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In this paper, a Centralized Conflict-free Assignment Learning Spiking neural network (C2ALS) is formulated for solving a Perimeter
Defense Problem (PDP). Here, the region between the perimeter and the sensing range of the defender is divided into two layers. The
outermost layer, in which the defender can only sense the intruders, is termed the sensing layer. The layer closest to the perimeter in
which the defenders can sense and capture the intruders is termed the capture layer. Both layers are further divided into angular
segments with respect to the center of the area to be protected. The spatiotemporal movements of both the defenders and intruders in
these segments are converted into spikes and given as input to a Spiking Neural Network (SNN). The SNN is trained in a supervised
manner to learn the intruder capture assignments of a defender in terms of these segments. Here, the desired assignments required for
training a defender are referred to as greedy assignments because while generating them, priority is given to those segments that are
relatively closer to the defender’s actual location. Inhibitory connections are used in the SNN architecture to obtain assignments without
conflicts. Detailed performance study results show that the proposed C2ALS approach outperforms the other existing centralized opti-
mization-based solutions for PDP by a 17% increase in the success rates of capturing the intruders. Also, C2ALS is the first centralized
spike-based learning solution for PDP, capable of generating conflict-free assignments while ensuring robust intruder assignments with
minimal defender movement.
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1. Introduction patrolling problem. Later, the PDP was addressed using
geometrical approaches for a circular territory [2, 3], coni-
The Perimeter Defense Problem (PDP) is a multiplayer  ca] territory [4-6], convex territory [7-11] and recently for
problem, in which a team of intruders tries to enter a given 4 3p hemisphere territory [12]. A detailed review of dif-
(for ease assumed to be convex) territory, and a team of  ferent solution approaches and the challenges in solving a
fiefenders (operatmg.on the perimeter) .trles to capture the PDP was presented in [13].
1ntr1.1ders on the perlme.ter before the. intruders ent.er the An adaptive partitioning of space into disjoint regions to
territory. The PDP was first proposed in [1] as a perimeter protect a circular territory was presented in [3]. The
defenders were assigned to the disjointly partitioned
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gmail.com, Ishrvel@itu.se solution in [9] solves a spatiotemporal multitask assign-
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systems (DMRSTMTA). A multitask assignment approach
for protecting a convex territory using a dynamic defender
team size was proposed in [10]. The above solutions for
solving the PDP require retraining when the shape of the
perimeter or the size of the defender team changes. In [11],
a Spiking Neural Network (SNN)-based solution for solving
the PDP without any additional retraining when the de-
fender team or perimeter shape changes was presented.
Here, the SNNs were considered because they efficiently
handle both space and time interrelations and can process
information in an energy-efficient manner as events
[14-16]. SNNs with different types of connections, such as
inhibitory [17] and time-varying connections [18], have
been explored in the literature. A detailed overview of SNN
learning algorithms can be found in [19]. The solution
proposed in [11] uses a Decentralized Spike-based Learning
approach (DSL) for defending a convex-shaped territory. In
DSL, the SNN was trained in a supervised manner with
expert assignments obtained by a centralized ground-truth
policy developed earlier in [10].

Another supervised learning-based solution for defend-
ing a 3D hemispherical territory using graph neural net-
works was presented in [12]. The solution proposed in [12]
assigns one intruder to each defender; hence, it is not
suitable when intruders are in higher numbers than those
of the defenders. The maximum matching algorithm pro-
posed in [20] was used as an expert policy to train a graph
neural network in [12]. All the learning-based solutions
proposed in [11, 12] require an external expert algorithm to
obtain the desired assignments for training. In addition,
because of the sparsity and imbalance in the data generated
during training, DSL uses an additional oversampling
technique, as in [21]. The use of additional algorithms to
balance data and training may lead to an increase in
computational complexity and additional memory require-
ments. Hence, there is a critical need for a learning-based
solution for PDP that can generate expert data on its own
for training without the need of any additional algorithms
and this is exactly the problem that this study attempts to
address.

In this study, a Centralized Conflict-free Assignment
Learning Spiking neural network (C2ALS) is formulated for
solving PDP. As the PDP can be formulated as a spatio-
temporal problem (as discussed in [9]), SNNs are better
tools for handling spatial and temporal data as events
known as spikes [22, 23]. The SNN in the proposed ap-
proach is trained to learn the greedy assignments that can
be generated with fewer computations, in contrast to that in
[11], where the training data are generated by solving op-
timization problems. By greedy assignments to the de-
fender, we refer to those assignments to a defender where
the intruder locations on the perimeter that are closest to a
defender are selected so that it can reach location I at the

same time when an intruder arrives. These assignments are
referred to as greedy assignments, as the defender is
assigned to those locations that are closest to it compared
to any farther locations. The capture assignments for each
defender to protect the territory are obtained using C2ALS.
Sometimes, these assignments may lead to conflicts, and to
obtain assignments without conflicts, a conflict-free as-
signment learning SNN is used for learning the greedy as-
signment. If any conflict occurs in the assignments of the
defenders, then with the help of inhibitory connections [17]
these conflicts are resolved during the training of the SNN. In
C2ALS, the updation strategy is designed to update the
weights of these inhibitory connections along with other
weights in the network. Unlike in [24], C2ALS does not im-
plement an additional conflict resolution mechanism beyond
the bidding algorithm used for multitask assignment.

The C2ALS is formulated by considering that the size of
the team of defenders is smaller than that of the intruders
at any given time. Hence, this necessitates at least one de-
fender to perform multiple tasks of capturing the intruders
to keep the perimeter safe. The performance of C2ALS is
evaluated using the metric of success rates, which is defined
by the percentage captures of intruders by a team of
defenders to protect the territory. C2ALS performance is
also compared with other existing one-to-many assignment-
based solutions that are both centralized and decentralized.
The results indicate that the proposed C2ALS performs 17%
better than other existing state-of-the-art centralized one-
to-many solutions, namely, Adaptive Partitioning (pre-
sented in [3]). Also, the proposed C2ALS approach outper-
forms DSL by 3% which is a decentralized learning-based
one-to-many solution. A qualitative performance compari-
son demonstrates that the proposed C2ALS approach
eliminates the need for additional conflict resolution or
extensive expert algorithms (as the desired assignments are
obtained using a simple greedy approach). Furthermore, the
trained SNN in C2ALS can be directly utilized to determine
assignments when the number of intruders or the perime-
ter shape changes, provided all other parameters remain
constant. This paper is arranged as follows. Section 2 pre-
sents a detailed formulation of the spiking neural network
for Centralized Conflict-free Assignment learning. The
qualitative and quantitative performance evaluations of the
proposed CZALS approach are presented in Sec. 3. Finally,
the conclusions of this study are summarized in Sec. 4.

2. Centralized Conflict-free Assignment Learning
Spiking Neural Network (C2ALS)

In this section, the proposed centralized approach using a
SNN to solve the PDP is discussed. First, an instantaneous
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scenario of the perimeter defense problem with a higher
number of intruders than the defenders is presented. Then
the C2ALS formulation is presented.

2.1. A typical scenario of the perimeter defense
problem (PDP)

The typical PDP scenario consists of intruders who try to
enter through the perimeter of a protected territory, and
defenders who protect the perimeter from these intrusions.
Let us consider a total of D defenders are used to defend the
perimeter of N(> D) intruders. Figure 1 shows a typical
PDP scenario, in which the region to be defended is shown
in green. The boundary of the green region is considered to
be the perimeter. The region between the perimeter and the
sensor range for detection by the defender is divided into
two different layers: a sensing layer and a capture layer. For
ease of generalization, the shapes of the sensing and cap-
ture layers are considered similar to that of the perimeter.
The region in which defenders can sense the intruder’s
information, such as the position and arrival time towards

- AT Capture Layer-c
1 ,' Ig
N Sensing Layer-1

Fig. 1. A typical PDP scenario.

PDP Scenario

the perimeter, is termed the sensing layer. The region in
which the defenders can capture the intruders is called the
capture layer. The sensor layer is larger and encloses the
capture layer. In the capture layer, a defender senses and
also obtains information from other defenders. The defen-
ders are constrained to operate only in the capture layer
surrounding the perimeter, as shown in Fig. 1. Each layer is
segmented into [ angular segments. An ith angular segment
s’ that makes an angle k° with the center of the region to be
defended (i.e. the green region) is shown in Fig. 1. Intruders
are assumed to be radially incoming towards the perimeter
through these segments. A strategy needs to be developed
to spatially intercept the intruders in the capture layer at
their time of arrival. Because of the smaller number of
defenders than the intruders, each defender must perform
multiple spatiotemporal tasks to capture the intruders. The
proposed centralized greedy assignment SNN for the PDP
and its learning algorithm is presented in the following
section.

2.2. Centralized conflict-free assignment learning

spiking neural network (C2ALS) formulation

A C2ALS to solve the PDP is presented in this section, and a
schematic of the same is shown in Fig. 2. An SNN is trained
to obtain conflict-free assignments using inhibitory con-
nections among neurons in the distributed coding layer. The
SNN in C2ALS is trained in a supervised manner to output
the desired assignments, which are greedily obtained. These
are termed greedy assignments because each defender is
assigned to its closest intruder in the PDP scenario. Let us
consider that an intruder radially arrives at segment s; of
the perimeter at time t;. Let defender d be required to
capture an intruder in segment s, (which is the segment
closest to s; where a defender is already assigned) at time t;
s (tx <t;). Depending upon the velocity of the defender
d (V,), its desired greedy assignment to segment s; is

i Information
. fusion
N /gijk/ Defender-Intruder Conflict free assignment Conflict free spatial | S\
— = - Spatiotemporal information learning SNN defender assignments | U/
2 o
R 2 Capture Layer-c Trajectories for
) * ST Intruder information defenders
Fig. 2. Schematic representation of proposed centralized framework for conflict-free greedy assignment learning SNN-based solution

for PDP.
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evaluated as

17 if Vd > —l7
v b — t (1)
0, else.

The SNN developed to learn the aforementioned greedy
assignments without any conflicts is presented in the fol-
lowing section.

2.2.1. Conflict-free assignment learning SNN

The perimeter is divided into 36 angular segments, each of
which makes an angle of 10° with respect to the center.
Each input neuron in the SNN is associated with one of the
segments in the perimeter. Let us consider that an input
neuron x; is associated with the segment s; in the perimeter.
If a defender is already present in segment s;, then the input
neuron x; provides a spike at the start of the simulation at
1 ms out of the total simulation interval T. Similarly, if an
intruder I is sensed to radially incoming toward the seg-
ment s; of the perimeter, then the input neuron x; provides a
spike at t} as given as follows:

d+
] Vlj

where d ,L is the perpendicular distance between the sensed
location of the intruder [ and segment s; on the perimeter.
Vj; is the velocity of intruder [ in d1rect10n dij. The spike
pattern generated by 1nput neuron x; is denoted by
e ={t, ... f} Where ¢; ¥ is the fth input spike time
generated by x; neuron. In the Distributed Coding Assign-
ment layer (DCA layer), two neurons (a ad) are used to
decide the assignment of defender d to segment s;. The
neurons in the DCA layer are connected to the input neu-
rons with the help of connections with weights w! as shown
in Fig. 3. w ¢ and WJ represents the connections of the

weights between input neuron x; and DCA layer neurons a]d

and a in the defender-d ass1gnment part of the SNN. In the
DCA layer positive assignment neurons (a;) among the
different defenders are connected using inhibitory connec-
tions. h ]%-d represents the weight of the inhibitory connection
between a ]-1 neuron of the defender 1 assignment part of the
SNN and a]‘-” neuron of the defender d assignment part of the
SNN. Each positive assignment neuron is inhibitory and
connected only to its counterpart in the other defender
assignment parts. The potential developed by the positive-
assignment neuron a]‘-i at a given time instant ¢ in the DCA
layer of the defender d assignment part of the SNN is
denoted by v‘-”(t).

Z wj

Z (=)= > hile(t—t*), (3)

k.kAd

Defender-1 assignment

Input layer
Defender-d assignment

/ 7 DCA-layer

N
Output layer
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1
|
|
|
‘ I
|
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I

Fig. 3.

Conflict-free assignment learning SNN.

where t;lk denotes the spike time of a jk neuron in DCA layer
of defender-k assignment part of SNN. Similarly, the po-
tential developed negative assignment neuron a? is deno-

ted by V]( ).

Jj

Zw DY et—t)) (4)
f

€ is the spike response function evaluated using [25]. If 7 is
the constant of the neuron, then ¢ is evaluated as

t t
e(t) =—-ex (1——). 5
() =—-exp (1-2 (5)
Based on the spike time t;"’ of positive assignment a}d
neuron and t?d of negative assignment ?1]‘-1 neuron the final

assignment of defender d to segment s; is obtained using yj‘-l
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output neuron.

1
d )
Y; :{07

If the output of yjd neuron is 1, then the defender d is
assigned to segment s; in the perimeter and vice versa if the
output of y] neuron is 0. The weights of the Connectlons in
the SNN are updated such that the output of y] neurons
matches its desired greedy assignment ¢ i

oo ay ay
if tj! < t]—. ,
else if tf“ > t;fd.

(6)

2.3. Conflict-free assignment learning algorithm
for SNN

Depending on the desired and actual outputs of the neurons, the
weights in the SNN are updated using a conflict-free assignment
learning algorithm. The weights are updated according to any
one or more of the following scenarios: skipped assignment,
false assignment, or assignments with conflicts. A detailed de-
scription of these scenarios and the corresponding weight up-
date equations for these scenarios are presented as follows:

e Skipped assignment (lfj/]‘-i =1 and j/]‘-i ;éy]d):
In this scenario, the SNN does not assign defender-d to
segment s; while it is required to be assigned. Therefore,
in this scenario, the SNN skips an assignment for de-
fender d to segment s;. From Eg. (6), it can be observed
that the defender-d is not a551gned to the segment s;
because the spike tlme of a neuron (¢; ) is not lower
than spike time of a neuron (ta”) Therefore to make
the actual output y] equal to y], the a] neuron is made
to spike earlier than the a? j neuron. This can be achleved
by increasing the feed-forward weights connected to a? ]
and decreasing the weights connected to (1}1 neuron.
Equations (7) and (8) show the weight update connected
to a]‘-i and Elj‘-i neurons using Synaptic Time-Dependent
Plasticity (STDP) as in [26].

ad—t
“+ Z nt- eXP( )

ft <t
Vi€ [1,36] (7)
9 —
i 5 e (<120,
X, u
fi] <t
Vie[1,36], (8)

where 7, n"&n~ are the STDP time constant, learning rates

during positive and negative weight updates, respectively.
o False assignment (lfj/]‘-i =0 and j/f ;zéy]‘-i):

In this scenario, defender-d is falsely assigned to seg-

ment s;, whereas the desired greedy assignment suggests

that it should not be assigned. This occurs when y] 1s
equal to 1, which is because the spike time of the a? i
neuron [t]") is lower than the spike time of a? K neuron
(t 1) from Eq. (6). To make the actual 3551gnment y]
1dent1cal to the desired assignment yj, the weights
connected to a] neuron are decreased and the weights
connected to a]d neuron are increased such that the
latter spikes earlier than the former. The required
updates connected to a]‘-i and C_l;-i neurons in this scenario

are as follows:
a X
< tjd . tif)
-exp | — ,
Tu

1d
wi' — wj' Z n

f,t,. <t].
Vie[1,36], (9)
t5 —t;
+ Z nt- exp( '),
ft <t
Vie[1,36]. (10)

. A551gnment with conflicts (If y i
yi):
Even though the actual assignment y ¢ ; is the same as the
desired assignment y], there is a conflict in the assign-
ment in this scenario. This conflict arises because any
other defender k is also assigned to segment s; in the
perimeter, along with defender d. The segment s; should
be assigned to defender d rather than defender k as the
desired assignment )7]‘7[ = 1. Therefore, in this scenario,
segment s; should not be assigned to the defender k.
This is achieved if a neuron spikes after the a¥ j neuron.
This spiking phenomenon is achieved by increasing the
weight of the inhibitory connections and decreasing the
weight of the feedforward connections connected to a]]-‘

neuron. Figure 4 shows the resolution of conflicts using

inhibitory connections.
t% _ ¢
it ol Y e ()
Tu
Vi € [1,36] (11)

f.,t,. <tj
a a;
t]-" — t]-
T ) (12)

Vie [1,D]Ai#k.

y]d =1 and if Vk.’k#d

h]’]k — h]’}k +nt -exp (—
where ¢ < ¢,

Once the conflict-free assignments of all defenders are
obtained using the SNN, they are combined with intruder
information to obtain the final trajectories. Based on the
time of arrival of the intruders the assignments of each
defender are arranged sequentially while obtaining their
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final trajectories. Each defender follows its trajectory in the
capture layer and intercepts the intruders to defend the pe-
rimeter. The pseudocode for training the SNN to obtain desired
and conflict-free assignments is presented in Algorithm 1.

3. Performance Evaluation of C2ALS

In this section, the detailed performance evaluation of the
C2ALS proposed for solving a PDP is presented. Initially,

Algorithm 1. Pseudocode for training Conflict-free as-
signment SNN

for each training sample obtain the desired and final
assignments of all output neurons using Eqgs. (1) and (6)
do

for each d € Total number of defenders (D) do

for each j € Total number of segments (36) do

if g];-i =1and y;.l # yj”-l then

update weights in DCA layer using Egs. (7) and (8)
end if

if y;.i =0 and g;.l # y? then

update weights in DCA layer using Egs. (9) and (10)
end if

if Q}i = y;l =1 and Vk_’k?gd yf = yjd then

update weights in DCA layer using Egs. (11) and (12)
end if

end for

end for
end for

Defender-A assignment
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(A) Conflict is detected between the assignments of Defenders 4 and B. (B) Conflict is resolved with the help of inhibitory

the data generation method for training the C2ALS is dis-
cussed along with the simulation setup. Then a case study
presenting the capture assignments obtained using the
C2ALS for a given PDP scenario is presented. Then, the
overall success percentage of the proposed C2ALS in
defending the territory is presented. To study the effec-
tiveness of the C2ALS, a comparison with other state-of-
the-art centralized and decentralized methods is also
presented.

3.1. Simulation setup

In this study, a PDP problem is considered, where the
intruders arrive with a Poisson distribution with an ar-
rival rate of 4 over 8s. A segment with k = 10° resulting
in 36 segments is considered. These intruders are placed
randomly across the segments in the sensing layers. A
team of D = 5 defenders is considered for training and to
assign tasks among all defenders, each defender is re-
stricted to capture a maximum of 3 intruders. This de-
fender team is also placed randomly in the capture layer
ensuring not more than one defender is present in a
segment. The time constant of the spiking neuron 7 in the
DCA layer is set to 0.5s whereas the time constant for
update 7, is set to 0.3 s in the C2ALS. The positive (")
and negative learning rates (1) in the C2ALS are set to
le-3 and 0.5e-3, respectively.

A total of 1200 samples of PDP scenes are generated for
training the SNN in C2ALS. Out of these 1200 samples, 1000
samples are considered for training and the remaining 200
for testing. Each sample represents a PDP scenario that
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includes the spatiotemporal information of the defenders
and intruders along with their desired assignments. The
number of features in each sample is equal to the number of
segments. Each feature in a sample represents the spatio-
temporal data of the defender or the intruder in a segment.
The desired assignments are obtained using a greedy
approach.

The simulations were carried out in a Windows 10
system using a MATLAB 2023a environment on a 3.2 GHz
machine with 6 cores and 16 GB memory. The success rate
is used as a metric to evaluate the performance of the dif-
ferent existing solutions for PDP (including the proposed
solution using C2ALS). The percentage of intruders collec-
tively captured by the team of defenders is termed the
success rate.

Number of captured intruders

Success rate =
Total number of intruders

x 100.
(13)

3.2. Case study

Let us assume a PDP scenario with 2 defenders D, and D,
where D, is located at the segment s, and D, is located at
the segment s, at the start of the simulation, i.e. at ¢, re-
spectively, as shown in Fig. 5. Let V, and V, be the velocities
of the defenders D,, & Dy, respectively, and each defender
can capture a maximum of 2 intruders. Similarly, intruders

PDP scenario

Iy(sp o)

La(sarta) liwta C2ALS
Y Assignments
Dp w1, I
SErsi o(s0:to) Dy = 1.
m A <= = = SNy
A Capture Layer-c

Sensing Layer-1

Fig. 5. PDP scenario case study.

I, I, I. and I; are trying to enter the parameter radially
from segments s,,s;,,s. and s; and their arrival times are
ty, ty, t. and tg, respectively. Let the intruder I, arrive much
later than intruder the I, (i.e. t. > t;), and the intruder I
arrives immediately after intruder I, (i.e. t; — t, =~ 0). Based
on Eq. (1) the C2ALS is trained to assign intruders I, and I,
for the defender D, and the intruder I; for the defender Dy,
respectively, as shown in Fig. 5. Defender D, cannot be
assigned to intruder I; based on Eq. (1) as any defender can
capture only a maximum of 2 intruders. Defender D, also
cannot be assigned to capture I; because it is present in

segment s, at time ¢, before the arrival of intruder /; (as it is
‘sdisc‘
‘tditc‘

ty — t. ~ 0. The qualitative performance analysis of the
proposed C2ALS approach is presented in the following
section.

assigned to capture intruder I;) and V, < as

3.3. Qualitative comparison of C2ALS with other

existing approaches

Table 1 shows a qualitative comparison of the proposed
C2ALS with other existing state-of-the-art (SOTA) solutions.
Other existing SOTA solutions used for comparison are
Adaptive Partitioning, DMRSTMTA, Modified DMRSTMTA,
and DSL. Adaptive Partitioning (AP) is an optimization-
based one-to-many assignment-based solution for PDP. The
AP solution for the PDP has two stages: partitioning and
assignment. Modified DMRSTMTA is a modified version of
DMRSTMTA [9] in which a distance-based cost function is
used to obtain the optimal assignments for the defender.
DSL is a learning-based approach for solving PDP that uses
Modified DMRSTMTA assignments as an expert for training.
[11]. The C2ALS approach is a one-to-many learning-based
assignment solution for PDP. From Table 1, it can be ob-
served that the proposed C2ALS requires expert greedy
assignments with fewer computations for training. Simi-
larly, due to the inhibitory connections, the C2ALS approach
outputs conflict-free defender assignments and hence does
not require any additional approach to resolve conflicts.
However, DMRSTMTA and DSL require additional conflict-
resolving algorithms owing to decentralized training.

Table 1. Qualitative comparison of C2ALS with other existing state-of-the-art solutions for PDP.

Algorithm Expert for Conflict-free Defender team Perimeter shape
Training resolving algorithm changes changes

AP NA NA Needs Re-solving  Needs Re-solving
DMRSTMTA NA Required Needs Re-solving Needs Re-solving
Modified DMRSTMTA NA Required Needs Re-solving Needs Re-solving
DSL Required Required No retraining No retraining
C2ALS Not required Not required Needs Retraining No retraining
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The time complexity of the conflict-free resolving algorithm
used in both DMRSTMTA and DSL is of the order O(n),
where n is the total number of assignments for a defender.
The proposed C2ALS has lesser time complexity than
DMRSTMTA and DSL because it generates conflict-free
assignments using inhibitory connections in the architec-
ture without the use of an additional algorithm. Next, a
quantitative comparison of C2ALS is presented.

3.4. Quantitative comparison of the C2ALS
with other existing approaches

Table 2 shows a quantitative comparison of the proposed
C2ALS for solving PDP with other existing SOTA solutions.
The success rate in Table 2 is the average success per-
centage of each approach in protecting the perimeter for
over 1000 trials. The performance of C2ALS is 17% higher
than that of the adaptive partitioning approach. Compared
with existing SOTA decentralized approaches, C2ALS has a
3% higher success rate. The assignments obtained in C2ALS
are conflict-free, whereas in decentralized approaches,
there is a high probability of conflict in the assignments.
Due to this, decentralized approaches like DMRSTMTA and
DSL use an additional conflict-free resolving algorithm
which is not required in C2ALS. In addition, the C2ALS
approach is easily generalizable compared to other
approaches to handle changes in the perimeter’s shape and
the intruders’ velocities.

3.5. Discussion

3.5.1. Effect on the performance of C2ALS due

to change in velocity ratio

The performance of the proposed C2ALS for PDP is affected
by both the velocity of the defender and the incoming in-
truder. Figure 6 shows the variation in the average success
rate (over 1000 runs) of the C2ALS approach in defending
the territory when the ratio of the defender velocity to an

Table 2. Quantitative comparison of C2ALS with other existing
SOTA solutions for PDP.

Success rate

Algorithm Method (Mean 4 SD)
Centralized algorithms

Adaptive Partitioning Optimization based 64.90+3.2
C2ALS Learning based 82.85+2.6
Decentralized algorithms

DMRSTMTA Optimization based 52.19+89
Modified DMRSTMTA Optimization based 68.23+13.4
DSL Learning based 79.32+£10.8

~
3 >
o >

o
>

Success percentage
So So
) “n

ol

=2
£

1 1.2 14 1.6 1.8 2

Velocity ratio ( VD / V] )

Fig. 6. Variation in success rates of C2ALS to change in velocity
ratio.

intruder velocity is changed. V), is the velocity of the defender
parallel to the perimeter. V; is the incoming velocity of the
intruder perpendicular to the perimeter. From Fig. 6, it can be
observed that the performance of the C2ALS in defending the
perimeter increases when Vj is greater than V.

3.5.2. Effects due to change in the number of intruders

Figure 7 illustrates the variation in the C2ZALS success rate,
the average number of defenders assigned, and the average
segments traveled by a defender as the number of intruders
in a given PDP scenario is increased. These experiments are
carried out by varying the velocity ratio (VV‘I)) from 1 to 2 in
steps of 0.2. A dip in success rates, as shown in Fig. 7(a),
occurs as the number of intruders increases, which can be
attributed to the limited number of defenders held constant
throughout these experiments From Fig. 7(b) it can be ob-
served that the average number of intruders assigned to
each defender is between 1 and 3 across all velocity ratios.
The number of tasks assigned by the proposed C2ALS ap-
proach to each defender increases with an increase in the
number of intruders. The average number of segments a
defender travels from its initial position to capture intru-
ders remains relatively constant, around 8-11, even as the
number of intruders and velocity ratios vary, as shown in
Fig. 7(c). Consequently, C2ALS achieves a success rate of
65-98%, with each defender covering approximately
30.56% (11 out of 36 segments) of the total perimeter
length when the number of intruders is nearly doubled.
This study suggests that C2ALS minimizes unnecessary
movement, potentially leading to lower operational costs
and quicker response times.

3.5.3. Effect on performance of C2ALS due to change
in the number of defenders

The number of neurons in the DCA and output layer of SNN
used in C2ALS is proportional to the number of defenders in
a given PDP scenario as in Fig. 3. Therefore, a change in the
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number of defenders affects the performance of the
proposed C2ALS approach. However, if the number of
defenders is increased in maintaining the constant number
of intruders, then the success rate also increases as more
defenders are available to defend the perimeter.

3.5.4. Effect on performance of C2ALS due to change
in the size/shape of the perimeter

The change in the perimeter’s size and shape has an impact on
the C2ALS approach’s performance. If the size/shape of the
perimeter is changed, then there will be changes in the arrival
times of the intruders. Further, this will affect the input spike
patterns generated by each input neuron in the SNN. However,
the number of neurons in the SNN remains same and it need not
be altered if the perimeter’s size is maintained constant when
changing its shape. In this case, the earlier proposed SNN model
can be used to evaluate the success rate without any additional
retraining. However, if the size of the perimeter is also changed,
the number of neurons required also changes which further
necessitates additional training of the SNN.

3.5.5. Computations required for training the SNN

using C2ALS

During the training of the SNN in the C2ALS approach, three
different weight updates are carried out as mentioned in

Sec. 2.3 namely: a skipped assignment, a false assignment,
and an assignment with conflicts. Based on the existing
conditions, any one of the Skipped and false assignment
strategies may be required during training. Skipped and
false assignment strategies perform two weight updates
connected to a single input neuron for each segment to
obtain assignments for a single defender. Therefore for D
number of defenders and N; number of segments the
computations required to perform each of these strategies
is 2% Ny%+ D. Assignment with conflicts weight update
strategy also performs two weight updates as mentioned in
Sec. 2.3 for each segment and for each defender. Therefore,
assignments with conflicts weight update strategy also re-
quire 2 * N2 x D computations, for D number of defenders
and N; number of segments. Thus during the training of
SNN using the C2ALS approach the total number of com-
putations required for weight update are of the order
O(4 * Ng2 % D).

4. Conclusions

In this paper, a centralized greedy assignment learning al-
gorithm developed for solving a PDP using an SNN is pre-
sented. Intruders are sensed in the sensing layer, and
defenders are constrained to operate in the capture layer of
the region. The angular segments in the capture layer to
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which a defender is assigned to travel while protecting the
perimeter are obtained using the SNN. The expert assign-
ment for training the SNN is obtained based on the greedy
assignments (nearest intruder assignment) generated using
the feasibility of the solution. A C2ALS approach for solving
a PDP is presented in this paper. Due to the inhibitory
connections in the SNN, the C2ALS approach inherently
generates conflict-free assignments for defenders without
the use of an external conflict-free trajectory generation
algorithm. The C2ALS approach successfully captures
82.85% of intruders that try to attack the perimeter, which
is 17% higher than that of other existing one-to-many
centralized adaptive partitioning approaches. In addition,
the proposed approach has a 3% higher success rate than
other SOTA decentralized approaches. Experimental
results validate the robustness of C2ALS, demonstrating its
ability to maintain efficient performance with defenders
traversing only 8-11 of 36 perimeter segments, even as the
number of intruders varies. Owing to expert greedy
assignments, the proposed approach results in fewer com-
putations compared to other existing learning-based solu-
tions for PDP.
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