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Abstract. The development of autonomous Unmanned Aerial Vehicles (UAVs) is a priority to many 
civilian and military organizations. An essential aspect of UAV autonomy is the ability for automatic 

trajectory planning. In this paper, we use a parallel Flower Pollination Algorithm (FPA) to deal with the 

problem's complexity and compute feasible and quasi-optimal trajectories for fixed-wing UAVs in complex 

3D environments, taking into account the vehicle's flight properties. The global optimization algorithm is 

improved with the addition of 2-opt local search providing a significant improvement. The proposed 

trajectory planner in implemented and parallelized on a multicore processor (CPU) using OpenMP and a 
Graphics Processing Unit (GPU) using CUDA resulting in a 9.6x and a 68.5x speedup respectively 

compared to the sequential implementation on CPU. 

Index Terms—Flower Pollination Algorithm, Graphics Processing Unit, Parallel Programming, Trajectory 

Planning, Unmanned Aerial Vehicle.  

1 Introduction 
Unmanned Aerial Vehicles (UAVs) have gained 

importance in military operations for a variety of 

reasons. Compared to manned aircraft, UAVs are small, 

harder to detect, inexpensive to acquire and operate, 

capable of reliably performing repetitive tasks, and, 

perhaps most importantly, do not expose aircrew to 

enemy threats. Although UAVs are unmanned, they still 

need to be operated remotely. To alleviate this task and 

improve the autonomy of UAVs, researchers have 

developed different approaches to automatic UAV 

trajectory planning.  Many of the earlier works used 

simplistic model and were limited to 2D terrains. On the 

other hand, modern approaches strive to include the 

dynamic properties of the UAV, more realistic 3D 

terrains and multi-objective optimization functions. In 

the last decade, a shift from deterministic to non-

deterministic methods, primarily metaheuristics, has 

been observed in response to this increased 

complexity [1]. Metaheuristics are generic optimization 

algorithms that depend on the iterative improvement of 

one or more candidate solutions in order to arrive at a 

near-optimal solution. Recent examples of 

metaheuristics used for UAV trajectory planning are the 

simulated annealing algorithm [2], the differential 

evolution algorithm [3], the genetic algorithm (GA) [4], 

the particle swarm optimization (PSO) [5], the ant 

colony optimization [6], the central force optimization 

[7], the predator-prey [8], the bee colony [9], and the 

grey wolf [10]. Despite their effectiveness, they require 

significant computation power which often results in an 

 
* Corresponding author: vincent.roberge@rmc.ca 

execution time that is too long for in-flight planning. To 

reduce the execution time, we have previously 

developed in [11–12] parallel implementations of the 

GA and the PSO for UAV trajectory planning using 

multicore processors (CPU), but the performance is still 

too slow to allow for real-time computation. 

The Flower Pollination Algorithm (FPA) is another 

metaheuristic that has shown in many recent studies its 

superiority over the GA and the PSO [13–15].  

The FPA algorithm is a relatively new metaheuristic 

that imitates the process of flower pollination to solve 

optimization problems and is shown to perform better 

than GA and PSO [13–15]. The benefit of FPA is its 

ability to efficiently use both global and local search for 

better refinement of the solutions. The local/global 

search traits which FPA possesses has allowed it to be 

used successfully in numerous fields and provide 

optimal solutions with minimal drawbacks [13–15]. 

Although various variants and applications of FPA are 

mentioned, very little focus was given to the 

applications of FPA to solve the complex problems of 

UAV trajectory planning in 3D environment. For that, 

an efficient application of FPA to successfully 

determine optimal trajectory for fixed-wing UAVs is 

needed. In this paper, we propose a parallel FPA on 

multicore CPU using OpenMP and on GPU using 

CUDA to reduce the execution time and to allow for 

real-time UAV trajectory planning. 

The remainder of the document is organized into 

sections. Section 2 presents the architectures of GPUs. 

Section 3 covers the details of the proposed method 

including the solution encoding, the fitness function, the 

FPA and the 2-opt operator. We present in Section 4 our 
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approach to parallelizing the FPA and the 2-opt 

operator. Finally, we present and discuss in section 5 the 

results of our numerical simulation. 

2 Graphics Processing Unit 
GPUs were originally built using fixed pipelines 

optimized for a very high throughput of operations to 

support graphics applications. With a constant demand 

from the gaming industry for new graphics features a 

more flexible design was needed and pipelines were 

replaced by programmable processors. This change has 

allowed GPUs to be used for scientific computing 

applications. Initially limited to integer calculations, the 

processors found on today’s GPUs support single and 

double floating-point operations and even special 

functions. Equipped with thousands, and in some 

instances, tens of thousands of cores, GPUs have an 

extremely high processing capability, much more than 

what is typically found in standard CPUs, given that the 

algorithms they run can be efficiently parallelized for 

their architecture. The architecture of an NVIDIA GPU 

is shown in Fig. 1. The GPU is composed of several 

building blocks containing Streaming Multiprocessors 

(SM). These SMs have the necessary components to 

perform highly threaded computations such as 

Streaming Processors (SP), registers, control logic, and 

Shared Memory. The SM is interconnected to a Global 

Memory which receives and transfers data to and from 

the host computer. 

On NVIDIA GPUs, a programmer can use the 

Compute Unified Device Architecture (CUDA) to code 

sequential instructions to be run on the CPU, and kernels 

which are functions that run in parallel on the GPU. 

When a kernel is called from the CPU, threads are 

launched on the GPU to execute the kernel. Threads are 

organized in blocks and are mapped to SMs. All threads 

in the same thread block can communicate together 

through their Shared Memory. Threads from different 

thread blocks can communicate through Global 

memory, but the consistency of the Global Memory is 

only guaranteed at kernel completion. 

In this work, the GPU is particularly well suited to 

implement a parallel FPA as the algorithm exhibits a 

high level of parallelism and the GPU contains a very 

large number of compute cores which allows the parallel 

FPA to run efficiently. 
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Fig. 1. GPU Architecture 

 

3 Proposed Optimization Strategy 
This section covers the optimization strategy proposed 

including the environment representation, the encoding 

of the candidate solutions, the fitness function, the FPA 

and the 2-opt operator. 

3.1 Solution Encoding and Environment 
Representation 

In the FPA, each candidate solution represents a path 

connecting the starting point to the end point. The path 

is defined as a series of waypoints in a 3D environment. 

The (�, �, �) coordinates of the waypoints are stored 

sequentially in a vector as in [��,  ��,  ��,  ��,  ��,  �� … , ��,  ��,  ��]. The terrain is represented using a 2D 

matrix where each element of the matrix represents the 

elevation of the terrain at that location. Some of the 

terrains used in this work are fictional while others are 

real. Elevation maps for real terrains were taken from 

the Canadian Digital Elevation Model Repository [16]. 

The environment representation used here also allows 

the definition of no-fly or danger zones in the form of 

cylindrical areas of infinite height. These zones are 

inputted by identifying the (�, �) coordinates of the 

center of the cylinder and its radius. From these 

cylinders, a no-fly zone matrix is built. This matrix has 

the same dimensions as the elevation matrix and 

contains a 0 for all locations that are not in a no-fly zone 

and a 1 for location that falls in a no-fly zone. Using a 

matrix, speedup the remaining of the calculations. 

By encoding the solutions as a series of waypoints, 

the trajectories are composed uniquely of line segments 

and therefore include discontinuities at every waypoint. 

To be flyable by fixed-wing UAVs, these trajectories, 

must first be smoothed. In this work, we use a technique 

proposed by Labonté in [17] to connect the line 

segments using circular arcs as shown in Fig. 2. This 

technique has the advantageous of generating simple 

trajectories. The smoothing operation is performed on 

every candidate solutions before its fitness is computed. 

3.2 Fitness Function 

Once a candidate solution has been smoothed, its fitness 

can be computed. This process is divided into two parts: 

the calculation of a penalty term and the calculation of a 

cost term. 

 
Fig. 2. Smoothing of a 6-waypoint trajectory using circular arcs 
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3.2.1 Penalty Term 

The first part consists of computing the penalty term � 

which is used to penalize solutions that violate a 

feasibility constraint. This term is computed as follows: � =  	
� + 	�� + 	
� + �����������
 �������� ∗ ������ (1) 

where 	
� is the distance flown under the terrain, 	�� is 

the distance flown through a no-fly zone, 	
� is the 

distance flown at an excessive descent or climbing angle 

as defined by the UAV characteristics,  ����������
 ���� 

is the number of circular arcs that could not be 

constructed to connect two linear segments due to the 

incoming or outgoing segment being too short, ���� is 

the total number of circular arcs that were attempted to 

be constructed and ����� is the total length of the 

trajectory. The number of impossible arcs is normalized 

and multiplied by the length of the trajectory so that the 

last term of the equation has the same units as the other 

terms in the equations (i.e., meters). To calculate 	
� 

and 	�� we use both the elevation matrix and the no-fly 

zone matrix and we check at regular intervals along each 

segment forming the trajectory to see if the segment hits 

the terrain or breaches a no-fly zone. 

3.2.2 Cost Term 

The second part of the fitness function is calculating the 

cost term which assesses the quality of feasible solutions 

and represents the optimization objectives. In this work, 

the optimization objectives are to minimize the distance 

time altitude of the trajectory to avoid detection by 

enemy radars and to minimizing the fuel consumption to 

increase the range of the UAV. It is important to note 

that one cannot simply minimize the overall average 

altitude of a trajectory as the final path could include 

multiple loops at low altitude in an effort to reduce the 

overall altitude of the path which is obviously not 

wanted. These optimization objectives used here are 

problem specific and could be changed based on the 

missions. The equation for the cost term used in this 

work is as follows: 

� =  �� ∗ !�"# ∗ �����!
����� ∗ �
����� + �$ ∗ %�
&%
�����  (2)

where !�"#  is the average altitude of the trajectory, ����� 

is the length of the trajectory, %�
& is the quantity of fuel 

required to fly the trajectory calculated using [18], �� 

and �$ are coefficients set to 0.5, but that can be 

adjusted to define the relative importance of the two 

optimization objectives. It is important to note that the 

altitude, length and fuel terms must be normalized 

before they can be added as they do not have the same 

units. The normalization is based on [19] and uses utopia 

points as references. We defined the utopia altitude !
����� as the average altitude of the fictional line 

segment connecting the start point to the end point. 

Likewise, we defined the utopia length �
����� and 

utopia fuel %
����� as the length of that fictional segment 

and the fuel required to fly that fictional segment. 

3.2.3 Combined Fitness Function 

The fitness function '(�⃑) of candidate solution �⃑ is a 

combination of the penalty term and the cost term and is 

defined as follows: 

'(�⃑) = -0 + 11 + �        , � > 0
1 + 11 + �         , � = 0 (3)

This function is carefully built so that infeasible 

solutions have a fitness ranging between 0 and 1 and 

feasible solutions have a fitness ranging between 1 and 

2. During its operation, the FPA uses this fitness 

function to guide the search towards optimized solutions 

until an optimum is found. 

3.3 Flower Pollination Algorithm 

The FPA was first published by Xin-She Yang in 

2012 [20] and has since been used in a wide range of 

fields. It is based on pollination process of flowering 

plants and uses global and local pollination to improve 

a population of candidate solutions. The global 

pollination step is represented by a pollinator (such as 

insects or wind) transporting flower pollen over a long 

distance, and this approach guarantees that the fittest 

pollen of high quality is transferred over to the next 

generation by following the biotic method's: ���.� = ��� + /(2) ∗ (��� − 3∗) (4)

where ��� is the ith pollen or solution at iteration t, 3∗ is 

the current best solution and L(λ) is the lévy flight 

distribution. Lévy flight is used to imitate the movement 

of insects over short and long distances. 

Local pollination (self-pollination) and flower 

constancy can be given as: ���.� = ���+∈∗ (��� − �5� ) (5)

where ��� and �5�  are pollens selected randomly from 

different flowers, while ϵ is a random number that 

follows the uniform distribution in [0, 1]. 

In general, the flower pollen population or solutions 

are randomly initialized by FPA. A new solution is 

generated for each generation using either global 

pollination or local pollination, as determined by the 

switch probability p [0, 1]. The FPA flowchart is given 

in Fig. 4. 

3.4 2-Opt Operator 

In the proposed FPA-based algorithms, solutions are 

randomly initialized and their waypoints are erratically 

placed on the map. This means that trajectories initially 

include several loops. It is hard for the FPA to remove 

these loops, but there exist local search algorithms that 

are well suited for this task. One of them is the 2-opt 

operator [21]. The 2-opt operator is a deterministic local 

search algorithm that is often used to solve the 

Travelling Salesman Person. Starting from the first 

node, it visits the next node and generates a new solution 

by reversing the order of the sub-trajectory and verifying 

if the new trajectory has a better fitness. If it does, the 

new trajectory replaces the solution and the 2-opt 
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algorithm restart the search from the first node. If the 

new trajectory is not better, the search continues to the 

next node. The algorithm is implemented as two nested 

loops and the search restarts when a better solution is 

found. The details of the 2-opt algorithm is covered 

in [21]. 

An example of the 2-opt algorithm applied to the 

UAV trajectory planning problem is shown in Fig. 3 

where it successfully removes a loop from the trajectory. 

Because the 2-opt operator requires the evaluation of the 

candidate solution after every sub-trajectory reversing, 

it is a very expensive function computationally. To 

reduce its effect on the overall runtime of the algorithm, 

we run the 2-opt operator every 20 iterations of the FPA 

as identified in Table 3. This has the benefit of using the 

2-opt without affecting too much the overall runtime. 

Another important note regarding the 2-opt is that the 

number of iterations required to optimize each solution 

is different. This has implications for the parallelization 

strategy as it creates work imbalance between threads. 

Our parallelization strategy deals with this work 

imbalance. 

4 Parallel Implementations 
In this work, two parallel implementations were 

developed: one for multicore CPU using OpenMP and 

one for GPU using CUDA. As shown in Fig. 4, at each 

iteration of the FPA, a for-loop is used to improve each 

candidate solution. The 2-opt operator is also 

implemented as a for-loop operation where the 2-opt 

operator is applied independently on each solution. 

In the parallel implementation on multicore CPU, 

the iterations of the for-loops are distributed among 

multiple OpenMP threads. Because the number of 

solutions (i.e., the number of iterations in the for-loop) 

is much larger than the number of threads, work 

imbalance between the iterations is easily hidden 

resulting in a very efficient parallelization strategy. 

In the parallel implementation on GPU, a much 

higher level of parallelism must be exploited to benefit 

from the massively parallel architecture of the GPU. The 

check for the 6�7���  is done using one thread per 

solution, the global and local pollination is done using 

one thread per dimension of each solution and the 

replacement of the solutions is also done using one 

thread per dimension of each solution. 

Calculating the fitness of the candidate solutions 

involves several operations and one thread block is used 

for each candidate solution. For the smoothing of the 

trajectory, an initial run is performed to compute the 

number of points needed for each circular arc, then, each 

thread processes one or more points of the arc. The result 

of the smoothing is a trajectory with a large number of 

linear segments. For the calculation of 	
� and 	��, the 

number of points to be verified along each linear 

segment from the smoothed trajectory is first calculated, 

then each thread verifies one or more point. To calculate 	
� , !�"# and %�
& , each thread verifies one or more 

linear segment from the smoothed trajectory. To 

compute ����������
 ����, each thread computes one or 

more waypoints from the original trajectory. Finally, to 

compute the overall fitness, the thread block performs 

several parallel reductions to compute the sums of all the 

terms found on all segments from the smoothed 

trajectory. The calculation of the fitness therefore uses 

in a very large number of CUDA threads which exploits 

the massively parallel architecture of the GPU. 

Parallelizing the 2-opt operator on the GPU is a 

challenge as each solution requires a different number 

of iterations which creates work imbalance between the 

solutions. To deal with this, we use a feature from 

NVIDIA GPUs called Dynamic Parallelism which 

allows kernels to launch child kernels. With Dynamic 

Parallelism, we launch a first kernel with one thread 

block per solution. Each thread block contains only a 

single thread which runs the 2-opt operator for the 

solution. To evaluate the fitness of the candidate 

trajectories, the single thread launches a child kernel 

composed of a single block and 128 threads which 

Initialize population of solutions xi

Start

Evaluate solutions and find best solution g*

For each iteration

Define a switch probability pswitch ϵ [0, 1]

rand < pswitch

Local pollinationGlobal pollination

Evaluate fitness and replace solution if better

Update best solution g* 

Terminate?

Return g*

Yes No

Yes

No

For each solution

Fig. 4. Flowchart of the Flower Pollination Algorithm (FPA) 
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Fig. 3. 2-opt operator to remove loops 
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performs the fitness calculation as explained in the 

previous paragraph. Using Dynamic Parallelism allows 

the GPU to dynamically schedule all the child kernels 

and handle the work imbalance between solutions. 

Solutions that complete the 2-opt operator early 

terminates and other solutions can continue longer. 

5 Experimental Results 

5.1 Quality of Computed Solutions 

To validate the proposed trajectory planning algorithm 

based on the FPA and 2-opt operator, three tests were 

performed. The first test aims to assess the quality of the 

solutions computed by the proposed FPA-2-opt. 

Because each previous paper used their own maps and 

own UAV model, it is difficult to replicate and compare 

our work to previous works. For this reason, our 

assessment is qualitative and based on the feasibility of 

the final solutions and their quality as viewed on plotted 

3D figures. For this test, we used the model for a small-

scale UAV similar to the Silver Fox manufactured by 

BAE Systems. The specifications for the UAV are listed 

in Table 1. These specifications are useful to compute 

the fuel required to fly the trajectory. The flight 

properties of the UAV-autopilot system which models 

the dynamic behavior of the UAV are listed in Table 2. 

These are useful when assessing the feasibility of a 

trajectory and when smoothing the trajectory. To test the 

FPA-2-opt algorithm, four maps were used. Two are 

synthetic maps, the third one is from mountainous 

regions in North-East Afghanistan and the last one is 

from northern Russia, East of Norilsk. The FPA-2-opt 

algorithm was configured using the parameters listed in 

Table 3. The computed trajectories are shown in Fig. 5 

to Fig. 8. All computed trajectories are feasible, do not 

collide with the terrain, avoid the no-fly zones, respect 

the maximum ascent and descent rates of the UAV. 

They look optimized in the sense that the minimize the 

average altitude and the overall fuel consumption as 

defined by the optimization objectives and they are 

smoothed using the minimum turning radius of the UAV 

demonstrating the good functioning of the proposed 

algorithm. 

 

Table 1. Specifications of the Silver Fox-like UAV [18] 

Parameter Value 

Weight (N) 113 

Weight of fuel (N) 19 

Wing span (m) 2.4 

Wing area (m2) 0.768 
Global lift coefficient 1.26 

Drag coefficient at zero lift 0.0251 

Engine power (W) 1850 

Specific fuel consumption (N/W*s) *1.1569E-6 

Propeller efficiency 0.8 

* Modified from reference 

 

 

 

 

 

Table 2. Flight properties of the UAV-autopilot system 

Parameter Value 

Cruising speed (m/s) 23 

Turning radius (m) 150 

Max ascent angle (degrees) 10 

Max descent angle (degrees) 30 

 

 

 

Table 3. Flower Pollination Algorithm parameters 

Parameter Value 

Number of iterations 500 

Number of solutions 512 

Switching probability 0.5 
Initial epsilon 0.25 

Final epsilon 0.02 

2-opt frequency Every 20th iteration 

 

 

 

 
Fig. 5. UAV trajectory computed by the FPA for the canyon 
map (synthetic map, 25 km2, terrain elevation from 0 to 260 m 
AMSL) 

 

 

 

 
Fig. 6. UAV trajectory computed by the FPA for the river map 
(synthetic map, 25 km2, terrain elevation from 0 to 217 m 
AMSL) 
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Fig. 7. UAV trajectory computed by the FPA in North-East 
Afghanistan (Top-left corner is 37.0705N-73.0772E, 
1,672 km2, terrain elevation from 3,139 to 6,082 m AMSL) 

 

 

 
Fig. 8. UAV trajectory computed by the FPA in Russia, East of 
Norilsk (Top-left corner is 69.2464N 91.1934E, 716 km2, 
terrain elevation from 40 to 1,382 m AMSL) 

 

5.2 Benefit of the 2-Opt Operator 

In the second test, we verify the advantage of the 2-opt 

operator. For this, we run the FPA algorithm 50 times 

without and with the 2-opt operator for each of the four 

maps and lists in Table 4 the statistics about the 

solutions found. To compare the fitness of the solutions 

computed without and with the 2-opt operator, we use a 

T-test and compute the p-value between the two 

distributions. A p-value below 0.05 means that the two 

means are statistically different. In the case of the data 

listed in Table 4, the mean fitness of the solutions found 

by the FPA with 2-opt is higher for all four maps and the 

p-value is zero for all four maps. This means that in all 

cases, using the 2-opt generates solutions that are 

statistically better proving the superiority of the hybrid 

FPA-2-opt compared to the FPA alone. As explained in 

section 3.4, the 2-opt operator is very efficient at 

removing loops from the candidate trajectories which 

are randomly initialized at the beginning of the search. 

5.3 Performance of Parallel Implementation 

The final test aims to evaluate the performance 

improvement brought by the two parallel 

implementations. The test is done on a Dell 5820 

workstation equipped with an Intel Xeon W-2195 

processors with 18 cores running at a base frequency of 

2.30 GHz and a turbo frequency of 4.30 GHz. The 

computer is configured with an NVIDIA RTX A6000 

GPU with 10,752 running at 1.41 GHz. Given the CPU 

frequency, the maximum theoretical speedup of a 

parallel application is: N ∗ '�
���'���
  =  18 ∗  2.34.3  =  9.63x (6)

In this test, we ran the FPA-2-opt algorithm 10 times 

using 1 to 36 threads and have measured the runtime 

which is plotted in Fig. 9. It can be noted that there is a 

performance slow done when the number of threads 

approaches the number of physical cores, but that a 

maximum speedup of 9.6x is achieved when the number 

of threads is equal to the number of logical cores of the 

CPU (here, the CPU supports hyperthreading). This 

maximum speedup is slightly above to the theoretical 

speedup which means that the proposed FPA-2-opt 

parallelizes very efficiently on multicore CPUs. 

Next, the second parallel implementation, which is 

the CUDA version, is run on the RTX A6000 GPU. This 

version is much more complex, but benefits for a much 

more parallel processor. Now, the number of threads 

cannot be controlled, as the entire GPU is used, but we 

vary the number of solutions to demonstrate the point at 

which the GPU becomes saturated and maximum 

speedup is achieved. In the case of the RTX A6000 

GPU, this happens with 512 solutions. Because our 

algorithm uses one thread block per solution, hundreds 

of threads are launched for each solution so saturation 

occurs when several thousand threads are launched. The 

proposed GPU implementation has a speedup of 68.5x 

compared to the sequential implementation on CPU and 

runs in just 1.14 seconds compared to 78.4 seconds for 

the CPU for 512 solutions. Because UAVs operate in a 

dynamic environment and often need to recompute their 

trajectory in flight, this speedup is truly an advantage. 

Table 4. Mean results of 50 trials for the FPA with and without 2-opt 

Scenario 

FPA without 2-opt  FPA with 2-opt  T Test 

Length 

(m) 

Average 

Alt (m) 

Fuel 

(Newton) 

Fitness 

(std dev) 

 Length 

(m) 

Average 

Alt (m) 

Fuel 

(Newton) 

Fitness 

(std dev) 

 
p-value 

Canyon 8,418 119.3 0.127 1.295±0.021  7,320 86.6 0.117 1.348±0.019  0.00 

River 6,559 72.2 0.099 1.363±0.025  6,126 50.0 0.090 1.420±0.018  0.00 

Afghanistan 52,874 4236.2 1.003 1.451±0.024  52,737 4049.6 0.992 1.461±0.010  0.00 

Russia 34,031 445.6 0.489 1.346±0.026  33,386 322.0 0.477 1.395±0.017  0.00 
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5.4 Real-Time Performance 

The real-time performance of the proposed algorithm is 

assessed in terms of the distance travelled by the UAV 

during the time it takes to compute a new trajectory. This 

distance is computed based on the velocity of the UAV 

and the computation time measured in section 5.3. In 

this work, because the UAV flies at constant velocity, 

the distance can be computed using: d = v ∗ t = 23 m/s ∗ 1.14 s = 26.22 m (7)

This means that the Silver Fox-like UAV used in this 

work travels only 26.22 meters during the times it takes 

for a new trajectory to be computed. This distance is 

longer than a typical trajectory which means that the 

trajectory planning system will always be able to 

compute the next trajectory while the UAV is flying the 

current trajectory. Also, assuming that the onboard 

sensors are able to detect obstacles at a distance greater 

than 26.22 meters, this gives enough lead time for the 

trajectory planning system to replan the trajectory in 

case a new obstacle is detected. Based on those 

assumptions, we conclude that the parallel 

implementation on GPU allows for real-time trajectory 

planning which is not the case for the sequential 

implementation on CPU. 

 

 
Fig. 9. Runtime and speedup for the parallel implementation on 
multicore CPU using OpenMP 

 

 
Fig. 10. Runtime and speedup for the parallel implementation 
on GPU using CUDA 

6 Conclusion 
This paper presented a parallel trajectory planning 

algorithm for fixed-wing UAVs based on the FPA and 

the 2-opt operator. The FPA is a global optimization 

algorithm while the 2-opt operator provides a local 

search strategy. The proposed approach was tested in a 

numerical simulation using four realistic and complex 

3D scenarios and successfully computed quasi-optimal 

trajectories for the UAV while considering the flying 

characteristics of the UAV such as its minimum turning 

radius and maximum ascent and descent rates. To cope 

with the complexity of the problem and allow for real-

time planning, the algorithm was parallelized on 

multicore CPU using OpenMP and on GPU using 

CUDA. A speedup of 9.6x on the CPU and 68.5x on the 

GPU were measured. The algorithms on GPU runs in 

just 1.14 seconds compared to 78.4 seconds for the 

sequential version on CPU. The proposed trajectory 

planning module contributes to the development of 

autonomous UAVs by allowing them to plan their route 

while in flight. In future works, we intent to implement 

and test other metaheuristics for UAV trajectory 

planning to compare their efficiency in this particular 

application. 
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