference

path for each team. The collision-aware tracking capability
commands each vehicle to divide into three subgroups

without any collision [Fig. 21(c)]. As they approach the

area with fixed obstacles, i.e., the buildings, the collision

avoidance term (7) in (2) begins to increase. In this

simulation, since the algorithm is fully decentralized, the

vehicles sometimes show Bshopping mob[-like behavior:

as one vehicle is about to enter the corridor, due to the

Fig. 20. An aerial photograph of Fort Benning, GA. UAVs in

three teams are commanded to fly to the designated cells

marked with a serial number.
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collision avoidance cost, it is pushed away by following
vehicles from the opening of the corridor while the

followers succeed to enter the corridor. This observation

suggests a coordination among neighboring UAVs may be

necessary for more efficient deployment. In Fig. 21(f),

all UAVs arrive at their destinations without any

collision.

G. External Active-Set Methods for Constrained
MPC-Based Guidance

Modeling obstacles as potential functions described in

the previous sections is more convenient to implement,
and it enables a decentralized computation scheme.

However, it suffers from a scaling issue when there are

too many obstacles, therefore too many potential func-

tions, to be considered in the objective function (4). Also,

in applications where safety is critical, regarding the

collision avoidance as explicit state-space constraints is

preferable.

The optimal control problems with state-space con-
straints for MPC-based guidance of vehicles are charac-

terized by large numbers of collision avoidance

inequalities and by expensive evaluations of the gradients

of these inequality-defining functions. Since potential

collisions are confined to relatively short segments of the

UAV trajectories, most of the collision avoidance inequal-

ities are inactive. In the case of UAVs, the sampling

intervals are short and hence the viability of the MPC
scheme is largely determined by the speed of the nonlinear

programming solvers.

Unfortunately, most standard nonlinear programming

packages, including the excellent set found in TOMLAB

[61], including SNOPT [62], NPSOL [63], and

Schittkowski SQP [64], are not designed to exploit the

fact that a problem with a large number of nonlinear

inequality constraints may have few active constraints.
Based on these observations, we have developed an

accelerator scheme for general nonlinear programming

packages, based on the theory of outer approximations

(see [65, p. 460]), which acts as an external active

constraint set strategy for solving nonlinear programming

problems with a large number of inequality constraints.

This strategy constructs a finite sequence of inequality

constrained nonlinear programming problems, containing
a progressively larger subset of the constraints in the

original problem, and submits them to a nonlinear

programming solver for a fixed number of iterations.

We have proved that this scheme computes a solution of

the original problem and showed, by means of numerical

experiments, that when applied to a finite-horizon

optimal control problem (FHOCP) with a large number

of state-space constraints, this strategy results in reduc-
tions in computing time ranging from a factor of 6 to a

factor of over 100.

Fig. 21. Simulation result of a swarming into an urban area shown in Fig. 20. (a) t ¼ 0; (b) t ¼ 11.4; (c) t ¼ 31.2; (d) t ¼ 45.3; (e) t ¼ 56.9;

(f) t ¼ 73.1.
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In the following, we apply our external active-set
method to the MPC-based guidance of multiple UAVs with

collision avoidance and no-flight zone constrains, and

show the effectiveness of our scheme.

1) External Active-Set Algorithm: Consider the inequality

constrained minimization problem

Pq : min f 0ð�Þjf jð�Þ � 0; j 2 q
� �

(8)

where � 2 R
n, and q ¼� f1; . . . ; qg. We assume that

functions f j : Rn ! R are at least once continuously

differentiable. In the context of discrete optimal control

problems, � can be either a discretized control

sequence or an initial state–discretized control sequence

pair.2

Next we define the index set q�ð�Þ with � > 0 by

q�ð�Þ ¼
�

j 2 qjf jð�Þ �  þð�Þ � �
� �

(9)

where

 ð�Þ ¼� max
j2q

f jð�Þ (10)

and

 þð�Þ ¼� max 0;  ð�Þf g: (11)

Definition IV.1: We say that an algorithm defined by a

recursion of the form

�kþ1 ¼ Að�kÞ (12)

for solving inequality constrained problems of the form (8)

is convergent if any accumulation point of a sequence

f�ig1i¼0, constructed according to the recursion (12), is a

feasible stationary point.
Finally, we assume that we have a convergent algorithm

for solving inequality constrained problems of the form (8),

represented by the recursion function Að	Þ, i.e., given a

point �k the algorithm constructs its successor �kþ1

according to the rule (12).

Algorithm IV.1

Active-Set algorithm for inequality constrained minimiza-
tion problems.

Data: �0, � > 0, Niter 2 N

Step 0: Set i ¼ 0, Q0 ¼ q�ð�0Þ.
Step 1: Set �0 ¼ �i and perform Niter iterations of the

form �kþ1 ¼ Að�kÞ on the problem

PQi
min f 0ð�Þjf jð�Þ � 0; j 2 Qi

� �
(13)

to obtain �Niter
and set �iþ1 ¼ �Niter

.

Step 2: Compute  ð�iþ1Þ.
if �Niter

is returned as a global, local, or stationary

solution of PQi
and  ð�iþ1Þ � 0, then

STOP

else

Compute

Qiþ1 ¼ Qi [ q�ð�iþ1Þ (14)

and set i ¼ iþ 1, and go to Step 1.

end if

In [38], we have shown that the stationary point

computed by Algorithm IV.1 is also a stationary point of
the original problem, which is summarized in the

following theorem.

Theorem IV.1: Suppose that the problem Pq has feasible

solutions, i.e., there exist vectors �� such that f jð��Þ � 0

for all j 2 q.

a) If Algorithm IV.1 constructs a finite sequence

f�igk
i¼0, exiting in Step 2, with iþ 1 ¼ k, then �k

is a global, local, or stationary solution for Pq,

depending on the exit message from the solver

defined by Að	Þ.
b) If f�ig1i¼0 is an infinite sequence constructed by

Algorithm IV.1 in solving Pq, then any accumu-

lation point3 �̂ of this sequence is feasible and

stationary for Pq.

Although the above theorem guarantees that our
algorithm converges to a stationary solution of the original

problem, it does not tell much about its performance when

it is used in an MPC scheme. In [38], we showed that our

algorithm reduced the computation time dramatically in

solving a state-constrained FHOCP.

2See [66, Ch. 4] for a detailed treatment of discrete time optimal
control problems.

3A point �̂ is said to be an accumulation point of the sequence f�ig1i¼0

if there exists an infinite subsequence, indexed by K � N, f�igi2K , such
that �i �!

K
�̂ as i �!K 1
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2) Numerical Example: In this section, we apply the ex-
ternal active-set algorithm to an MPC-based guidance

problem, and compare the computation time with that of

Bnative[ case, in which a nonlinear solver without our

algorithm was used. We consider the problem of control-

ling four identical UAVs which are required to fly, along a

circular trajectory in a horizontal plane, without incurring

a collision, for an indefinite period of time. The circular

trajectory is obstructed by no-flight zones that are de-
scribed by ellipses. Their controls over a control time

horizon Ts are to be determined by a centralized computer,

by solving an FHOCP with the prediction horizon length T.

For the sake of simplicity, we assume that each UAV

flies at a constant speed v and that the scalar control ui, for

the ith UAV determines its rate of heading angle change in

radians per second. The cost function for this problem is

proportional to the sum of the energy used by the UAVs
over the interval ½0; T� and the sum of distance to the

circular trajectory at the end of the prediction horizon, i.e.,

f 0ðuÞ ¼�
X4

i¼1

ZT

0

1

2
u2

i ð�Þ d� þ wC xiðTÞð Þ

8<
:

9=
; (15)

where CðxiðTÞÞ ¼
�

x1
i ðTÞ

2 þ x2
i ðTÞ

2 � r2
d, the square of the

distance error between the final vehicle position at t ¼ T
and the desired circular trajectory, w is the weighting

factor, u ¼� ðu1; u2; . . . ; u4Þ, and rt is the radius of the

desired circular trajectory. ðx1
i ; x2

i Þ denotes the position

coordinates of the ith UAV on a plane, and x3
i denotes the

heading angle in radian of the ith UAV, respectively. The
constraints are those of staying outside the no-flight zones

and avoiding collisions with other vehicles.

In order to state the optimal control problem as an

endpoint problem defined on [0, 1], we rescale the state

dynamics of each UAV using the actual terminal time T
and augment the 3-D physical state ðx1

i ; x2
i ; x3

i Þ with a

fourth component x4
i

x4
i ðtÞ ¼

�
Z t

0

T

2
u2

i ð�Þ d� (16)

which represents the energy used by the ith UAV. The
resulting dynamics of the ith UAV have the form

dxiðtÞ
dt
¼

Tv cos x3
i ðtÞ

Tv sin x3
i ðtÞ

TuiðtÞ
T
2

uiðtÞ2

2
664

3
775 ¼� h xiðtÞ; uiðtÞð Þ (17)

with the initial state xið0Þ given. In spite of its simplicity,
this model describes quite well the dynamics of a fixed-

wing aircraft, whose attitude, altitude, and forward speed

are stabilized by an autopilot. It was used in other papers,

including air traffic management [66], and UAV trajectory

planning [67]. We will denote the solution of the dynamic

(17) by xiðt; uiÞ, with t 2 ½0; 1�.
Based on the scaled state dynamics, the optimal control

problem we need to solve is of the form

min
u2L4

1½0;1�
f 0ðuÞ (18)

where

f 0ðuÞ ¼�
X4

i¼1

x4
i ð1; uiÞ þ wC xið1; uiÞð Þ

� �
(19)

subject to two sets of constraints

a) no-flight zone constraints

f i
nfðt; uiÞ ¼

�
Gj xiðt; uiÞ; xc; aj; bj; �j

� �
� 0 (20)

8t 2 ½0; 1�, i ¼ 1; . . . ; 4, j ¼ 1; . . . 4;

b) pairwise collision avoidance constraints

f ði;jÞca ðt; ui; ujÞ ¼� x1
i ðt; uiÞ � x1

j ðt; ujÞ
� �2

þ x2
i ðt; uiÞ � x2

j ðt; ujÞ
� �2

� r2
ca (21)

8t 2 ½0; 1�, i 6¼ j, i; j ¼ 1; . . . ; 4. GjðxiðuiÞ; xcj; aj;
bj; �jÞ is the constraint function for the jth no-

flight zone that is described by an ellipse centered

at xcj, rotated counterclockwise by �j, with the

values of major and minor axes aj and bj,
respectively.

To solve this problem, we must discretize the

dynamics. We use Euler’s method to obtain

�xiðtkþ1Þ � �xiðtkÞ ¼ �h �xiðtkÞ; �uiðtkÞð Þ (22)

with �xið0Þ ¼ xið0Þ, i ¼ 0; 1; . . . ; 4, � ¼� 1=N, N 2 N,

tk ¼
�

k�, and k 2 f0; 1; . . . ;Ng. We use an overbar to

distinguish between the exact variables and the discretized

variables. We will denote the solution of the discretized

dynamics by �xiðtk; �uiÞ, k ¼ 0; 1; . . . ;N, with

�ui ¼� �uiðt0Þ; �uðt1Þ; . . . ; �uiðtN�1Þð Þ: (23)
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Finally, we obtain the following discrete-time optimal
control problem:

min
�ui2RN ;i2f1;...;4g

�f 0ð�uÞ (24)

where

�f 0ð�uÞ ¼�
X4

i¼1

�x4
i ð1; �uiÞ þ �x1

i ð1; �uiÞ2 þ wC xið1; �uiÞð Þ
� �

(25)

subject to j�uiðtkÞj � c, the discretized dynamics of each

UAV (22), and the discretized no-flight zone and collision

avoidance constraints

�f i;k
nf ð�uiÞ ¼� Gj �xiðtk; �uiÞ; xc; aj; bj; �j

� �
� 0 (26)

for k ¼ 0; 1; . . . ;N � 1 and i ¼ 1; 2; . . . ; 4, and

f k
ca;ði;jÞð�ui; �ujÞ ¼

�
�x1

i ðtk; �uiÞ � �x1
j ðtk; �ujÞ

� �2

þ �x2
i ðtk; �uiÞ � �x2

j ðtk; �ujÞ
� �2

� r2
ca (27)

8k 2 f1; . . . ;Ng, i 6¼ j, i; j ¼ 1; . . . ; 4. The total number of

nonlinear inequality constraints in this problem is

4Nð4� 1Þ=2þ 4 	 4N ¼ 22N.
The numerical experiments were performed using

MATLAB V7.6 and SNOPT 6.2 [62] in TOMLAB V7.1 [61].

We used a desktop with two AMD Opertron 2.2-GHz

processors with 8-GB RAM, running Linux 2.6.28.

Although we used a computer with multicore central

processing units (CPUs), it was observed that only one

core was used by our computation. In the numerical

experiments, the reference trajectory was generated by the
following algorithm.

Algorithm IV.2

MPC-based guidance algorithm

Set k ¼ 0.

Data: x0, and the initial reference trajectory
xref
½tkþ1;tkþNc�1� ¼

� ð�xðtkþ1Þ; . . . ; �xðtkþNc
ÞÞ.

Step 1: Output xref
½tk;tkþNc �

to the low-level tracking

controller

Step 2: Set xð0Þ ¼ xrefðtkþNc
Þ and

solve the discrete-time FHOCP (24) to obtain

�u½tk;tkþNc�1� ¼
� ð�uðtkÞ; �uðtkþ1Þ; . . . ; �uðtkþNc�1ÞÞ.

Step 3: Compute the reference state trajectory

xref
½tkþ1;tkþNc�1� using �u½tk;tkþNc�1�.

Step 4: Wait until t ¼ tkþNc
.

Step 5: Set k ¼ kþ 1 and go to Step 1.

The algorithm implicitly requires that the solution be

computed within Nc�.

We set v ¼ 16 m/s, rd ¼ 320 m, rca ¼ 16 m, c ¼ 0.5 rad/s,

w ¼ 0.01, and Niter ¼ 10. We fixed � ¼ 5=16 and Nc ¼ 18,

which means a solution of the FHOCP (24) should be

computed within �Nc ¼ 5.625 s. Initial conditions are

x1ð0Þ ¼ �376; 280;� �
4
; 0

� �

x2ð0Þ ¼ 56; 448;� 3�

4
; 0

	 


x3ð0Þ ¼ 308;�232;
3�

4
; 0

	 


x4ð0Þ ¼ 0;�472;
�

2
; 0

� �
: (28)

In the numerical experiments, we use

�ðxiÞ ¼
�

min  þðxiÞ; 16f g (29)

to prevent Qi from including too many constraints.

We performed two sets of numerical experiments, one
with our external active-set algorithm and one without

itVwe call it a Bnative[ use of the solver. For each set of

experiments, we used various lengths of prediction

horizon, T ¼ 7:5, T ¼ 10, and T ¼ 12:5. Solution trajec-

tories with T ¼ 10 are shown in Fig. 22. We ran 50

iterations of MPC-guidance loop for each case, and the

numerical results are summarized in Tables 4 and 5. In

these tables, NQ
k is the number of constraints in the set Qi

when our external active-set strategy terminates during

solving kth FHOCP, tC
k is the total CPU time for achieving

an optimal solution at Step 2 of Algorithm IV.2, and %t is

the percentage of
P

k tC
k with respect to the total allowed

computation time for 50 iterations of MPC-based guidance

algorithm 5:625� 50 ¼ 281:25. N
g
k, the total number of

gradient evaluations at k-th MPC iteration, is defined as

follows:

N
g
k ¼

XiT

i¼0

jQij � number of gradient function

calls during ith inner iteration for solving

kth FHOCP (30)
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where iT is the value of the iteration index i at which

Algorithm VI.1 is terminated by the termination tests
incorporated in the optimization solver used. For Bnative[
cases, iT ¼ 1 all the time.

As shown in Table 4, without our external active-set

algorithm, none of computation results satisfied the real-

time requirements. The values of maxk tC
k show that it

consumed 18 to 1000 times more computation time than the

allowed computation time. However, with Algorithm IV.1,

the total reduction in computation time was huge, and with
T ¼ 7:5 and T ¼ 10 as shown in Table 5, it is feasible to

apply the MPC-based guidance scheme to real-time trajec-

tory generation.

V. CONCLUSIONVROBOTIC
SENSOR WEB

As described in the introduction, one of the recent trends

in the WSN research is to develop biologically inspired
micromobile robots, integrate them with various MEMS

sensors and wireless communication devices, and form an

RSW. The demand for RSWs can be highlighted by the

following real-world scenario.
Thanks to the constant video surveillance provided by

tactical UAVs in the modern battlefields, it is relatively

easy to remotely detect suspicious activities near an area of

interest. For example, consider the village shown in

Fig. 23. Suppose that a series of aerial surveillance

photographs can be used to narrow down the targets to

three buildings (marked A, B, and C), but the data are too

coarse to choose one final target. It is a high-risk mission to
send squads to all three buildings, since 1) they are

spatially distributed and it makes the mission more

difficult and dangerous, and 2) there is a possibility that

one or more of these buildings may be trapsVfull of

improvised explosive devices. It is risky to send a team of

scouts or conventional remote-controlled ground robots,

since all the insurgents in the building will relocate

immediately once they detect scout activity. The mission
objective is to discern the contents of these buildings and

report it to the friendly force in the green zone.

TABLE 5 MPC-Based Guidance Using the External Active-Set Strategy

With SNOPTTABLE 4 MPC-Based Guidance Using the Native SNOPT

Fig. 22. Trajectories generated by Algorithm IV.2. The desired circular trajectory is in blue-dashed line, and no-flight zones in red-dashed line. The

initial positions are marked as ‘‘o’’ and the blue-dashed straight lines in the beginning of trajectories denote the initial reference trajectories.
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The example scenario described above shows the ne-

cessity of a wireless sensor network with stealth mobility.

From the scenario, we can derive a set of required
capabilities as follows.

1) Accessing the interior of the building: mobile

sensing agents should be able to autonomously

figure out how to gain entry to the interior of the

building.

2) Navigation through the interior of the building: it

is required for mobile sensing agents to be able

to navigate inside the building in a stealthy
manner to deploy wireless sensors and commu-

nication relays, track targets, report suspicious

activities, etc.

3) Communication to the base station: mobile sensing

agents should be able to report their sensor

readings to the base station.

In 2008, MAST-CTA [42] funded by the United States

Army Research Laboratory was initiated to encourage
researchers to respond to new demands described above.

The objective of MAST-CTA is to provide soldiers and

disaster responders with better situational awareness in

structured and unstructured dynamic environments using

micro-RSWs. Under MAST-CTA, insect-like micro craw-

lers and flyers [23], [25]–[28] are being integrated with

ultralight wireless inertial measurement units (IMUs)

[22], which provide microrobotic sensor platforms for
higher level algorithms like indoor mapping and localiza-

tion [68], interagent cooperation [69], and communica-

tion-aware navigation [70]. They will be equipped with the

state-of-art MEMS sensors such as a gas analyzer using

microgas chromatograph [71], a microradiation detector

[72], a hair-like actuator/sensor array [73], to name a few.

Due to the small size of each robotic platform, a micro-

RSW is expected to significantly improve the situational
awareness in complex and dynamic environments into a

level that cannot be reached by using conventional UAVs

and UGVs.

An RSW, which is composed of stationary wireless

sensors, robotic mobile agents, and human operators, is

different from the traditional sensor networks that pas-

sively gather information: it is the network of hete-
rogeneous components that are used to guide the actions

of multiple decision makers operating in a dynamic

environment. Accordingly, it can be seen as an extension

of HSNs incorporating mobility and adaptivity. Current

research in WSNs focuses only on one or two aspects,

mostly because a comprehensive study of resource trade-

offs in WSNs is very challenging. On top of coupled

computation, communication, and power, when mobility
and heterogeneity, which are key properties of RSWs, are

taken into account, the problem becomes even harder.

Consequently, it is important to quantify high-confidence

metrics for RSWs.

There exists a recent research about the metrics of

WSN as a time-division multiple-access (TDMA) wireless

mesh network [74]. It focuses on TDMA networks for ease

of modeling and mesh networks for better path diversity
and reliability. In many cases, deployed WSNs lack in-

network data aggregation or processing, so it simply

behaves as a self-organizing communication network (self-

organizing in the sense that a WSN constructs its own

routing topology and schedule). However, in RSWs, we

need those regulations and adjustment by the system itself

or by a human operator. The ongoing research concen-

trates on the scenario where there are fewer decision
makers (e.g., controllers or human operators) in the

network.

An RSW is meant to sense much more dynamic

situations than conventional sensor networks, such as

activities of people, and therefore high-bandwidth sensors,

such as video cameras, will often be necessary. As well as

the camera network localization algorithm described in the

previous section, our group has worked on various aspects
of distributed image processing over camera networks

[75], [76]. These high-bandwidth sensors stress the tradi-

tional sensor network architectures in multiple ways. The

most obvious one is that the power and bandwidth require-

ments of such nodes can be significantly higher. Data of

widely different sizes may have to be transported over

different protocols and this transport must be optimized

for energy conservation and communication. Planning for
tasks will require tools for the estimation of the resources

needed and the optimization across multiple layers of the

network.

It is obvious that technologies described in the previous

sections are related to the capabilities of RSWs directly and

indirectly. For example, the MPC-based trajectory plan-

ning algorithms can guide mobile sensing agents through

narrow entrances and cluttered indoor environments.
LochNess can provide a backbone of target-tracking algo-

rithms over a mobile sensor network. Finally, the localiza-

tion of camera network plays very critical role throughout

the scenario. However, they are subject to new and

stringent constraints on power, weight, and size, hence it

is required to implement all the functions on less powerful

processors. h

Fig. 23. A low-altitude aerial photo of a village (image from Google

Earth mapping service).
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