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Abstract: A hybrid optimization approach combining a particle swarm algorithm, a genetic algorithm, and a heuristic interleaving algorithm is proposed for scheduling tasks in the multifunction phased array radar. By optimizing parameters using chaos
theory, designing the dynamic inertia weight for the particle swarm algorithm as well as introducing crossover operation and
mutation operation of the genetic algorithm, both the efficiency and exploration ability of the hybrid algorithm are improved.
Under the frame of the intelligence algorithm, the heuristic interleaving scheduling algorithm is presented to further use the time
resource of the task waiting duration. A large-scale simulation demonstrates that the proposed algorithm is more robust and efficient than existing algorithms.
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1 Introduction
The multifunction phased array radar (MFPAR)
can play the roles of many traditional radar systems
and execute many tasks such as space surveillance,
multiple targets tracking, and communication simultaneously. These abilities depend on its highly efficient time resource allocation. Optimal time resource
allocation to the tasks in MFPAR is the key to improving its efficiency and releasing its full potential.
The scheduling algorithm, which allocates the
time resource to radar tasks, has aroused intensive
interest recently. Studies have shown that this problem is NP-hard. At present, the solutions to the
problem can be divided into two kinds, heuristic
‡
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algorithms and intelligence algorithms. The heuristic
algorithms schedule the tasks satisfying the preset
rules. Orman et al. (1996) and Zeng et al. (2004a;
2004b) proposed the highest task mode priority first
algorithm. They preset the task mode priorities for
each kind of task and scheduled prior the task with
the highest task mode priority. Butler (1998) and
Reinoso-Rondinel et al. (2010) developed the time
balance algorithm. They introduced the time balance
value to indicate the task urgency, and scheduled prior
the tasks with an imminent deadline. Huizing and
Bloemen (1996) and Jiménez et al. (2009; 2012)
proposed a queue-based algorithm. They divided the
tasks into several queues by ordinations and the values of the task parameters, and used the earliest
deadline first (EDF) algorithm or the first in first out
(FIFO) algorithm to schedule the tasks in each queue.
Lu et al. (2006; 2011; 2013) and Cheng et al.(2009b)
mapped the task mode priority and the deadline on the
same layer to calculate the task synthetic priority, and
proposed the highest task mode priority and earliest
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deadline first algorithm. Cheng et al. (2008) and Chen 2 Modeling
et al. (2011) considered further the scheduling prin2.1 Radar task model
ciple of the timeliness based on Lu et al. (2006; 2011;
The overall MFPAR scheduling structure is
2013) and Cheng et al. (2009b), and put forward an
shown in Fig. 1. When the target is captured by
algorithm based on gain. Mir and Abdelaziz (2012),
MFPAR, a number of radar tasks will be generated.
and Mir and Guitouni (2014) proposed the notion of
The scheduling algorithm will analyze all the request
‘variable dwell time’ for task scheduling, and adopted
tasks and the resource constraints to divide the tasks
multi-nested heuristic algorithms to schedule as many
into three parts: execution tasks, delayed tasks, and
tasks as possible. Galati et al. (2015a; 2015b) and
deleted tasks. The delayed tasks will require to be
Galati and Emilio (2015) studied the scheduling
executed later, and the deleted tasks will be abanproblem in MFPAR which is based on an active
doned. The tasks’ request order is usually search→
phased array of the conformal type, and presented an
confirmation→tracking (→tracking loss→tracking
efficient heuristic method. The heuristic algorithms
maintenance). The tracking tasks can be divided into
have low computation complexity but usually find
precise tracking, normal tracking, and monitoring.
suboptimal solutions. In addition, when the task scale
is too large, the above solutions will be far from
satisfactory.
All radar tasks
Intelligence algorithms can always find better
solutions because of their use of swarm search and
Scheduling algorithm
continuous evolution. Zhou et al. (2006), Wang et al.
(2014), and Zhang et al. (2016) used a genetic algorithm to solve the structured objective functions in
Execution
Delayed
Deleted
tasks
MFPAR. de Jong and van Norden (2007) put forward
tasks
tasks
a hybrid algorithm which combines fuzzy logic and
Antenna
the evolutionary algorithm to schedule MFPAR tasks.
However, as far as we are aware, research on the
intelligence algorithm for the scheduling problem in
Targets
MFPAR is rather limited, and most traditional approaches use only a single optimization algorithm to
Fig. 1 The overall MFPAR scheduling
solve the problem.
The genetic algorithm, particle swarm algorithm,
Fig. 2 shows the task model in MFPAR. The
and heuristic interleaving algorithm are combined in
radar task contains mainly three parts: transmitting
this study. An effective hybrid scheduling algorithm
duration, waiting duration, and receiving duration.
is proposed for MFPAR. First, the scheduling princiThe number i task can be described as
ples of importance, urgency, and timeliness in
MFPAR are synthesized to structure the objective
=
Ti {Pi , tai , txi , twi , tri , Pti , tdwi , wi , tdi , ∆ti , N umi } , (1)
function under multiple resource
constraints. Then,
the hybrid algorithm is proposed to explore solutions
where Pi is the task priority, tai the task request time,
for the objective function. Through optimizing the
txi the transmitting duration, twi the waiting duration
particle swarm algorithm by a chaos parameter, de(which
depends on the target distance), tri the receivsigning the dynamic inertia weight and introducing
ing
duration,
Pti the power consumption of the task,
crossover and mutation operations of the genetic
tdwi the task dwell time, wi the time-window, tdi the
algorithm, the hybrid algorithm can achieve quick
task deadline, Δti the sample interval between the
convergence and global exploration. The heuristic
tasks,
and Numi the task execution number. The dwell
interleaving algorithm is presented to improve the
time satisfies
time resource utility further in the intelligence algorithm’s framework. In the end, the simulation results
tdw=
txi + tri .
(2)
i
verified the effectiveness of the proposed algorithm.
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2.2.2 Energy resource constraint

Receive interval

Transmit interval

Due to its heat dissipation performance restriction, the radar transmitter must keep satisfying
the transient constraint as (Ghosh et al., 2004):

tx

Wait interval
tr

Pt
tw

...

Pt (t ) ≤ Pt max ,

(7)

∆t

where P̅τmax is the power threshold and Pτ(t) is the
power consumed by the radar in time t. We can obtain

Fig. 2 The task model in MFPAR

Huizing and Bloemen (1996) proposed the notion ‘time-window’, which means the task execution
time can shift within the window. The time-window
makes it possible to schedule more tasks. After adding the time-window, a task deadline satisfies

td=
tai + wi .
i

(3)

Each task should be executed before its deadline;
otherwise it will be useless because of the target escape. The request time between tasks satisfies
=
tai te(i −1) + ∆ti ,

(4)

where te(i–1) is the execution time of the former task.
2.2 Resource constraint model
2.2.1 Time resource constraint
Scheduling in MFPAR is based on the scheduling interval (SI), when the radar must process the
returning signals in the previous SI and determine the
scheduling sequences in the next SI (Cheng et al.,
2009b). In an SI, all the tasks to be executed must
satisfy
N1

∑ tdwi ≤ tSI ,

(5)

i =1

where N1 is the total number of tasks to be executed,
and tSI is the SI duration. If a task cannot be executed
in an SI, it will be delayed to latter SIs or be deleted.
At the same time, the transmitting duration and the
receiving duration in radar tasks are non-preempted.
So, the N1 tasks should also satisfy
N1

∅.
 (tei , tei + txi ) (tei + txi + twi , tei + txi + twi + tri ) =

i1 =1

1

1

1

1

1

1

1

1

1

1

(6)

=
Pt (t )

1

t

t

∫0 p( x) exp[( x − t ) / t ]dx,

(8)

where p(x) is the instantaneous power dissipation in
the radar, and τ is the look-back period. τ characterizes
the heat dissipation performance of the radar. When
the transient power consumption of the system
reaches the power threshold, the radar must stop
working or will be damaged.
2.3 Formulation of the objective
During MFPAR scheduling tasks, the following
principles (Cheng et al., 2008; Chen et al., 2011)
should be followed: (1) Importance principle, which
means that the more important task should be prior
scheduled; (2) urgency principle, which means that
the more urgent task should be prior scheduled; (3)
timeliness principle, which means that the task execution time should be close to its request time for the
radar to adjust to the dynamic working situations. The
first two principles reflect the task’s inherent attributes, and the third one reflects the interactive attribute
between the scheduling algorithm and the task. To
reflect the paratactic relationship between the first
two principles and the interactive relationship between the scheduling algorithm and the task, the objective function is structured as
o( P, ta , w, tstart , te )
= [o1 ( P) + o2 (ta , w, tstart )]o3 (te , ta , w),

(9)

where o1(P) is the function of the task priority (P),
and it represents the task importance. The higher o1(P)
is, the more important the task is. o2(ta, w, tstart) is the
function of the relative distance between the task
deadline (ta+w) and the start time (tstart) in SI, which
describes the urgency of the task. The closer the task
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deadline (ta+w) is to tstart, the more urgent the task is.
o3(te, ta, w) is the function of the relative distance
between the task request time (ta) and its execution
time (te) in the time-window (w), and it describes the
the timeliness of scheduling the task. The smaller the
relative distance between te and ta is, the greater
timeliness of scheduling the task is. A reasonable
objective function can be chosen as o1(P)=P, o2(ta, w,
tstart)=exp[−2(ta+w−tstart)/tSI], and o3(te, ta, w)=[1−
(te−ta)/w]. In the function, o1(P) is the increasing
function of P, o2(ta, w, tstart) is the increasing function
of the relative distance between the task deadline and
the start time in SI. o3(te, ta, w) is the increasing
function of the relative distance between the task
request time and its execution time in the timewindow. The constants or the form in the objective
function can be changed as long as it can appropriately reflect the relationship between three scheduling
principles. It can be seen from Eq. (9) that the structured objective function integrates many scheduling
principles, and the performance of the algorithm can
be guaranteed in many aspects.
Assume that there are N request tasks in an SI,
and the numbers of executed, delayed, and deleted
tasks are N1, N2, and N3, respectively. Obviously,
N=N1+N2+N3. Thus, the optimal model of the task
scheduling in MFPAR can be described as
N

max ∑ o( P, ta , w, tstart , te )
i

s.t.
1,2,..., N1 ,
i1 =
max(tai1 − wi1 ,tstart ) ≤ tei1 ,

1,2,..., N1 ,
tei1 < min(tai1 + wi1 , tstart + tSI ), i1 =
 N1
 (t , t + t ) (t + t + t , t + t + t + t ) 
<  ei1 ei1 xi1  ei1 xi1 wi1 ei1 xi1 wi1 ri1 
i1 =1
 = ∅,
 N1
 t
dwi 1 ≤ tSI , Pt (t ) ≤ Pt max ,
∑
i =1

1,2,..., N 2 ,
tai2 + wi2 ≥ ts + tSI , i2 =

1,2,..., N3 ,
tai3 + wi3 < ts + tSI , i3 =
(10)

where the first four constraints are for the tasks to be
executed, and the remaining two constraints are for
the tasks to be delayed and to be deleted, respectively.
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Eq. (10) reflects the fact that the scheduling problem
in MFPAR is an optimization one under multiple
constraints, and an efficient algorithm should be used
to solve the problem.
3 Hybrid genetic particle swarm algorithm
3.1 Particle swarm algorithm
The particle swarm algorithm has the advantages
of quick convergence and simple use compared with
other intelligence algorithms. Thus, it is widely applied in dealing with scheduling problems (Akhshabi
et al., 2014; Liu et al., 2015; Tian et al., 2016). The
main idea of the algorithm is based on a natural
phenomenon: to search for food, each bird in a flock
will determine the velocity through its own experience and interactive information with the other
members of the flock. In the particle swarm algorithm,
the solutions to the objective function are regarded as
individual particles. In the iteration number t, particle
k explores the optimal solution by updating its position and its velocity, through tracking the best solution pbest(t) that the particle has achieved so far and the
best solution gbest(t) that the swarm has achieved so
far:
vk (t + 1) = w ⋅ vk (t ) + c1 ⋅ r1 ⋅ [ pbest (t ) − xk (t )]
+ c2 ⋅ r2 ⋅ [ g best (t ) − xk (t )],

xk (t + 1)
= xk (t ) + vk (t ),

(11)
(12)

where c1 and c2 are the study factors. They can regulate the maximum step when the particle is flying to
pbest(t) and gbest(t), and they are usually adopted as
c1=c2=2. r1 and r2 are random values belonging to
(0, 1). w is the inertia weight used to balance the particles’ exploration ability between the whole solution
region and local solution region.
From Eqs. (11) and (12), it can be seen that the
algorithm will stop exploring solutions when all the
particles reach gbest(t). It is easy to stick the algorithm
on the local optimum. Consequently, the particle
swarm algorithm should be modified in application.
3.2 Chaos parameter optimization
The chaotic sequence has ergodicity and
randomness, and can be used to optimize the swarm
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algorithms while exploring solutions. Thus, the logistic equation is adopted to generate the chaotic
sequence (Ott et al., 1990):

λ (t =
+ 1) µλ (t )[1 − λ (t )],

(13)

where λ(t) is obtained after the chaos variable λ has
iterated t times, and λ∈[0, 1]. μ is the parameter that
controls the chaos state, and μ∈[0, 4]. When μ=4 and
λ∉{0.25, 0.5, 0.75}, the sequence will have a fully
chaotic property and the trajectory of the chaos variable will spread throughout the solution region.
Therefore, the updating parameters of the particle
velocities can be optimized by the chaos theory as
rl (t +
=
1) 4rl (t )[1 − rl (t )], rl (t ) ∈ (0,1),
=
l 1, 2, (14)

where r1 and r2 will obtain ergodicity and randomness
from Eq. (14), and it guarantees that the algorithm can
explore solutions in the whole solution region and
find the global optimum with a high probability.
3.3 Dynamic inertia weight
In the particle swarm algorithm, the inertia
weight w determines the algorithm exploration ability
in the whole solution region and the local solution
region. The larger w endows the algorithm with a
stronger exploration ability in the whole solution
region, and the smaller w gives the algorithm better
exploration performance in the local solution region.
Therefore, the larger w should be adopted to locate the
optimum range at the beginning early exploration
stage, and the smaller w should be adopted to find the
optimum accurately in the later exploration stage. The
dynamic w is designed as

operations in the genetic algorithm are introduced to
change the positions and the velocities of the partial
particles. The two operations can destroy the stability
of the particle swarm and drive the particles to explore the better solutions in the whole solution region.
The genetic algorithm simulates the heredity and
the evolution procedure of the organism in nature. In
the genetic algorithm, the selection, crossover, and
mutation operations are the three main steps to reserve the fittest solutions and ensure that the algorithm can find the optimum. The selected individuals
are called ‘parents’. The individuals generated
through the crossover operation or mutation operation
are called ‘children’. Here, the following crossover
and mutation operators are designed to enhance the
variability of the swarm, which can drive the particles
to explore better solutions.
3.4.1 Crossover operation
Assume that the swarm scale of the particle is
Npop and that the selection probability of the crossover
operation is Pc. After sorting the fitness values
(Eq. (9)) of the particles diminishingly, the first
PcNpop particles are selected as parents. For each
parent m, a different parent n will be chosen to apply
crossover with it, and the positions and the velocities
of the generated child are calculated as

xm′=
(t ) Pb xm (t ) + (1 − Pb ) xn (t ),
vm′ (t ) =
[vm (t ) + vn (t )] vm (t )

(16)

vm2 (t ) + vn2 (t ) , (17)

where wmax and wmin are the maximum and minimum
of the inertia weight, respectively. tmax and t are the
maximum and the current number of iterations, separately. It can be seen from Eq. (15) that the declining
linear inertia weight will improve the exploration
efficiency of the algorithm.

where Pb is the random value that belongs to (0, 1). If
the fitness value of the child is better than that of
parent m, the position and velocity of the child generated will be reserved. Otherwise, the position and
velocity of the parent will be reserved. Through
Eqs. (16) and (17), the child inherits the information
from both of the elite parent particles. They ensure the
child generated to be in the feasible solution region.
What is more, along with the change of Pb, the algorithm can explore further in the solution region between the two extrema. The two equations enhance
the exploration possibility of the global optimum of
the algorithm.

3.4 Crossover and mutation operations

3.4.2 Mutation operation

To break out the stagnation when all the particles
reach gbest(t) of the swarm, the crossover and mutation

Assume that the mutation probability of all the
particles is Pm, and the positions of the children

w(t ) =
( wmax − wmin )tmax / t + wmin ,

(15)
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generated from the selected parents of PmNpop can be
calculated as

=
xm′′ (t ) xm (t )(1 + Pb ).

(18)

In the mutation operation, the velocity of the
child is equal to that of the parent. If the fitness value
of the child is better than that of the corresponding
parent, the position and velocity of the child generated will be reserved. Otherwise, that of the parent
will be reserved. The child generated from Eq. (18) is
in the neighbor of the parent. Similarly to Eq. (16),
Eq. (18) enhances the possibility of finding the global
optimum of the algorithm.

In an SI, the remaining time line is initialized as
[tstart, tend], and the power pointer is Pt0. tstart and tend
are the start time and the end time of SI, respectively.
The number of request tasks is N, and the number
components in the particle is also N. A component
represents the candidate execution time of each
of request task. First, sort the components by the
FIFO principle, and sign them as tasks 1, 2, 3,…, N.
Then, analyze the time constraint to the transmitting
duration of task 1:
ta1 ≥ tstart ,

ta1 + tx1 ≤ tend .

3.5 Heuristic interleaving algorithm

Task1

It can be seen from Eq. (10) that the scheduling
tasks in MFPAR should satisfy multiple constraints.
In traditional scheduling algorithms (Zeng et al.,
2004a; 2004b; Lu et al., 2006; 2011; 2013; Mir and
Abdelaziz, 2012), the whole radar dwell is regarded
as non-preempted. The pulse interleaving technique
makes it possible to execute the transmitting duration
or receiving duration of other tasks during the task
waiting duration, and it improves the time utility.
However, it complicates the scheduling analysis. The
two pulse interleaving ways are shown in Fig. 3. It
can be seen that the interleaved two tasks should
satisfy the following time constraint:
tw1 ≥ tx2 ,

tr1 ≤ tw2 ,
t + t ≥ t + t ,
 x2 w2 w1 r1
tw1 ≥ tx2 + tw2 + tr2 .

(19a)
(19b)

The two tasks should also satisfy the energy
constraint in Eq. (7). According to Mir and Guitouni
(2014), the energy constraint is ignored to simplify
the application of the pulse interleaving technique.
According to Cheng et al. (2009a; 2009b), the specific task interleaving ways as Eq. (19) should be
considered to the application of the pulse interleaving.
They are not yet satisfied. Thus, a heuristic interleaving algorithm is put forward as follows, and it
contains mainly two parts, time constraint analysis
and energy constraint analysis.

tx0

(20)

Task2

tx1

tr1

tx0

tx1

tr0

(a)

tr0

tr1

(b)

Fig. 3 The two pulse interleaving ways in MFPAR: (a)
pulse interleaving way 1; (b) pulse interleaving way 2

If it does not satisfy the time constraint, set the
task to the delayed or deleted queue according to
Eq. (10). Otherwise, update the remaining time line as
[tstart, ta1], [ta1+tx1, tend], and analyze the time constraint
to the receiving duration of task 1
ta1 + tx1 + tw1 ≥ ta1 + tx1 ,

ta1 + tx1 + tw1 + tr1 ≤ tend .

(21)

When it does not satisfy the time constraint, set
the task to the delayed or deleted queue according to
Eq. (10), and reset the remaining time line as [tstart,
tend]. If it satisfies the time constraint, continue to test
whether task 1 satisfies the energy constraint:
Pt0 e−tx1 /t + Pt1 (1 − e−tx1 /t ) ≤ Pt max .

(22)
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If task 1 does not satisfy the energy constraint,
set the task to the delayed or deleted queue according
to Eq. (10), and reset the remaining time line as [tstart,
tend]. If task 1 also satisfies the energy constraint,
update the remaining time line as [tstart, ta1], [ta1+tx1,
ta1+tx1+tw1], [ta1+tx1+tw1+tr1, tend], and update the
power pointer Pt0 as
P=
Pt0 e
t0

− tx1 /t

+ Pt1 (1 − e

− tx1 /t

according to Eqs. (20)–(23), and calculate the fitness
values (Eq. (9)) of all the particles in the swarm
based on Eq. (10). Then, obtain pbest(t) and gbest(t) in t
iterations.
Begin
Parameter initialization

).

(23)

Then analyze the time and energy resource constraints to the remaining tasks sequentially. The heuristic interleaving algorithm can be summarized as:
(1) test the task transmitting duration and receiving
duration by the left and right boundaries of the time
line, and test the energy constraint to the task; (2)
update the time line and power pointer. Note that with
the update of the time line, the time line will be separated into many pieces. When analyzing the time
constraint for a duration, the time line pieces should
all be tested. In the following tasks, the start time of a
duration may be less than the left boundary of one
time line piece. So, the first constraint in Eq. (21) is
necessary. In this way, the specific task interleaving
ways can be ignored and the interleaving analysis can
be simplified. In addition, the fitness value of the
particle can be calculated quickly.
3.6 Procedure of the hybrid algorithm
The overall procedure of the hybrid algorithm is
shown in Fig. 4.
Step 1: parameter initialization. Set the swarm
scale as Npop, the maximum number of iterations
as tmax, the maximum inertia weight as wmax, the
minimum inertia weight as wmin, the probability of
crossover and that of mutation as Pc and Pm respectively. Calculate r1, r2, and w(t) according to
Eqs. (13)–(15).
Step 2: particle swarm initialization. For all the
N request tasks in an SI, generate the Npop candidate
scheduling sequence (particles). Each sequence contains N components standing for the candidate execution times of the request tasks. The execution times
satisfy the first constraint in Eq. (10). The velocities
of the particles are generated randomly. The velocities
satisfy vk∈(−1,1).
Step 3: calculating the fitness values. Analyze
the interleaving ways to the candidate sequences

Population initialization
Fitness value calculation
Iteration and solution search
Crossover and the mutation operation

N

t≥tmax
Y
Best scheduling
sequence

Fig. 4 The flowchart of the hybrid algorithm

Step 4: iteration and exploration of the solutions.
Iterate the particle swarm algorithm to explore
the solutions to the objective function according
to Eqs. (11) and (12), and then update pbest(t) and
gbest(t).
Step 5: crossover and mutation operations. The
crossover and mutation operations are carried out to
the particles according to Eqs. (16)–(18), which can
enhance the variability of the particle swarm and
drive the swarm to explore better solutions further.
Then, update pbest(t) and gbest(t).
Step 6: when the iteration number t≥tmax, the
algorithm stops. Output the best candidate scheduling
sequence according to the particle that has gbest(t).
Otherwise, return to step 3.
4 Simulation and analysis
4.1 Performance evaluation indexes
According to radar scheduling principles, these
indexes are chosen to evaluate the performance of the
algorithms:
1. The successful scheduling ratio (SSR), which
is the ratio between the number of all successfully
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scheduled tasks and that of all request tasks, can be
expressed as
SSR = Nsuc / N total ,

(24)

where Nsuc and Ntotal are the number of all successfully
scheduled tasks and that of all request tasks, respectively. SSR reflects the urgency principle of the algorithm. Under the finite time resource constraint, the
more tasks that can be scheduled successfully, the
better the algorithm performs.
2. The time utilization ratio (TUR), which is defined as the ratio between the time consumption of the
successfully scheduled tasks and the totally available
time resource, can be expressed as
N suc

txi + tri
,
i =1 Ttotal

TUR = ∑

(25)

where Ttotal is the total time resource. When scheduling tasks, the algorithms should use the time resource
efficiently to schedule as many tasks as possible.
3. The high value ratio (HVR), which is the ratio
between the total priority of all successfully scheduled tasks and that in all request tasks. HVR can reflect whether the algorithm has prior scheduled more
important tasks. It can be expressed as
N suc

H VR = ∑ Pi

N total

∑ Pi .

(26

=i 1 =i 1

4. The average time shift ratio (ATSR), which is
defined as the shift degree between the execution time
of the successfully scheduled tasks and their request
time, can reflect whether the algorithm satisfies the
timeliness scheduling principle. It can be expressed as

ATSR =

1
Nsuc

N suc

tai − tei

i =1

wi

∑

.

(27)

Note that a lower ATSR means a better search and
tracking performance to MFPAR.
4.2 Simulation parameters
The whole simulation framework is based on
Kuo et al. (2005). The number of targets (Nt)
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increases from 10 to 100, which denotes the different
workload of MFPAR. The objective function is chosen as o1(P)=P, o2(ta,w,tstart)=exp[−2(ta+w−tstart)/tSI],
SI (tSI) is set as 50 ms, P̅τmax=1.25 kW, and τ=200. and
o3(te, ta, w)=1−(te−ta)/w. In the hybrid genetic particle
swarm algorithm, Npop=100, wmax=0.9, wmin=0.2,
Pc=0.5, Pm=0.1, and tmax=200. The hybrid genetic
algorithm (Zhou et al., 2006) (HGA) and the two
heuristic scheduling algorithms are used as the baseline in the simulations. The heuristic algorithms are
referenced from Lu et al. (2013) (heuristic
o/interleaving, i.e., heuristic without interleaving) and
Cheng et al. (2009b) (heuristic w/interleaving, i.e.,
heuristic with interleaving) separately. In HGA, set
Npop=100, tmax=500, Pc=0.5, and Pm=0.1. The task
parameters are shown in Table 1.
4.3 Simulation results and analysis
The statistical results are shown in Figs. 5a–5d
and Table 2 after 50 simulations.
Figs. 5a and 5b compare the SSR and HVR of
the four algorithms. The two heuristic algorithms and
their HVRs begin to decrease when the target number
is over 10. By contrast, the proposed algorithm starts
to drop tasks when the target number is over 40 and its
HVR starts to decline. The maximum workload of
MFPAR is significantly improved. In addition, SSR
of the heuristic algorithm with interleaving catches up
with that of HGA when the target number is 40. HVR
of the heuristic algorithm with interleaving exceeds
that of HGA when the target number is 60. The two
points show the lack of robustness in HGA, especially
when faced with large-scale radar tasks. However,
both SSR and HVR decrease the speed of the proposed algorithm which is much slower than the other
three algorithms after dropping tasks. It displays the
global exploration and robustness of the proposed
algorithm.
Fig. 5c shows the TUR comparison of the four
algorithms. TURs in the three other algorithms are
much higher than that of the heuristic algorithm
without interleaving. The main cause is that the pulse
interleaving technique can make full use of the waiting durations in radar tasks, and it ensures more tasks
to be scheduled successfully. Though the pulse interleaving technique is also adopted in the heuristic
algorithm with interleaving and HGA, they find only
local optimum. However, the proposed algorithm
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Fig. 5 Statistical results: (a) comparison of the successful scheduling ratio; (b)comparison of the high value ratio; (c)
comparison of the time utilization ratio; (d) Comparison of the average time shift ratio
Table 1 Parameters of tasks
Parameters of dwell
Power
(tx, tw, tr)
(kW)
(1, DV, 1)
5
(0.5, DV, 0.5)
4
(1, DV, 1)
5
(0.5, DV, 0.5)
3
(0.5, DV, 0.5)
3
(1, DV, 1)
5

Task
priority
6
5
4
3
2
1

Task
Confirmation
Precise track
Track loss
Normal track
Monitor
Search

Time-window
(ms)
20
20
30
100
200
NV

Sample interval
(ms)
150
100–200
UV
250-500
1000
10

DV represents ‘dynamic value’. NV represents ‘no value’, i.e., the task has no time constraint. UV represents ‘unfixed value’, which
means that the task ‘track loss’ has no fixed sample duration

Table 2 Runtime of the algorithms at different Nt
Algorithm
Proposed
HGA

10
18.6
138.5

1020
22.2
142.4

1030
24.6
148.1

1040
25.8
152.3

Runtime (ms)
1050
1060
29.0
31.6
163.4
178.8

1070
33.4
200.4

1080
35.5
202.3

1090
40.2
221.5

1100
41.6
245.4
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finds the global optimum and obtains the highest TUR
among the four algorithms.
Fig. 5d compares the ATSRs of the four algorithms. From this we can see that the ATSRs of the
intelligence algorithms (HGA and the proposed algorithm) are much lower than that of the heuristic algorithms. This is because the heuristic algorithms always prior schedule tasks with the highest synthetic
priority in the available time. However, in the proposed algorithm and HGA, the swarm evolutionary
method ensures better solutions to the objective
function. In addition, the proposed algorithm obtains
a lower ATSR than HGA.
Table 2 compares the runtime of the proposed
algorithm and HGA. It can be seen that the runtime of
the proposed algorithm is less than 50 ms and it satisfies the real-time demand of the system. However,
the runtime of HGA exceeds 50 ms and does not satisfy the real-time demand. This is because several
optimization methods such as chaos parameter optimization and the design of the dynamic inertia weight
are adopted in the proposed algorithm. Thus, it is
more efficient than HGA.
Above all, the proposed algorithm can not only
find better solutions than the three algorithms, but
also explore the solutions more quickly than HGA.
What matters most is that the proposed algorithm
improves SSR by 53%, HVR by 38%, and TUR by
47%. It decreases ATSR by 73% compared with the
heuristic algorithm without interleaving.

5 Conclusions
Realizing optimal task scheduling is the key to
unlocking the full potential of MFPAR. Aiming at this
problem, the optimal objective function was established and a hybrid algorithm was proposed. The
objective function integrated multiple scheduling
principles. It ensures better algorithm performance in
many aspects. The proposed algorithm composited
the particle swarm algorithm, genetic algorithms and
the heuristic interleaving algorithm, and many optimization methods were introduced. The simulations
show that the proposed algorithm possesses the merits
of global exploration, fast convergence, and robustness to solve the scheduling problem in MFPAR. By
employing the hybrid algorithm, MFPAR can be used
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more efficiently, and radar tasks can be allocated
more appropriately.
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