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Abstract: Path planning is intrinsically regarded as a multi-objective optimization problem (MOOP) that simultaneously optimizes the shortest path and the least collision-free distance to obstacles. This work develops a novel optimized approach using the genetic algorithm (GA) to drive the multi-objective evolutionary algorithm (MOEA) for the path planning of a mobile robot in a given finite environment. To represent the positions of a mobile robot as integer-type genes in a chromosome of the GA, a grid-based method is also introduced to relax the complex environment to a simple grid-based map. The system architecture is composed of a mobile robot, embedded with the robot operating system (ROS), the ArUco system and a laptop, executing the algorithms of path planning and image processing. Both simulations and experimental results are presented to verify the feasibility of the proposed method. In applications, this work can be employed in a commercial ball-collecting or an object-carrying robot.
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1  Introduction

Over the past years, due to the advancement in the technologies of mechanics and electronics, mobile robots have been developed to cope with many challenging and hazardous tasks in a tough environment that is usually not considered a properly reachable workplace for humans. For instance, there are extremely dangerous situations around the world, where bombs require to be defused to rescue people on site by soldiers or experts, whose lives are also threatened owing to a number of unpredictable factors. For this reason, self-driven robots are very suitable to perform the extremely risky task, bomb removal, to keep the safety of soldiers or experts. Moreover, several autonomous robots have been delivered by NASA to explore the related signs to prove the existence of water or creatures on Mars, which is too far from Earth and too dangerous to be landed and prospected by astronauts.

In addition, the year of 2020 was deemed a particularly difficult period for the governments and people all over the globe to combat the pandemic of COVID-19, which has triggered unprecedented influence on the global economy and life menaces to humans. The authorities of many countries around the world have issued the policies of a social distance which people maintain against infection and even of lockdown for people in the out-of-control areas to protect from the outbreak of coronavirus. Though under such a tough circumstance, people still have to be permitted to work or get supplies in a number of essential businesses, such as supermarkets, delivery services, medical care, etc. Hence, it is one of the most significant topics starting from 2020 for the way to minimize the risk of infection of the coronavirus between people that are exposed to public fields, in order to sustain essential economic activities.

With this regard, several researches have been mainly dedicated to making it independent for mobile robots to move from one point to another in an optimal manner [1], i.e., barely with the interference of additional human operators. An extensive survey is conducted on several techniques for solving motion planning problems that satisfy certain optimization criteria and are subject to necessary constraints [2,3]. The contribution of mobile robots can be also extended to a wide range of fields such as the delivery, warehouse, nursing, etc. However, no matter where mobile robots are applied, several topics occur in the respects of mobile robots operating independently: fulfilling communication and interactions between the robots, collision avoidance, and task allocation [4]. As the techniques of communication and task allocation in the IoT industries have been improved and prevailing on a large scale [5], there exist many mature ways for mobile robots to transmit and broadcast critical information with other robots in the surroundings. Therefore, this research is mainly involved in the collision-free path planning, to autonomously complete the assigned missions from one location to another without any collision with other objects in a given finite environment.

In the real world, the path planning (PP) problem can be generally regarded as the MOOP that simultaneously optimizes the shortest path and the least collision-free distance to obstacles. However, challenges would occur when the characteristics of objectives may conflict with each other, i.e., the optimal solution of an objective function competes against that of the other one. To handle this problem as well as to aim at the real-time applications, the following contributions are mainly put forth by this work.

•   The mathematical modeling is provided to represent the multi-objective PP problem in a grid-based mapping environment.

•   The novel algorithm, based on the GA-driven MOEA with the low-cost gene encoding, is proposed to plan a collision-free path for the multi-objective PP problem within a tractable time.

•   The centralized system architecture with a custom-designed mobile robot and a computing console is presented for real-world experiments to test the feasibility of the proposed PP algorithm. In the experiment, the ArUco system for the visual localization is employed to obtain the positions of the obstacles, which the mobile robot should avoid by walking along a planned collision-free path.

The remaining sections of this research are enumerated as follows. Section 2 summarizes the previous literature related to this work. Section 3 deliberates the mathematical formulation of the multi-objective PP problem. Next, the proposed PP algorithm and obstacle localization are detailed in Section 4 and Section 5, respectively. Furthermore, Section 6 provides the simulations and experimental results. Finally, Section 7 concludes the paper and specifies the prospects of this work.

2  Related Work

In robot path planning, most of the traditional approaches are commonly applied in a high computational manner; hence, many methods concentrated on heuristic or meta-heuristic approaches to reduce the computational complexity and then to rapidly obtain the approximate solutions close enough to the globally optimal solution.

The A* search, proposed firstly in [6], selected every next node in the graph search using a best-first heuristic to determine an optimal distance from a current node to a goal. Over several decades, a plenty of variants of A* have been also invented to search a route more efficiently, such as D* [7], Lifelong Planning A* (LPA*) [8], etc. However, the A* family merely takes into account the single-objective optimization, instead of optimizing multiple objectives concurrently. Hence, the problem with multiple conflicting objectives could not be solved using the A*-related approaches.

Instead of the aforementioned graph-based methods, various meta-heuristic solutions were also invented to plan a near-optimal path for a mobile to pursue its goal. For instance, an approximation reasoning mechanism was accomplished using a fuzzy-logic controller to prevent a mobile robot from colliding the stationary obstacles, which was tested on a mobile robot system in an indoor environment [9]. The GA iterates the solutions in the search space to retrieve the best-fitted chromosome representing for the optimal tour, when applied to solve the path planning for the traveling salesman problem (TSP) [10]. In addition, a bundle version with the fuzzy logic controller and the GA was also created to solve the path planning of a mobile robot [11].

Due to such multiplicity of solutions, the MOEA [12] is thus introduced to develop a feasible path planning algorithm. Two typical evolutionary algorithms, the GA and the particle swarm optimization (PSO), can be the candidates as the solvers in the MOEA. This work is essentially a discrete and constrained optimization problem, which would result in the case that the PSO underperforms the GA in solution quality [13,14]. Even though being able to map a discrete optimization problem to a continuous one [15,16], the reinforced PSO still requires excessive processing steps, and is subsequently not as straightforward as the GA that is natively designed for discrete optimization problems. Therefore, the GA-driven MOEA is utilized in this work to aim at the real-world applications on the path planning with the obstacle avoidance for mobile robots.

Several visual sensing techniques have been recently invented to detect objects in a given finite environment [17–19]. Because the proposed path planning algorithm must be aware of all positions of the obstacles in a terrain with several square meters, a global vision-based sensing method, called the ArUco marker [20–22], is utilized in this work. During the last few years, the ArUco marker has been popularly applied to detect and to recognize static or dynamic objects [23,24], because it can offer low hardware cost, accurate solution, and complete six-degree-of-freedom (6-DOF) information of an object in the indoor localization.

3  Mathematical Formulation

3.1 Environment Description

The environment is partitioned with K cells squarely on each side, i.e., K2 cells in total, to form a grid-based map, each cell of which indicates the position where the mobile robot is at any moment. To elaborate on this concept, an example with K = 10 is provided in Fig. 1, where there exist 10-by-10 cells. In the cells, the rectangles represent the obstacles, while the circle and the triangle represent the starting and ending positions of robot, respectively. Additionally, the numbering from 0 to 9 is used to label the rows and columns, which is identical to the longitudinal and latitudinal axes in the map of Fig. 1, respectively.
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Figure 1: A exemplified map denoting the locations of the robot and obstacles

3.2 Mathematical Modeling

The mathematical modeling for the path planning in this work is inspired by the principle of integer linear programming, in which the cell position occupied by a robot or each obstacle on the map of Fig. 1 requires both longitudinal and latitudinal coordinates to be integers. Afterwards, the actual cells that are passed by the robot can be regarded as the control points, constituting a planned path for the robot to move from an initial position to a final target on the map.

For the purpose of encoding each gene with an integer in a chromosome of the GA, the cell position of the mobile robot in the map of Fig. 1 can be formulated as a one-dimensional number, which can be transferred from the original two-dimensional coordinates by Eq. (1).


m=10ri+ci,for i=0,1,2,…,N−1
(1)

where the cell position of the robot is numbered by m, which can be related to the coordinates (ri, ci). The variables ri and ci are row and column numbers, respectively. N is the amount of control points. If (ri, ci) is set to (2, 7) as an example, m will be derived to the value 27.

The safe margin is a desired distance between the robot and the obstacle to guarantee that collisions will not occur [25]. In Fig. 2 each cell is numbered by Eq. (1). Fig. 2a illustrates an obstacle cell m, in green color, surrounded by eight orange cells, forming the safe margin. For the multiple obstacles in a group, all of the safe margins for the square and irregular obstacles can be retrieved, as described in Figs. 2b and 2c, respectively.
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Figure 2: Demonstration of safe margins for different situations (green cells: Obstacles; orange cells: safe locations of robots. (a) for a single cell (b) for square cells (c) for irregular cells

In the path planning of the mobile robot, two objectives, the shortest traveling tour to the target and the least overall safe margin to obstacles, are required to be achieved at the same time. Therefore, the mathematical models are represented as follows:

Minimize traveling tour to the target:

f1=∑i=0N−1⁡dist(Pi,Pi+1),
forPi=(ri,ci).
Minimize overall safe margin to obstacles:

f2=∑j=0M−1⁡∑i=0N−1⁡dist(Pi,Bj),
forPi=(ri,ci),Bj=(rj,cj).
Subject to:


P0=S,PN−1=E,
(2)

ri=i,∀i∈{0,1,…,N−1},
ci≠cj,forri=rj,
ci∈{0,1,…,N−1},forri≠rj,
ci+1<cj,   for ri=rj−1,   ci=cj−1,
ci+1>cj,   for ri=rj−1,   ci=cj,
ci+1>cj,   for ri=rj−1,   ci=cj+1,
ci+1<cj,   for ri=rj,   ci=cj−1,
ci+1>cj,   for ri=rj,   ci=cj+1,
where ri and ci, composing the position P of the mobile robot, represent the row and column numbers, respectively on the map in Fig. 1, on which S and E are the starting and ending points of the robot, respectively. Moreover, every position of the obstacle B, is static and invariant at all time. The functions f1 and f2 calculate the traveling tour of the robot to the target and the summation of the safe margins from the robot to the centroids of all obstacles, respectively. N and M stand for the numbers of control points and obstacles, respectively.

4  Path Planning by the MOEA

In this work, a candidate solution (chromosome) of the GA comprises a string of genes that are the steps for the robot to move from a starting point to an ending one. As the number of genes grows up, the mobile robot can obtain a smoother path, while it will suffer much more computational time. To reduce the gradually increasing computational time, a chromosome here is not encoded as K2 cells for a K-by-K map, but only K cells, to represent a candidate solution in the GA, which is thereby coined the low-cost gene encoding in this work.

Fig. 3 elaborates on the problem-solving flow of the proposed method. To begin with, the initial population is randomly generated by iteratively adding the aforementioned chromosome with low-cost genes. After applying Eq. (2) to evaluate the functions of two interested objectives, traveling tour to the target and overall safe margin to obstacles, the initial Pareto fronts will be retrieved for checking the dominance of one solution in comparison with another solution in the initial population. Because the stop criterion here is a certain number of generations, the flow will proceed to the next step that calculates the sum of the fitness and penalty functions for all candidate solutions. Then, a sequence of steps, such as the parent selection with the rank-based technique, the crossover, the mutation, and the survivor selection, will be repeated many generations to generate a new population, which will compete with the current population to obtain a better Pareto front. Until the number of terminating generations is reached, the solutions on the best Pareto front will be the best chromosomes.
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Figure 3: The problem-solving flow of the GA-driven MOEA with low-cost gene encoding

Prior to solve the path planning by the GA-driven MOEA, some parameters should be initially defined, such as the population size (Np), the maximal number of generations (Nt), the crossover rate (ρc), the mutation rate (ρm) and so on. The recap of all parameters of the proposed algorithm is listed as Tab. 1.
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Next, all of the evolutionary operators utilized in this work will be addressed in detail from Sections 4.1 to 4.5.

4.1 Representation of a Solution

To represent a solution by a chromosome, a grid-based map with K = 10 is exemplified in Fig. 4, where the left-hand and right-hand sides display the phenotype and genotype of a candidate solution tour of the mobile robot, respectively. The phenotype of a solution tour means that the tour is moved along by the mobile robot; the genotype of a solution tour indicates that the cell positions of the tour are encoded as integer-type genes in a chromosome.

[image: images]

Figure 4: An example of the candicate solution tour for the mobile robot (the left and the right represent the phenotype and the genotype of the solution tour, respectively.)

4.2 Parent Selection

There are several ways to select parent chromosomes for a mating pool, which provides the candidate parents prior to the stage of crossover operation. Despite being one of the most popular selection tactics, the proportional selection has some drawbacks. For instance, chromosomes with higher fitness will be preferred at almost every selection, and will finally dominate the population in a short time, which is known as the premature convergence that leads to no further evolution. To alleviate this side-effect, the rank-based selection [26], with the time complexity of O(Np log Np), is used as an alternative, because the selection probability of a chromosome is related to its rank in the population, instead of its fitness value. As a result, the selection probabilities of a highly-selected chromosome and any top-rank chromosome are identical in one population.

4.3 Crossover Operator

A well-known single-point crossover operator with the time complexity of O(ρc Np) is adopted in this work to handle the integer-encoded GA. It is the crossover rate ρc that decides whether the crossover operation is applied on the preset crossover point of two parent chromosomes or not. A higher crossover rate produces more new offspring, but many better current chromosomes will be lost. In contrast, a lower crossover rate is apt to bring the worse chromosomes to the next generation, conducting a more conservative exploration in the search space. Hence, it is suggested that a reasonable crossover rate should be chosen to prove the solution quality.

4.4 Mutation Operator

The mutation operator perturbs some genes in a chromosome to reintroduce the diversity of solutions onto the population, and then prevents the search from getting stuck at local optima. In the mutation operator, the mutation rate ρm is set as a small number to prove that the mutated chromosome will not vastly differ from its original one.

Given a gene Xn in a chromosome as the cell number where the robot arrives when it walks to row n in Fig. 4, if Xn needs to be mutated, an arbitrary value can be randomized and limited within the range of [10n, 10n + 9]. For instance, the genes X0 and X8 can only be mutated from 0 to 9 and from 80 to 89, respectively. The time complexity of the proposed mutation operator is O(ρm K Np). A more specific example is depicted in Fig. 5.
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Figure 5: Demonstration for the mutation operator on certain genes

Fig. 5a illustrates the range of the integer number for each gene. In Fig. 5b, genes X4 and X5 are originally 42 and 55. After applying the mutation operator, X4 and X5 could be mutated to some value randomized from the integer sets of [40, 41, …, 49] and [50, 51, …, 58, 59], respectively; for instance, X4 and X5 might become 45 and 58 respectively, as shown in Fig. 5c.

4.5 Survivor Selection

The so-called survivor selection is implemented by copying a few parent chromosomes and introducing some offspring chromosomes to keep the population size as a preset number of Np in the new generation. Therefore, at this stage, the surviving chromosomes are selected and the disqualified ones are forsaken. For example, in each generation there exist Np and μ chromosomes, respectively in the parenthood and childhood. Eventually the total number of the chromosomes, Np + μ, has to be reduced to Np to maintain the constant population size. Although numerous methodologies can be applied for the survivor selection, aimed at a real-time application, this study employs a polynomial algorithm, called NSGA-II [27] with the time complexity of O(U Np2). U denotes the number of objectives. The primary concept of NSGA-II is elitism, which duplicates the best parent chromosomes, i.e., the elite chromosomes, to the population in the next generation. It can prevent the GA from losing the optimal solution and then drive the entire genetic search to the correct destination.

5  Obstacle Localization by the ArUco System

For a robot to run along a planned path, it needs to detect and to localize the obstacles in advance. This work utilizes a global visual sensing technique, which is able to detect obstacles behind an obstacle and the existence of blind spots, in comparison with a local visual sensing method. A type of fiducial marker, called the ArUco marker, is employed. The ArUco marker has much advantageous in the global localization of obstacles in an indoor environment. Firstly, multiple obstacles glued with ArUco markers can be detected simultaneously using only a single camera. Secondly, a localization error of the ArUco marker will be regardless of time, resulting from the fact that a cumulative error will not occur in the ArUco system. According to [28], the real-time positioning accuracy of fiducial markers can achieve the level of centimeter, or even sub-centimeter. Thirdly, a comparison of ArUco with AprilTag under noisy sensor data shows that ArUco has high robustness in a noisy environment [29]. Finally, given an extra reference dimension (marker size) of the fiducial marker, the position of the marker can be obtained, by simply applying the built-in classical image processing algorithms from OpenCV libraries, such as binarization, edge detection, feature extraction.

There are several steps for the image processing in the ArUco system. To begin with, all the contours of the images that are captured from the camera will be extracted and filtered to several four-corner polygons, which are consequently decoded to determine whether they are valid markers or not. Next, the four corners of a valid marker will be identified to obtain the homogeneous transformation matrix 
Tcammarker
, as expressed in Eq. (3), from the coordinate frames of the camera to the marker.


Tcammarker=[RotTran0T1]
(3)

where Rot represents the rotation matrix between the frames, and Tran represents the translation vector between the frames.

Finally, the ArUco system can compute the position of marker relative to the optical center of the camera, and offers the rotational Euler angles by using Eq. (3), provided that the marker size is known.

In this work, the ArUco markers are arranged as an array with 7 × 7 squares, each of which is either black or white, except for the outer two rows and columns that are kept the black squares, as an example presented in Fig. 6a. After successfully localizing the ArUco marker, via a camera and by libraries provided in [20,21], the coordinate frame of the marker will be determined, as illustrated in Fig. 6b, where axes x, y and z are in red, green, and blue lines, respectively.
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Figure 6: The location of a raw marker can be analyzed via the ArUco system (a) raw marker (b) processed marker

6  Simulations and Experimental Results

6.1 Determination of Parameters

To verify the proposed path planning algorithm, the mobile robot is located on the environment of a map with 10 × 10 cells, as shown in Fig. 7, where the starting and ending points are labelled respectively as a circle and a triangle, and several obstacles are denoted as rectangles.
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Figure 7: Three test scenarios for verification (a) elementary plan (EP) (b) median plan (MP) (c) advanced plan (AP)

The test scenarios with three-, ten-, and twenty-obstacles, named as elementary, medium and advanced plans, are provided respectively in Figs. 7a–7c. The preset ρc and ρm are 1.0 and 0.1, respectively, and the chromosome length and the population size Np are 10 and 20, respectively. The main loop terminates when a stop criterion or a maximum number of generations is satisfied.

The concept of the Pareto front, on which the solutions will not be dominated by each other, is used to establish a non-dominated solution set in the MOOP. The NSGA-II is utilized to optimize the Pareto front [27]. The results by simulating the objective spaces of the elementary, medium and advanced scenarios are shown in Figs. 8a–8c, respectively. In Fig. 8, the left-hand-side figures showing the initial generations are randomly distributed, and the right-hand-side figures displaying the Pareto fronts are inclined to the lower-left corner of the coordinates as the generations increase, and finally converge at the generation of 2,000.
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Figure 8: The objective spaces to observe the initial generation and the pareto fronts in different generations for three test scenarios (a) EP (b) MP (c) AP

6.2 Experimental Setup

The system architecture of the vision-aided collision-free pathfinder is depicted in Fig. 9. In the system, the ROS [30] and Python 3 are installed in a laptop (Console) running Ubuntu 18.04, and an embedded system using a STM32 microcontroller is mounted on a two-wheel mobile robot (Agent).

[image: images]

Figure 9: The block diagram of the vision-aided collision-free pathfinder

Firstly, the Console utilizes an aloft-located RGB camera to capture the entire view of the experimental environment and then to decrypt the ArUco markers via the algorithms, proposed in [20–22], for localization of the obstacles. Thereafter, the pre-planned path with the obstacle avoidance is derived using the proposed path planning based on the MOEA. Next, the Console emits the pre-planned path, carried by wireless signals, which is tracked by the Agent to its desired destination.

The hardware architecture is displayed in Fig. 10 for three main parts: an RGB camera fixed under the ceiling (Fig. 10a), a mobile robot equipped with an embedded system in the experimental environment with an area of 4 × 4 m2 (Fig. 10b), and several hand-made dummy boxes adhered with ArUco markers for representation of the obstacles (Fig. 10c).

[image: images]

Figure 10: The hardware architecture of the integrated system (a) RGB camera at bird’s view (b) Mobile robot and its working field (c) Dummy boxes with ArUco markers

As shown in Fig. 11, this work designs the mobile robot, with a weight of 2.5 kg, both a width and a length of 25 cm, and a height of 22 cm. The robot is driven by a two-wheel differential steering mechanism, each side of which contains a 16 W DC motor with a gear box of 18:1 reduction ratio. On each motor, a timing belt connects the gear box and the active wheel to drive the mobile robot. Moreover, a pair of passive wheels, coaxially coupled with incremental encoders, work as an odometer to sense the moving distance of the robot. The Li-ion battery, with advantages of lighter weight, smaller size, and higher efficiency, is applied to supply 12 V with the current capacity of 8.5 A-hour. It can allow the mobile robot to operate at the maximum speed of 1.0 m/s, for at least three hours after a single charge.

[image: images]

Figure 11: The appearance of the designed mobile robot

Furthermore, the vision system contains an RGB camera, with a light weight of 55 g and a horizontal angle of view (AOV) of 70 degrees, to cooperate with the ArUco markers for localization of the obstacles. The frame rate and the image resolution of the RGB camera are 30 frame-per-second (FPS) and 1920 × 1080 pixels, respectively. As being capable of detecting objects at the farthest distance of 10 meters, the RGB camera can be certainly applicable to the experimental environment with an area of 4 ×  4 m2.

6.3 Results and Discussions

In the experiments, each cell is sized in a square of 40 cm × 40 cm, and then the entire experimental environment for the robot will be sized as 400 cm × 400 cm. The ArUco visualization system is employed to locate the obstacles, which are received by the proposed algorithm to solve the path planning, the feasibility of which is proved for the whole system in three proposed scenarios. The entire experimental procedure is divided into several single steps beginning from the start to the end positions of the mobile robot, as shown in Figs. 12a, 13a and 14a, which denote the results that the mobile robot is navigated to the destination with three, ten, and twenty obstacles, respectively. On all steps in Figs. 12a, 13a and 14a, the red arrows and yellow numbers indicate the current positions of the mobile robot and the running steps, respectively. For example, Step 1 means the robot just leaves the starting point at the lower-left corner, while Step 9 indicates the robot reaches the ending point at the upper-right corner. While the red simulated pre-planned and blue actual paths are presented in Figs. 12b, 13b, and 14b, respectively for the scenarios with three, ten, and twenty obstacles. The simulation results offer the pre-planned paths of all scenarios under the occurrence that the GA converges at a Pareto front with 2000 generations, considered as a pre-defined stop criterion of the GA, to offer the valid obstacle-avoidance routes for all of the scenarios.
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Figure 12: The simulations and experimental results for the environment with three obstacles (a) The steps to navigate the robot to the ending point (b) Path comparison of simulation and experimental results

[image: images]

Figure 13: The simulations and experimental results for the environment with ten obstacles (a) The steps to navigate the robot to the ending point (b) Path comparison of simulation and experimental results

[image: images]

Figure 14: The simulations and experimental results for the environment with twenty obstacles (a) The steps to navigate the robot to the ending point (b) Path comparison of simulation and experimental results

There are two observations by comparing of the simulated pre-planned and actual paths for the mobile robot with three, ten, and twenty obstacles in Figs. 12b, 13b, and 14b, respectively. Firstly, the root-mean-square errors (RMSE) of actual path deviating from the pre-planned path are 3.6 cm, 5.1 cm, and 5.8 cm, respectively for three, ten, and twenty obstacles. The resulted RMSE suggests that the mobile robot will not exceed the border of the desired cell on the pre-planned path because the margin between the edge of the mobile robot and the border of the cell is 7.5 cm on average, which is safe within the margin from the robot to the cell border and can be accordingly deemed tolerable in this work. Here, the margin of 7.5 cm results from the fact that the width and length of the robot are both 25 cm, and the side length of a cell is 40 cm. Secondly, a major portion of the RMSE existing between the actual paths and the pre-planned paths is caused by the issue that most of the deviations between the two paths occur when the mobile robot is turning itself into another direction with a large angle. It might be incurred by the circumstance that the current mechanism of trajectory tracking is not robust enough for the mobile robot to execute an accurate turn due to the improper amount of the slipping friction between the tires of mobile robot and the ground. There remains certain work to be carried out to solve this problem in order to further improve the ability of path tracking for the mobile robot. In spite of the two issues mentioned above, it can be still verified that the experimental results well agree with the simulation results when they have the same initial conditions.

7  Conclusions and Future Work

This work proposes a novel MOEA-based approach, consisting of a grid-based map with the low-cost gene encoding and the elite survivor selection via the NSGA-II, to search a collision-free path for a mobile robot to avoid static obstacles, which are localized by the ArUco system by means of a camera at bird’s view. For all of the test scenarios, the simulation results of the Pareto fronts show the convergence occurs when the number of generations arrives at 2000, and the experiments are conducted to prove the feasibility of the whole system. In conclusion, the proposed approach is practicable in a real-world application, under the requirements of a low speed and a limited working field.

There are two major limitations in this work: (1) Due to the low-end hardware in the embedded system of the mobile robot, the proposed algorithm currently runs on the console laptop with fast computing efficiency. (2) The dynamic behaviors of the mobile robot are not considered in this work, so the proposed approach is not suitable for the mobile robot to operate on tough venues, such as stages, hills, sands, etc. Accordingly, it remains for the future work to study how to improve the current algorithm via faster evolutionary operators, which can run on a mobile robot without the need of a high-cost centralized scheme. Besides, developing a robust motion control system can provide the mobile robot with the ability to overcome the existing nonlinearity and then to fit complex places in a real world. It is foreseen that the proposed robotic system will be employed in a commercial ball-collecting or object-carrying robot.
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Table 1: The recap of all parameters of the proposed algorithm
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