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MemPBPF algorithm

The membrane pseudo-bacterial potential field (MemPBPF) algorithm for path
planning consists of a cell-like P system that evolves a set of parameters required
for the artificial potential field (APF) method. These parameters are the attractive
proportional gain k,, the repulsive proportional gain k., and the step size 7.

The MemPBPF algorithm employs a dynamic structure u with active mem-
branes and rules, such as membrane division and merger, as seen in the figure be-
low. The membrane merger is helpful to enhance the information communication
among 1ndividuals (set of parameters, k,, k., and #) and the membrane division is
beneficial to improve the search capability.
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The computational process outlined by the above figure consists of three steps:
First, each elementary membrane S;, composed of a pseudo-bacterial potential
field (PBPF) evolves the individuals. Each individual 1s codified with a set of pa-
rameters. This first stage aims to find the best individual in each elementary
membrane §..

Second, all the elementary membranes S;, merge into one membrane Sg, con-
taining all the individuals. Communication rules are applied, which first separate
the best individual of each elementary membrane to find the global best individu-
al (k,, k., and ») and send out into the skin membrane Sy a copy of this global best
individual to preserve the global best solution.

The communication continues in the merged membrane Sy to exchange infor-
mation among the elementary membranes S; that will be formed 1n the next step.
During the merge process, each subpopulation 1s maintained, and a copy of the
best individuals will replace the worst individuals (a portion of the subpopula-
tion) to improve the subpopulation in each elementary membrane.

Third, the process is repeated to refine the sets of parameters to be able to perform
optimal or close-to-optimal path planning. Inside each elementary membrane S;, the
PBPF performs the evolution process. The PBPF starts with the creation of a random
population of individuals P(?), each individual (solution) 1s codified with the values of
the proportional gains, attraction k,, repulsion k,, and the step size » required to generate
the path.

For the parallel evaluation on GPU, where each path 1s evaluated. We compute:
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After the parallel path evaluation on GPU, the selection, crossover, and mutation op-
erators are applied to evolve the individuals 1n P(?). All the path planning is enclosed in
an 1terative process until the maximum number of generations has been achieved.
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Performance Results

To evaluate the perfor- . 08
mance of the parallel path |
computation on GPU versus _ s
the sequential path compu-
tation on CPU, we carried
out independently thirty
tests for each number of to-
tal evaluations.
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Conclusions

In this work, we have presented the parallel path computation on GPU for mo-
bile robot navigation using the MemPBPF programmed in C++/CUDA.

The performance results show that the parallel path computation on GPU ac-
celerates the process by a factor of 121x for the biggest population tested in
comparison with sequential path evaluation on CPU.

We can see the advantage of using the parallel path computation on GPU, as
well as we can see that the MemPBPF algorithm is highly scalable.

The MemPBPF algorithm could be useful for many applications in mobile ro-
bots for global and local path planning, including industrial and domestic mo-
bile robots, unmanned aerial vehicles, autonomous underwater vehicles, ex-
ploration vehicles, and self-driving cars.




