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KEYWORDS Abstract. In this paper, the problem of detection and tracking of emitters by multiple
flying-vehicles, working in a cooperative manner, is considered. The radio sensor on each
vehicle is capable of measuring the distance of the vehicle to the radio emitter. The goal
is to detect the presence of such emitters, localize, and then track them. Meanwhile, the
emitter can be moving or stationary, and may go beyond some environmental obstacles
that prevent it from being sensed. The proposed procedure optimizes the routes and tasks
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ORI;IllmelZ;;z:)l;. of the employed flying-vehicles by minimizing a suitably-defined cost function. Moreover,
8 ’ the appropriateness level of the assigned routes and tasks is continuously assessed, so that
Environmental g . . oL
if it drops below an acceptable threshold due to the dynamics of the scenario, optimization
obstacles. . . . .
is performed again and the routes and tasks are renewed. The simulations, as well as the
complexity discussion, verify effectiveness of the proposed method, considering the applied
requirements and limitations.
1. Introduction a map for measuring the suitability of search, and a

map for measuring the tracking error is suggested. In
this work, each vehicle uses multiple sensors (besides
a range detector) so that the objects’ positions are
supposed to be known whenever they locate in the ve-
hicle’s field of view. Therefore, no detection scheme is
defined. Similar notes can be argued about [11] where
the seeker installed on the vehicles measures both
range and direction of emitters, or about [12] where
the vehicles are equipped with optical camera sensors.
Moreover, the problem of searching for only one emitter
by multiple vehicles is considered in [13-15].

In the present paper, the main goal is to develop
a methodology for searching a region of interest for
* Corresponding author.: possible radio emitters, and then tracking them. These
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The cooperative intelligence concept has been widely
studied in recent works [1,2]. Many researches have
been carried out to prove the advantageous of coop-
eration in different missions, for example, Search and
Rescue (SAR) by a team of multiple agents [3] or
multiple multicopters [4], cooperative localization [5],
surveillance [6], tracking [7], search and attack [8], and
animal monitoring [9].

Considerable works have been done specifically
on the subject of cooperative search with different
simplifications. For instance, in [10], the idea of using
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any time. So, the vehicles should simultaneously search
for undetected emitters and track the detected ones. As
explained before, this procedure can be efficiently done
through the cooperation of the agents. The cooperative
procedure is done in a distributed manner, such that
the vehicles communicate and share information with
each other. In addition, cooperative search is studiedin
the context of radio emitters as targets of interest, and
flying-vehicles as agents. Flying-vehicles are commonly
used in different missions for their lower cost and
weight and their human safety [16,17]. In details, it
is noteworthy that the communication range of each
vehicle is limited, so that each vehicle can communi-
cate only with its neighboring vehicles. Each vehicle
moves on trajectories that are generated by running
a route optimization at each step. This optimization
is performed independently of other vehicles, based
on the information collected by that vehicle and its
neighbors. Moreover, as our vehicle is a flying-vehicle,
there are limits on the weight and expense of the
sensors mounted on it. Therefore, we have assumed
a common case, that each flying-vehicle has only an
Received Signal Strength Indicator (RSSI) semsor to
measure the emitter’s range. Obviously, an object
cannot be localized solely by finding its range. But,
it can be detected with the help of other vehicles’
information, or intercepting its signal for a period of
time. In this regard, a detection scheme is defined,
based on the emitters’ ranges sensed by the vehicles.
In addition, the criteria for search and track schemes
are well-formulated, according to the received signal
power at the vehicle’s receiver and the characteristics
of the employed tracking filter.

In summary, the contributions of this paper is
highlighted as:

e Our solution to the surveillance problem benefits
from using light and cost effective flying-vehicles,
since they are equipped with only range sensors;

e Considering the problem such that the vehicles
have cooperation through communications with
each other makes the solution more complicated.
But this fact results in improved success rate of the
mission;

e Solving the surveillance problem for multiple emit-
ters, which can be moving or stationary, and can
appear and disappear from the region at any mo-
ment, is another privilege of the proposed method;

e An efficient innovative algorithm is developed for
performing a mission with the goal of searching for
and localizing undetected emitters, while tracking
the detected ones, simultaneously;

e The proposed algorithm considers the problem of
obstacles (e.g., mountains) in the surveillance re-

gions, which prevent the vehicles from sensing the
radio signal of an emitter behind the obstacle.

In the following, the cooperative surveillance problem
is presented in Section 2, where the solution is also
proposed. Next, in Section 3, the simulation results
of performing the proposed optimization for some
scenarios are presented.  Section 4 discusses the
complexity of the proposed algorithm. Finally, the
paper is concluded in Section 5.

2. Cooperative search

A known number of flying-vehicles is performing coop-
erative search in a predefined region of interest to find
an unknown number of moving or fixed radio emitters.
They roam in the region to intercept any possible
signal. All the vehicles fly at similar constant height
level. Each vehicle is equipped with only a common,
low cost, RSSI sensor to measure the emitter’s distance
to the vehicle. Emitters are mobile, so they may leave
or enter the search region causing the signals appear
or disappear. However, when an emitter is detected,
only one vehicle will track it. Each vehicle is capable
of performing only one of the tasks as defined below at
a moment:

o Search: When the vehicle is searching the region,
its receive antenna is omnidirectional, intercepting
the possible signals from all 360° around the vehicle.

e Track: When a vehicle is assigned to track an
emitter, it constantly estimates the position of the
emitter and tries to narrow its intercepting beam
towards the estimation point, so that it receives only
the tracked emitter’s signal, butwith higher Signal
to Noise (SNR) Ratio and accuracy. In this way,
a detected emitter’s state (position, velocity, and
acceleration) is monitored continuously.

Meanwhile, the vehicles share their information with
their neighbors within the maximum communication
range of R.. They, also, have a maximum radio sensing
range R, as shown in Figure 1.
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Figure 1. Vechicles’ network.
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The surveillance region, containing the vehicles
and emitters, is assumed two-dimensional, and the
vehicles and emitters are considered point masses in
this region. Moreover, there may be some obstacles
(e.g., natural barriers or mountains) which prevent the
vehicles from receiving signal from the emitters. Thus,
the covered emitters can be detected only when they
get Line of Sight (LOS) with a vehicle, as a result of
the vehicles searching or emitters’ movements. It is
assumed that the obstacles’ map is available for all
vehicles during the mission. As a general guideline, a
mission having more accurate detections and efficient
tracking of the detected emitters in less time duration,
is desired.

In order to search the region of interest, each
vehicle plans its path and task (search or track)
through a constrained optimization procedure. In
each optimization run (namely, an optimization phase),
the route of each vehicle is determined for the next
multiple steps. In other words, each optimization
phase consists of multiple time steps, in which, the
optimization is performed to determine the path of the
vehicle during the steps of that phase. To do so, a
gridding network is proposed for defining the paths (or
equivalently the steps). To obtain the cost function of
such optimization, three criteria are evaluated over the
region for each vehicle, as illustrated in the following.

2.1. Enwvironmental unawareness criterion

In order to define the environmental unawareness
criterion, each point in the region is assigned an
unawareness value which represents the amount of
vehicle’s unawareness from that point. This value
can be obtained by considering the fact that further
points have more unawareness values. Accordingly,
each point’s unawareness value (Y) can be obtained
from:

P% o d*  if there is no obstacle in between
T x oo if there is an obstacle in between
0 if the point is located on an obstacle (1)

where T represents the unawareness value, P, is the
received signal’s power, d the distance between the
specified point and the vehicle, and the 4 power comes
from the traditional radar equation. This means that
for the points behind obstacles, where radio emitters
have no LOS to a vehicle’s sensor, we have complete
unawareness. Also, note that for the points on the
obstacles, we have complete awareness, i.e., zero un-
awareness, as it is assumed that we are looking for
the free space emitters in the region. Assuming that
(z0,40) and (z,y) are the position coordinates of a
vehicle and an arbitrary point in the search region,
respectively. The unawareness value is then calculated
as presented in Eq. (2):

Y(z,y) =k ((z — 20)* + (y — 0)?) " (2)
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Figure 2. A sample of region’s unawareness level from a
receiver point of view at (0,0).

Figure 2 shows a sample of region’s unawareness values,
in which one vehicle is located at (0, 0), and there
are three rectangular obstacles. As can be observed,
further points from the vehicle have larger values.

It is noteworthy that the unawareness values of
the points over which a vehicle is already passed, are
set to zero for a short duration. That means, the
vehicle has complete awareness of these points at least
for a period of time after passing over them. However,
after a while, and as the vehicle goes away, these zero
unawareness points will get nonzero values again based
on Eq. (2). In fact, the unawareness of the vehicle
about that points is now returned.

2.2. Ematter likelihood criterion
Normally, the signal emitted by a non-detected emitter
is sensed by a search vehicle that has LOS with
the emitter. Due to non-idealities and environmental
factors, the emitter’s range is measured with error. In
this respect, the emitter likelihood criterion is defined
to allow to detect and localize emitters. In this regard,
the points with range distance equal to the measured
range are assigned the value of one (which is the
maximum likelihood value). Then, the points with
other distances are assigned values which decrease in
a Gaussian distribution pattern, as we go further from
the points with maximum values (one). As an example,
it is assumed that a signal from an emitter at (40, 35)
is received and detected by a vehicle at (10,25). The
RSSI sensor has measured the distance as 31.6 m.
The assumed Gaussian distribution pattern is
shown in Figure 3. As seen, the points further from the
measured emitter range (31.6 m) have less probability
values obtained from the Gaussian distribution pat-
tern. As mentioned, the central axes of this Gaussian
distribution are the points with range equal to the mea-
sured range (31.6 m) and its variance (02) is assumed to
be proportional to the measured range. Intuitively, the
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Figure 3. A sample of emitter likelihood pattern for a
vehicle at (10,25), which has sensed a signal with
information of d = 31.6 m.

reason is that higher measured range is obtained from
the weaker signal of a further emitter. In other words,
its received signal would have less SNR. Therefore,
lesser measurement accuracy is expected, which results
in larger variance of that point’s distribution. Indeed,
each point’s likelihood value represents the probability
of the emitter’s presence at that point, based on the
measurements of the sensor. Note that, the likelihood
values of the points behind and in the obstacles are
set to zero. The reason is that there is no chance to
receive a measurement from an emitter with no LOS.
The likelihood distribution can be written as:

I S O Gy D
O v p( 2004 ) / @

where 4 is the mean value of the distribution and, as
explained before, it is the sensed range measurement.
Also, o2 is the variance of the distribution and d is the
distance of the point for which the likelihood value is
calculated. It is noteworthy that, as mentioned before,
o? increases as p increases, because the measurement
accuracy decreases for larger distances. To capture this

dependency, we have [18]:

_ Omp
o(p) = NSk (4)

where fyp is the receive antenna’s half-power
beamwidth that is a sensor characteristic. Also, we
can obtain from the radar equation that for a receiver
intercepting an emitter at a distance u:

1
SNR x 5, (5)
and substituting in Eq. (4), we have:
o(p) o< p. (6)

In other words, a larger sensed range measurement

results in an emitter’s likelihood function with larger
variance.

2.3. Tracking precision criterion
This criterion is defined for the detected emitters,
which are being tracked. A point with likelihood value
exceeding a predefined threshold, is alarmed as a new
emitter and should be tracked. In this regard, the
likelihood values of all points are examined: Any point
with a likelihood value more than the threshold is
declared a new detected emitter. As a reasonable case,
the threshold is set as a multiple of the mean likelihood
value of all points of the region. Subsequently, each
detected emitter is assigned a vehicle to be tracked by.
The tracking precision criterion is defined as the
detected emitter’s tracking error. A suitable tracking
filter will be chosen in the subsequent sections and its
estimation error will be used for the precision criterion.

2.4. Sharing information with neighbors

At each optimization phase, each vehicle should be
assigned one of the two tasks of search or track. Also,
a search vehicle evaluates the two criteria values of
unawareness and emitter likelihood, for all points of
the region. But, a tracking vehicle evaluates only the
tracking precision criterion.

After defining and evaluating the aforementioned
three criteria for each vehicle, the assessments of
the neighboring vehicles from the region should be
combined and shared with each other. The neighbors
are determined based on the vehicles’ communication
ranges (R.). The result of such information sharing
about each point of the region, is three values of
joint unawareness, joint emitter likelihood, and joint
tracking precision. For a group of neighboring vehicles,
the joint unawareness and joint emitter likelihood
values are computed by combining the information of
those vehicles which are in the search mode. However,
the joint tracking precision value is produced only
based on the information shared by the neighboring
vehicles in the tracking mode. Thus, for a tracking
vehicle, the unawareness and emitter likelihood values
are produced by combining the corresponding values of
that vehicle’s neighbors, which are in the search mode.
In fact, the vehicles in the track mode, have no effect
on the searching procedure. The reason is that the
tracking vehicles have no awareness of the areas around
them; because they are just tracking their assigned
emitters. On the other hand, the tracking precision
value for a tracking vehicle is produced based on the
information of that vehicle and its neighbors which are
in the track mode.

The combining procedure to obtain the aforemen-
tioned joint parameters is explained in the following:

2.4.1. Joint unawareness
The joint unawareness value of a point is the minimum
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of the unawareness values of all N number of search
neighbors:

Tj(x,y):miinTi(x,y) , 1€ (1,---,N). (7)

In fact, low unawareness values for a vehicle in an area
indicates well coverage of that area. So, there is no
need to force other vehicles to move to that point and
cover it again.

2.4.2. Joint emitter likelihood

The emitter likelihood values of searching neighbors
should be combined to find the undetected emitters.
For this goal, assume that U; is the #th receiver’s
observation from an emitter and also X is the occur-
rence of that emitter’s presence at a certain point of
the region (pg). The probability of such occurrence,
while {U;,i =1,---, N} are observed, can be obtained
according to the Bayesian law [19], as:

_ Pr(Uy,- -, Uy|X)Pr(X)

Pr(XlUla'” 7UN) - PI'(Ul UN) 5 (8)

which, due to independency of occurrence probabilities
U; and U; (¢ # j) conditioned on X, can be rewritten
as:

(9)

For Pr(U;|X) one can employ the Bayesian law again:

Pr(X|U1,...,UN) —H ( PI'(X) ) Pr([fl,...,UN)
B ' [1Pr(U;)
—HPI'(X|U1)PI‘(X)N*1P1‘(U1,...,UN)
TP

Pr(X)N-1~

(10)

where ko is constant and independent of X, which
means that in evaluating the emitter’s likelihood of a
point (po), when conditioned on observation {U;,i =
1,---, N}, kg is constant for all points of the region. On
the other hand, since Pr(X) has a uniform distribution
(since there is no information about the presence of the
emitter at different points of the region before starting
the mission and observing any measurement.), we can
write:

Pr(X|Uy,--- . Uy) =k [[ Pr(X|U7), (11)

where k is constant and its value is independent of po,
which means that it is constant for all points of the
region. Therefore, it can be ignored in the thresholding
process of the likelihood values for finding emitters.
Furthermore, notice that Pr(X|U;) is the prob-
ability of the emitter’s presence at (po) conditioned

on the tth receiver’s observation, which represents the
likelihood value of the ith vehicle individually. Thus,
Eq. (11) states that the joint likelihood value of N
receivers can be obtained from:

Ls(po) = HQ(PO)- (12)

Considering the joint values of all points of the region,
the point, for which the likelihood value is larger than
the threshold, is declared as the location of a new
emitter.

It is noteworthy that to get better performance,
another improvement is considered in producing the
joint likelihood value. We can use the information
sensed by vehicles in previous times, which is remained
in their memories. Indeed, the likelihood values related
to an individual vehicle, in different subsequent times,
can be combined, similar to the case of combination of
values of different vehicles:

Pr(X|UY, U™ o Pr(X|UHPr(X|U)E, (13)

where ¢ denotes the observation time, and the likeli-
hood value of the previous time (which is between 0
and 1) is powered with a forget factor (£), so that the
previous time value has less effect than the current
value. As a result, as the time goes on, the vehicle
forgets the past status, gradually.

2.4.3. Joint tracking precision

Each tracking vehicle has an estimation of the position
of the emitter it is tracking. In this paper, the tracking
procedure is done using a variant of Kalman filter,
namely, the a7 filter, in which a good trade-off is met
between the low computational burden enforced by the
limitations of each vehicle’s processor and the tracking
accuracy needed in the surveillance missions.

2.4.8.1. af~ filter

In order to use the original Kalman filter, detailed
dynamic system model is needed, and states’ values
are estimated in a formal and rigorous manner. Al-
ternatively, one can employ the af~y filter which is
basically a Kalman filter when the model meets some
simple assumptions. The detailed dynamic system
model is not needed in the af~ filter and it estimates
the states in a simple process. This filter presumes
that a system is adequately approximated by a model
having three internal states, where the first state is
obtained by integrating the value of the second state
and the second state is obtained by integrating the
value of the third state over time. This approximation
is adequate for many simple systems, for example,
the emitter dynamics in our case, where position and
velocity are obtained as the time integral of velocity
and acceleration, respectively. In addition, a Kalman
filter, which is designed to track a moving object using
a constant-acceleration dynamics model with process
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noise covariance and measurement covariance held
constant (which is our case, in this paper.), convergesto
the same structure as an a3y filter [20].

Two separate a3~ filters are used in the x and y
directions. For both directions the equations are the
same. Therefore, in the following, just the equations
for x direction is presented.

The equations of this filter are defined in two
parts. First for the prediction part we have:

2
zp(k) = z5(k—1)+ ATvs(k—1) + ATTas(k - 1),

vp(k) = vs(k — 1) + ATas(k — 1),
ap(k) = au(k — 1), (14)

where AT is the sampling interval, z,(k), v,(k) and
ap(k) are the predicted object position, velocity and
acceleration at time kAT, respectively, and z,(k — 1),
vs(k — 1) and as(k — 1) are the smoothed object
position, velocity, and acceleration at time (k — 1)AT,
respectively.

For the smoothing part, using the measured
position, we have:

zs(k) =2y (k) + o (2o(k) = 2p(K)) ,

B

vs(k) =vp(k) + 15 (o (k) — 25(K))
= 2 x —x
as(k) —ap(k) + AT? (2, (k) p(k))a (15)

where z,(k) is the measured position (observation) at
time kAT, and «, 3, and v are the filter gains.

This filter’s estimation error consists of two parts:
the steady state error (or the noise error) and the
transient error (or the maneuver error). The maneuver
error can be computed from [21]:

AT?(2 - a)
aff(4 =20 - B)

As can be observed, this error is a function of only the
constant parameters of the filter and is independent of
the geometry of the vehicles. Thus, this term has no
role in the optimization procedure. The noise error can
be obtained as [20]:

(16)

oh =B [(2,() - w(k))"

857 + a4 — 20 — B)(2a8 — 12— )
= a(u)?, (17)
(2= a)(d—2a - A)(2aB—1(2—a))
where [E denotes the expectation notation, z; repre-
sents the true emitter’s position, and o(u) can be
obtained from Eq. (4) for an object at distance of pu.

Regarding the neighbors’ tracked emitters, each
vehicle considers minimizing the tracking error by
considering whether to track the neighbors’ dedicated
emitters or not. In other words, all neighboring vehicles
try to maximize the joint tracking precision of detected
emitters by assigning appropriate vehicles to track each
emitter.

2.4.3.2. Obtaining position observation from range
information

As the tracking af~ filter is suitable for a linear
model, the object Cartesian coordinates (p = [z,y]) is
appropriate for tracking and should be the input to this
filter, outcoming from the fact that the object usually
moves in a straight line. However, more complicated
filters such as extended Kalman filter or unscented
Kalman filter [22] should be used for nonlinear models.
This means that the polar coordinates ([r,6]) are not
appropriate, and the range only measurement (r) is
not sufficient for our means. In this regard, a solution
is proposed in the following to obtain the Cartesian
coordination of the emitter from the range information
available from the sensors, so that the a3~y filter can
be suitably applied.

In order to employ the a8~ filter, the two Carte-
sian coordinates of the emitter’s position should be de-
termined from the received signal, that only measures
just the distance of the emitter (r). To overcome this
issue, the locus of two circles, related to the current
time and the last time steps, are plotted, using the
two different sensor’s range measurements as the circles
radii and the two different vehicle’s positions as the
centers of the circles (see Figure 4). Then, the nearest
intersection of these two circles to the predicted point
(pp(k) = [z,(k),y,(k)]) is chosen as the Cartesian
observation (p,(k) = [z,(k),yo(k)]). It is noteworthy
that the step time should be chosen sufficiently small
that the emitter’s movement is negligible in this dura-
tion. In this way, an emitter’s position is available each
time a range measurement 7y is sensed. Based on this
new position, and then using the aforementioned a3~
filter, the emitter’s position can be tracked.

Current time sensing area

50

Current time UAV
position 8
Target position

200 Last time UAV
position

Last time sensing area

I I ! I I
50 100 150 200 250 300 350 400 450 500 550

Figure 4. Estimating the emitter’s position by two
successive range sensing.
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2.5. Optimization problem

For each vehicle the path and task should be deter-
mined, such that, considering the whole region and all
vehicles, the search and track mission is done suitably.
In this way, one can assure that all emitters, present
in the region, are detected and tracked as fast and
accurate as possible. To do so, an appropriate cost
function is defined according to the criteria presented
in the previous sections.

2.5.1. Cost function
The cost function of the route/task optimization prob-
lem is defined as follows:

K
J=> AJ",

k=1
ATF = ff Y (x,y)dxdy

Nemax

N~
+ZS'L Z [’J(xmvym)
=1 m=1

x (@ = 2+ (5 — ym)?

Ny Nr

+D D T % (0h)i, (18)

i=1 j=1

where AJ* is the term of cost function for kth
step (i.e., at time ¢t = KAT), K is the number of
steps in each optimization run, Y (x,y) is the joint
unawareness at point (z,y), and S; indicates whether
this vehicle is searching (S; = 1) or not (S; = 0).
Indeed, the first term is the integral of the unawareness
values over the whole region of interest during one step.
In the second term, N, . and Lj(Tm,ym) are the
total number of local maximums of the joint likelihood
function and their corresponding values, respectively.
In addition, [z},y?] is the ith vehicle’s position. The
second term is defined such that the vehicles move
toward the points that are more likely of an emitter’s
presence. In the third term, (0%);; is the estimation
error of tracking the jth emitter by the ¢th vehicle, and
T/ indicates whether this vehicle is tracking the jth
emitter (IV = 1) or not (I7 = 0). Finally, Ny and Ny
are the number of neighboring vehicles and detected
enitters being tracked, respectively. Minimizing this
term aims to track emitters with least estimation error.

In order to perform the optimization, feasible
routes should be considered. For this goal a gridding
network is assumed, in which the vehicles travel by
crossing only to the adjacent nodes in each movement.
For illustration, five candidates of feasible routes are
shown in Figure 5, where the current vehicle’s position
is denoted by number one.

OO OO OO0 00O
O @O O O 00 O
w O QO OO OO
O O OL0000 O

OO0 QOO OO
PTOOOOoOQQO OO
= (O O O O OWO O
w OO OO OO 0O O]

50 100 150 200 250 300

Figure 5. Five candidate feasible routes.

In this paper, Genetic Algorithm (GA) is em-
ployed for solving the optimization problem. The GA
is a searching process based on the laws of natural
selection and genetics.

2.5.2. Optimization constraints
The constraints of the optimization problem are as
follows:

1. Task assignment:
S;i+1T; =1, (19)

which means that the ¢th vehicle is assigned
whether to search the region (S; = 1,7; = 0) or
track an emitter (S; =0,7T; = 1).

2. Track assignment:

Nr
an = min(Nr, Ny), (20)

j=1

which means that a detected emitter should be
tracked by only one vehicle (and not more) and also
should not be released (if there is any vehicle ready
for tracking). In constraint of Eq. (20), n; indicates
whether the jth emitter is being tracked (n; = 1)
or not (n; =0), and Ny and N, are the number of
detected emitters and vehicles, respectively.

3. Vehicle’s dynamics:

ds
Vi(t) = —,
vain. < Vv(t) < Vv@maxv (21)

where V,(t) is the velocity as a function of time,
ds is the distance differentiation, and dt is the
time differentiation. This means that the velocity
limitations of the vehicles are considered besides the
equation of motion. In addition,

Rmin. < R(t)7 (22)
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which states the constraint on turning radius of the
vehicle (R(t)). The minimum turning radius of ve-
hicles, according to flying-vehicle’s characteristics,
can be calculated as [23]:
Vo .
Ry, = ——22—, (23)
VA S
where g is the gravity acceleration, and Vg,
and ng, ., are the velocity and load factor related
to minimum turning radius, respectively.

Gridding:
dN ~ 4'8Rllliﬂ ) (24)

where d is the horizontal (or equivalently vertical)
distance of the nodes. To illustrate this constraint,
suppose that in an extreme scenario the vehicle
moves in a sequence of Node 3 to Node 1 to Node 2
to Node 4 as shown in Figure 6, where the maximum
change in the vehicle’s heading angle occurs. Near
Node 1 and Node 2, this change equals 135°. Thus,
the minimum acceptable distance of two nodes can
be obtained from:

dN Rmin .

=5 = tan(45°/2)

= dy = 4.8Rmin .- (25)
Sensor range:

Two vehicles are assumed neighbors and therefore
can share their information only when they are in
the communication range of each other:

\/(Ii —x;)% 4+ (yi —y;)? < R, (26)

where [z;,y;] and [z;,y,] are the vehicles positions.
In addition, the vehicle is able to sense a signal

from an emitter only if their distance is less than
the vehicle’s defined sensor range:

\/(xs - fpt>2 + (ys - yt)z < R;. (27)

6. Obstacles:

When obstacles are present in the region, to avoid
obstacle collision, only those routes that do not
touch the obstacles are accepted. In more details,
each of the obstacles in the search area includes
some nodes of the preassumed gridding network.
Accordingly, these nodes are omitted from the
allowable nodes that form a candidate route. For
example, in Figure 7, there are three rectangular
obstacles that the vehicles should avoid colliding
with.

Moreover, it is possible that an emitter goes
behind an obstacle such that the vehicle has no
LOS to that emitter. Therefore, an emitter affects
a vehicle’s likelihood function only when there is
LOS between the emitter and vehicle. To formulate
this constraint, it is assumed that the obstacle B is
defined as a set of boundary line segments ( Note
the 2D consideration, as explained before.)

B={li=1,-- L}, (28)

where each line segment ({;) is considered straight, and
L is the number of these segments constituting the
obstacle B. Therefore, to have LOS, a line connecting
the vehicle to the emitter (¢Y%,) should not collide
with any member of the set B:

Bt {ljos} =0, (29)
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Node 4 Node.J|
"

300 -

350
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\ Node 3 Node y

1 | |
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| | | |
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Figure 6. Distance between two nodes and its relation with minimum turn radius.
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Figure 7. The nodes inside the obstacles’ boundaries
(shown in blue) are not considered for producing
candidate routes.

where the { symbol denotes the set of points obtained
from the intersection of the lines of the two sets.
Finally, it is obvious that only a vehicle, that has
LOS with a detected emitter inside its sensor range,
is allowed to be assigned to track that emitter.

2.6. Assessment stage

In order to decrease the computational burden, the cost
function is optimized once after multiple step times
(instead of at each step time), determining the route for
multiple step times. However, when moving through
the planned route, the vehicle may experience degraded
performance, as the emitters and environmental sit-
uations change dynamically. In this regard, at the
beginning of each step time, the appropriateness of the
planned route and task is evaluated by each vehicle.
This evaluation determines whether the planned path
and task are still suitable or not. For this purpose, the
cost function of Eq. (18) is evaluated for the rest of
the vehicle’s path (i.e., that part of the path that the
vehicle has passed is omitted from the summation of
the equation:

K
Ji = Z AnTika
k=kq

where k; is the current step’s index. Obviously, the
path’s cost may vary during the vehicle’s travel, as the
emitters are moving and new measurements are sensed.
In this regard, if the cost of the rest of the path has
increased unacceptably, a new planning optimization
is performed for that vehicle and the previous one is
neglected.

The proposed surveillance scheme is summarized
in Algorithm 1.

3. Simulation results
In the following, each optimization is performed to

Require: Set of tasks, locations, and sensor measure-
ments of the vehicles at the current time, ie.,
{S:, T}, {(2Y,yY)}, {R:} fori = 1, -, vehiclesN umber.

Ensure: A solution set of paths and tasks for i = 1,---, Ny ,
Possible new emitters.

a: Solve the constrained optimization problem of finding
the best (with the minimum cost) set of paths and tasks
among all feasible candidate sets, using the Genetics
algorithm.

b: The cost of a candidate set of paths (including K steps)
and a candidate set of tasks for the vehicles is calculated
as below (lines 1 to 27).

I: Seti=0;

2: repeat

3 d=i+l;

4 if vehicle(i) € {Search vehicles} then

5: for all (z,y) € region of interest do

6: Compute the unawareness value Y;(z,y) (Equa-
tion 2)

7: Compute the likelihood value £;(x,y) (Equation
3)

8: Combine the likelihood values of subsequent times
according to Equation 13

9: end for

10:  else if vehicle(i) € {Track vehicles} then

11: Estimate the assigned emitter’s position (Equation
15)

122 end if

13: until ¢ < Ny

14: for all (z,y) € {region of interest} do

152 Compute the joint unawareness Y (z,y) (Equation 7)

16:  Compute the joint likelihood value £; (Equation 12)

17:  if Ly > LikelihoodI hreshold then

18: A new emitter is declared detected at (z,y)
19:  endif
20: end for

21: for all detected emitters do

22: Compute the joint tracking precision o3 (Equation 17)

23: end for

24: Set k=0;

25: repeat

2: k=k+1;

2. Compute cost of k'th step (AJ*) according to Equa-
tion 18

28 until k< K .

29: Compute J =YK, AT".

30: Output J

Algorithm 1. Algorithm for the cooperative surveillance
problem of a group of neighboring vehicles.

obtain the routes for three time steps (K = 3 in
Eq. (18)). Specifically, the GA employs the scattered
crossover method with a crossover fraction of 0.8. Be-
sides, the Gaussian mutation is utilized for producing
the next generations, while the Stochastic Universal
Sampling (SUS) technique is applied for the selection
procedure [24]. Maximum number of iterations before
the algorithm halts is chosen as forty.

The recent six positions of the vehicles are as-
sumed to have zero unawareness values, as illustrated
in Section 2.1. If the value of a point’s likelihood gets
1,000 times larger than the average of all the values
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of the region, then that point would be declared as a
new emitter. In addition, the vehicles’ range sensor
is agsumed to have a detection range of 170 km, and
the vehicles have low frequency communication links,
which allow them to be connected with each other
through the whole region. Indeed, the obstacles that
prevent the radio emitter’s signal from being inter-
cepted by the vehicle’s range sensor, are not considered
barrier for the communication signal. Moreover, each
vehicle flies with the velocity of between 120 km and
180 km per hour. Thus, setting the load factor as
MR = 1.8 leads to the minimum turning radius of
the vehicles as Ryin = 75.7 m (from Eq. (23)). The
distance of nodes is chosen dy=380 m to meet the
constraint of Eq. (24). Having a velocity controller,
each vehicle goes from a node to its adjacent node
in a step time (AT). By choosing AT = 11 s, the
velocity of the vehicle remains in the aforementioned
bounds.  Accordingly, the velocity in longitudinal
and lateral directions would be 34.55 m/s, which is
more than the minimum allowable speed. Besides,
the velocity for passing in the diagonal nodes would
be 48.85 m/s which satisfies the maximum allowable
speed. In addition, for satisfying the turning radius
constraint, no vehicle can turn back, or remain at its
last node. Furthermore, the region of interest, with
the dimensions of 19 km x 19 km, is divided to 50
equi-distance nodes. In the following, the distance,
time, and velocity values are normalized by dn=380
m (distance of two adjacent nodes), AT=11 s, and
380/11 m/s, respectively. Finally, values of a = 0.5,
8 =0.1, v = 0.001 are used for the tracking filter.

3.1. An instructive scenario

In the following, the ideas mentioned before for opti-
mizing the vehicles’ routes and tasks are illustrated by
an example. In this scenario, three vehicles at (10;5)
(first vehicle), (10;30) (second vehicle), and (10;55)
(third vehicle) are considered. In addition, two emit-
ters, initially at (41;50) and (35;22), are moving with
constant velocities of (0.1;0) and (0;—0.17), respec-
tively. Also, three obstacles (for example, mountains)
are present in the region of interest, whose boundaries
are distinguished by light blue lines in Figures 8 and 9.

Figure 8 shows the joint likelihood function for
the 14th optimization. In this step, the value of the
peak at (19;19) exceeds the threshold, and therefore, a
new emitter is declared. From now, two vehicles search
the region and the other one tracks the only detected
emitter. As expected, since the second vehicle is closer
to the detected emitter, it is assigned to track and the
other two vehicles continue searching.

As the searching vehicles continue searching, the
likelihood function, gradually tends to yield narrower
peak until the peak exceeds the threshold in the 34th
optimization and a new emitter at (23;53) is declared.

x10%
60
9
50 | Search Vehicle#1
Track Vehicle
Search Vehicle#2 08
40 1 Detected Emitter ’
Not-Detected Emitter
0.6
30
0.4
20
10 0.2
0 0
0 10 20 30 40 50 60
Figure 8. Joint likelihood function for the 14th
optimization.
e 10.02
410.018
50
10.016
40 10.014
10.012
30 0.01
0.008
20
0.006
Track Vehicle#1
10 = Track Vehicle#2 0004
A Search Vehicle
*  Detected Emitter#1 0.002
:::: Detected Emitter#2

10 20 30 40 50 60

Figure 9. Joint likelihood function for the 34th
optimization.

The likelihood values are shown in Figure 9. Based on
the constraint of Eq. (20), from now, two vehicles are
assigned to track.

The overall vehicles’ trajectories are shown in
Figure 10. It is worth noting that after the second
emitter detection, the two tracking vehicles plan their
routes only based on the error estimation criterion. The
position estimation errors of the two detected emitters
are presented in Figures 11 and 12. Although some
little temporary increase in the z-coordination error
is observed at about step#100 due to the vehicle’s
maneuver, the results show satisfactory convergence.

3.2. Performance evaluation

In this part, the effectiveness of the cooperation be-
tween vehicles in the surveillance scenario is investi-
gated.

3.2.1. Effect on detection
First, one stationary emitter is positioned randomly
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Figure 13. Effect of cooperation on detection time.

in the region of interest with no obstacle, and a
cooperative search mission is performed according to
the proposed algorithm. This scenario is repeated
for different number of employed vehicles. In fact,
each scenario is repeated for 100 times with 100
randomly chosen positions for the emitter, and the
mean detection time, is measured. The results are
depicted in Figure 13, where the efficiency of the
cooperation in decreasing the mean detection time is
obvious. The results suggest that in a cooperative
surveillance, increasing the number of search vehicles,
initially, has a significant impact on the detection. But,
gradually this improvement tends to saturation, which
implies that no considerable decrease occurs in the
detection time by increasing the number of vehicles,
and three is adequate. Moreover, it is observed that one
vehicle alone has relatively weak detection performance
due to the nature of its range only sensor.

The same result is observed in Figure 13 for
one moving emitter in the region, where 100 random
positions are produced for the emitter and the emitter
starts to move to the center with a constant velocity
of 34:5 m/s. Also, notice that so long as the emitter’s
speed is not very high with respect to the step time,
such that it satisfies the constraint of Section 2.4.3,
introduced for the intersection localization method, the
algorithm well detects the emitter and there is not
significant difference between a moving emitter and
a stationary emitter from the detection time point of
view.

3.2.2. Effect on coverage

In this part, the effect of vehicles’ number on the
coverage level of the region is examined. In fact, for
different number of vehicles, the previously mentioned
region of interest without any emitter or obstacle is
considered. In this case, according to what stated in
Section 2, only the unawareness criterion determines
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Figure 14. Joint unawareness level.

the vehicles’ routes, and the values of other two terms
are zero. The value of the resulted cost function,
which is indeed the joint unawareness level, is depicted
in Figure 14 over 20 optimization phases for 1 to 3
vehicles.

First, notice that the unawareness values are less

by roaming at. Moreover, similar to the previous
analysis (Figure 13), one vehicle (without cooperation)
has relatively weak performance as a result of using
range only sensor.

3.2.8. Effect of emitter’s velocity

The effect of emitter’s velocity on the tracking per-
formance is examined. To do so, two vehicles and
one emitter are considered. Indeed, regarding the
previous analyses’ results, it can be observed that two
vehicles are sufficient for such mission. The vehicles
are positioned initially at the two corners of (1;1) and
(1;59). In six different scenarios, the emitter starts
from (40;55) with a velocity chosen from Table 1.

The resulted vehicles’ trajectories, upto the 43’th
optimization, are shown in Figure 15.

The mean error of the emitter’s position esti-
mation in the phase of stable tracking is shown in
Figure 16. As can be observed, it increases with the
increasing of the emitter’s velocity.

The reason lies in the fact that in producing the

Table 1. Scenarios for different emitter’s velocities.

Normalized

. L .- . . S i S d (km/h
for more vehicles. In addition, it is worth noting that in cenario velocity vector peed (km/h)
addition to the decreasing behavior of the unawareness 1 (0;0) 0
over the 20 phases,each case converges to. a final value 9 (0; —0.083) 10.36
which, also, decreases by adding more vehicles. Indeed, 3 (0; —0.167) 2073
for a limited number of vehicles searching a region 4 (0: —0.250) 4110
of interest, the proposed optimization scheme, finally, T '

: . ) 5 (0; —0.333) 41.45
leads to optimum locations for the vehicles, where
the vehicles have the most awareness of the region 6 (0; —0.417) 51.82
60 \ﬁ’ 60 60
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Figure 15. Vehicles’ trajectories.
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Figure 16. Mean error of the emitter’s position
estimation.

position measurement of the emitters by the intersec-
tion method presented in Section 2.4.3, there was an
assumption of emitter’s being approximately stationary
with respect to the vehicle in two successive steps, as
mentioned before. However, by increasing the emitter’s
velocity, this assumption gets more violated. Moreover,
it can be inferred from the results that localization of
a stationary emitter is performed perfectly due to the
feature of intersection method.

3.3. Validation with regard to recent works
In this part, the efficiency of the proposed search
algorithm is compared with two similar recent works
of the same field.

First, the search algorithm of [25] is considered.
In this article, the flying-vehicles’ paths are determined
using a distributed Ant Colony Optimization (ACQO)
algorithm. Assume a 50 kmx 50 km region with
10001000 nodes. Two vehicles with the initial
locations of (0;0) km and (50;0) km are to search the
region for eight stationary emitters, as in Figure 17.
The vehicles have the speed of 250 m/s with the
minimum turning radius of 100 m. In this regard,
the distance of two adjacent nodes is chosen 500 m
to satisfy Eq. (25). As can be observed in Figure 17,
there are some zones in the region of interest which
should be avoided by the vehicles, as the environmental
obstacles. In addition, it is mentioned in [25] that the
enitters are detected whenever they are in the range
of 1 km of the vehicle’s sensor.

The result of the detection procedure is stated in
Table 2. As can be observed, the eight emitters are

Table 2. Detection time in the presence of obstacles (s).

ACO method Proposed
of [25] method

333.33 181.12

Detection time (s)

50 T T T T T

% Emitter
45 * [N Obstacle 4

*

|
0 5 10 15 20 25 30 35 40 45 50
x (km)

Figure 17. Scenario of detection in [25].

detected by the method of [25] in 333.33 s, while our
proposed algorithm leads to detection of these emitters
in 181.12 s.

As the second similar work, [26] is considered,
where the flying-vehicles are equipped with RSSI sen-
sors, and aim to detect and localize the emitters. In
each vehicle, a Mont Carlo filter is implemented to fuse
its measurements with other vehicles’ measurements.
Then, the guidance points are generated, and the
searching guidance law directs the vehicle through
these points.

The region of interest is 40 km x 40 km with
the adjacent nodes’ distance of 380 m. The number of
neighboring vehicles searching for the emitters, varies
from one to five, in separate scenarios. In each scenario,
three parameters are investigated:

e Detection time,
e Success rate,

e Income, which is defined as below [26]:

—(D4)? D,

In = n;10000e™ 200~ + 500 — nS@1500($), (30)
where n; and n,, are the number of localized
emitters and flying-vehicles, respectively, and Dy is
the detection time in minutes. The income value
is larger for a mission with more detected emitters,
fewer number of employed vehicles, and less hiring
time.

The detection process of [26] is such that an emitter is
declared detected whenever the vehicle gets as close
as 50 m to it. In the first scenario, one emitter is
positioned at (37,20) km. The results are shown in
Table 3, where we can see that:

e Both search algorithms lead to the detection of the
emitter with 100% of success rate;
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Table 3. Performance evaluation according to criteria introduced in [26].

Mean detection time (s)

Success rate (%)

Income value

Number of Method of Proposed Method of Proposed Method of Proposed
vehicles [26] method [26] method [26] method
1 1619 818.07 100 100 3014 6442
2 831 193.05 100 100 5953 10084
3 749 151.8 100 100 6167 10152
4 714 152.13 100 100 6118 10087
5 685 89.1 100 100 6029 10259

e Our proposed algorithm overcomes the algorithm of
[26] from the detection time point of view. Also,
it is observed that the cooperation of the vehicles
plays a key role in the detection time parameter,
as increasing the number of vehicles significantly
improves this parameter;

e Our proposed algorithm results in better income
values with respect to the Mont Carlo filtering
method.

It is noteworthy that, as the authors have mentioned
n [26], the method is best appropriate for one emit-
ter. However, they have presented the outcome for
detection of two emitters (positioned at (35.1,16.2) km,
(37,25.7) km). The resulting success rate for the Mont
Carlo Method and our proposed algorithm is shown
in Table 4. As can be observed, while the Mont Carlo
method is poor in this case, our proposed method leads
to perfect detection.

In overall, the results represent the flexibility
of the proposed algorithm with respect to various
scenarios with different number of emitters, different
number of vehicles, different step sizes, different node’s
distances, and, in general, different circumstances of
the mission. Notably, in the proposed algorithm,
when there is no signal in the environment, a suitable
procedure (environmental unawareness criterion) is
designed to look for possible targets. Then, a proper
process (emitter likelihood criterion) is developed for
the case of sensing signal from targets. These two logics
together result in well detection of covert targets, while
monitoring all intended zones of the surveillance region

Table 4. Performance evaluation with two emitters.

Success rate in detection
of two emitters (%)

Number of

Method of [26] Proposed method

vehicles
1 8 100
2 42 100
3 52 100
4 64 100
5 62 100

at the same time. Finally, an appropriate estimation
procedure is used to track the detected targets, which
completes the surveillance mission perfectly.

4. Complexity discussion

It can be inferred from the proposed surveillance
scheme that its computational burden is directly re-
lated to the cost function defined in Eq. (18). Indeed,
without using the GA, and through an exhaustive
search to find the optimum solution, the total number
of times, that the cost function should be computed,
(which is in fact the total number of candidate solu-
tions) is obtained from:

¢y = (8 x (8= )51 P(N,, Np), (31)

where 8 is the number of grid points surrounding
around each grid point in our model, so that a vehicle
have 8 choices to go at each step. In addition, P
denotes permutation and other parameters are defined
before. In this relation, the first term is the number of
states due to the different paths that the vehicles can
pass, and the second term is the different number of
choices for assigning the search and track tasks to the
vehicles.

On the other hand, for each time the cost function
is computed, the computational burden is equal to:

Cy :FS(I{'pNv)"i_FT([('(l_p)Nv)(Xva (32)

where Fg is the time complexity of the search term of
the cost function, and F7r is the time complexity of the
track term of the cost function. p is the proportion
of search vehicles to the overall number. Namely, Eq.
(32) is referred to as the order of evaluate.

The total complexity order of the aforementioned
exhaustive search is obtained from the multiplication
of two values of Egs (31) and (32):

Cr = (8 x ™1™ N,P(N,, Ny)

K (Fsp+ Fr(1-p)). (33)

Therefore, the complexity of an exhaustive search
would grow in an exponential regime with respect to
the number of vehicles, rather than polynomial.
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It is shown that, by employing the GA, the
complexity would be on the order of (Cy x m ln m/
In r), where m is the population size and r is the
fitness ratio (in more details, r can be referred to as the
ratio of the average cost function value when setting
a gene to 1, to the average cost value when setting
that gene to 0. Obviously, this value is defined cost
function dependent). Both of m and r are constants
[27]. So, using Eq. (32), the complexity order of
the proposed genetic-based surveillance scheme will be
O(N,). Therefore, it is observed that the exponential
relation is reduced to a polynomial one, which leads to
a much more efficient algorithm.

5. Conclusion

The problem of detection and tracking of station-
ary and moving emitters by multiple flying-vehicles,
working in a cooperative manner, can be considered
in any scenario, in which finding and monitoring a
specific kind of radio emission source is desired. This
may involve a vast range of applications, such as
rescue, animal monitoring or localizing hostile radio
equipment, etc. In this study, with the intention of
using low-cost applicable agents, the flying-vehicles are
considered to be equipped with only range sensors that
measure the distance from radio emitters. In this case,
in addition to detecting, the problem of localizing the
emitters also arises. Moreover, the region of interest
may consist of various obstacles which barricade the
line of sight and therefore, add complexity to the
surveillance.

It is shown that by introducing a suitable cost
function combined with taking advantages of Genetic
Algorithm (GA), the routes and tasks of the vehicles
can be obtained efficiently. This efficiency is based
on three points of views: the complexity burden
of solution, detection of new emitters, and track of
detected emitters.

The proposed procedure is appropriate for vari-
ous search and tracking missions where the primary
solution is costly, irregular, or time inefficient. All
these advantages are provided through an intelligent
cooperation of agents.

Although the vehicles are considered to be
equipped by range sensors, however, the proposed
surveillance methodology can be easily adapted for
enmploying the other radio semnsors such as Direction
Finding (DF). Also, extending the proposed algorithm
to the 3D (3-dimensional) can be considered as a future
work, where the vehicles can change their height during
the mission. All concepts presented in this paper in
defining the proposed criteria are applicable to the 3D
case, too. However, new gridding network should be
defined and, probably, innovative approaches should be
developed to overcome the computational issue of 3D

scenarios. In addition to these subjects, considering
the surveillance problem of cooperative vehicles with
no prior knowledge of the terrain and moving towards
more analytic methods while benefiting more advanced
tracking filters would be interesting for future study.

Nomenclature

R, Maximum communication range of
vehicle

R, Maximum radio sensing range of
vehicle

T Unawareness value

Ay Joint unawareness value

P, Received signal’s power

d Distance

L Likelihood value

Ly Joint likelihood value

I Mean value of distribution

o Standard deviation of distribution

Oyp Antenna’s half-power beamwidth

AT Sampling interval

E{} Expectation notation

AT" Term of cost function for kth step

J Total cost function

Ny Number of vehicles

Nr Number of detected emitters

Rin . Minimum turning radius

Voo B Velocity related to minimum turning
radius

MR, Load factor related to minimum
turning radius

g Gravity acceleration

A% Velocity vector

OBE Skew symmetric matrix of the angular

velocity vector of vehicle with respect
to the earth

SBE Displacement vector of the vehicle with
respect to the earth

My Vehicle’s mass

fap Aeropropulsive (aerodynamic and
propulsive) force

fq Gravity force

x Proportional to
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