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Abstract: This work presents a memetic Shuffled Frog Leaping Algorithm (SFLA) based tuning approach of an Integral Sliding Mode Controller (ISMC) for a quadrotor type of Unmanned Aerial Vehicles (UAV). Based on the Newton–Euler formalism, a nonlinear dynamic model of the studied quadrotor is firstly established for control design purposes. Since the main parameters of the ISMC design are the gains of the sliding surfaces and signum functions of the switching control law, which are usually selected by repetitive and time-consuming trials-errors based procedures, a constrained optimization problem is formulated for the systematically tuning of these unknown variables. Under time-domain operating constraints, such an optimization-based tuning problem is effectively solved using the proposed SFLA metaheuristic with an empirical comparison to other evolutionary computation- and swarm intelligence-based algorithms such as the Crow Search Algorithm (CSA), Fractional Particle Swarm Optimization Memetic Algorithm (FPSOMA), Ant Bee Colony (ABC) and Harmony Search Algorithm (HSA). Numerical experiments are carried out for various sets of algorithms’ parameters to achieve optimal gains of the sliding mode controllers for the altitude and attitude dynamics stabilization. Comparative studies revealed that the SFLA is a competitive and easily implemented algorithm with high performance in terms of robustness and non-premature convergence. Demonstrative results verified that the proposed metaheuristics-based approach is a promising alternative for the systematic tuning of the effective design parameters in the integral sliding mode control framework.
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1  Introduction

The quadrotor is the most popular type of Unmanned Aerial Vehicles (UAV) thanks to its multiple applications in various areas of engineering and civilian domains [1,2]. The capacities of Vertical and Take-Off Landing (VTOL) and maneuverability prove the growing use of these vehicles. The flight dynamics stabilization of a quadrotor is a significant and hard task as it is an underactuated, nonlinear, and large-scale system [3–5]. External disturbances and model uncertainties of quadrotors further increase the complexity of these aerial vehicles. All these physical and environmental features require powerful and robust controllers’ design and tuning with systematic and low time-consuming procedures.

In the literature, various control strategies have been proposed to cover this kind of issue. In the work of Ma et al. [6], an optimal control method of an unmanned aerial helicopter with unknown disturbances has been designed based on the Hamilton-Jacobi-Bellman equation. A linear model predictive controller has been proposed for a tilt-rotor tricopter to handle the angular dynamics and vertical body velocity in [7]. In the work of Argentim et al. [8], a comparison between different linear controllers, i.e. ITAE-tuned PID, classical LQR, and LQR loop-shaping-tuned PID, has been established for the vertical attitude stabilization of a quad-copter platform. For these linear approaches, the stabilization cannot be guaranteed when the vehicle moves away from its flight domain. Since the nonlinear control approaches can rise above some of the restrictions and drawbacks of the linear case, various nonlinear control methods have been developed. In the work of Stebler et al. [9], a nonlinear output feedback controller has been designed leading to an asymptotic altitude and attitude tracking of a quadrotor UAV under model uncertainties and unknown external disturbances. In the work of Ben Ammar et al. [10], the stabilization of a quadrotor vehicle has been achieved thanks to a proposed fuzzy gains-scheduling integral sliding mode controller. The main advantage of the proposed fuzzy-tuned sliding mode controller is the complete compensation of the matched disturbances when the quadrotor is in the sliding phase. Since the sliding mode control approaches have been successfully applied for various complex systems, i.e. robot manipulators [11], electrical motors [12], underwater vehicles [13], and so on, the Integral Sliding Mode Control (ISMC) variant is adopted in this paper to stabilize the altitude and attitude dynamics of a quadrotor UAV. The ISMC is a robust variant of the canonical sliding mode control approach where an integral action is added to the general form of the sliding surface shape [14,15]. Such a control approach allows eliminating the reaching phase and guarantees the invariance from initial conditions.

Unfortunately, the ISMC approach claims the choice and tuning of several effective control parameters which make difficult the controller’s design procedure. These effective control parameters are often selected by repetitive trials-errors based methods which become hard and time-consuming for complex and large-scale systems. To overcome this drawback, several attempts have been proposed in the literature. In the work of Dydek et al. [16], an adaptive fuzzy sliding mode controller has been designed for the attitude stabilization of an unmanned vehicle under parametric uncertainties and disturbances. Such a proposed fuzzy sliding controller has allowed the reduction of the undesirable chattering phenomenon but at the expense of slow response of the system dynamics. In the work of Chang [17], fuzzy inference systems have been used to approximate the unknown attitude dynamics of the quadrotor and eliminate the reaching phase under external disturbances and uncertainties. In the work of Zhang et al. [18], an adaptive mechanism has been designed to estimate the integral sliding mode controllers’ gains to eliminate chattering behavior. All these design methods remain time-consuming, non-systematic, and difficult in terms of real-world prototyping and experimentation. So, looking for an effective and systematic tuning technique becomes a necessity instead of tedious and expensive trials-errors based methods. For this purpose, the theory of global metaheuristics and hard optimization can present a promising solution.

Several metaheuristics have been proposed in the literature and received much interest in dealing with hard and large-scale optimization problems [19]. Recently, memetic metaheuristics have shown remarkable superiority in terms of exploitation/exploration capabilities for a robust and non-premature convergence compared to the classical ones. Initially proposed by Eusuff et al. [20,21], the Shuffled Frog Leaping Algorithm (SFLA) is one of the most powerful memetic metaheuristics. In this formalism, a set of virtual frogs are partitioned into different groups called memeplexes. Within each memeplex of the swarm, the individual frogs hold ideas that can be influenced by the behavior of other frogs with better fitness and evolve through a process of memetic evolution. After a defined number of memetic evolution steps, ideas are passed among memeplexes, which are considered as different cultures of frogs. Given the high performance of this algorithm, several improvements [22–25] and applications [26–28] have been proposed in the literature.

In this paper, the selection and tuning procedure of all effective parameters of an internal sliding mode controller for a quadrotor UAV is formulated as a constrained optimization problem. The operational constraints are specified in terms of time-domain performance criteria. Such a nonlinear and large-scale optimization problem is efficiently solved based on the proposed SFLA metaheuristic compared to other global swarm intelligence algorithms. The main contribution of the proposed approach is the systematic and fast way of tuning many effective sliding mode controllers’ parameters for a nonlinear and complex system. The classical trials-errors based methods, which often lead to local solutions of the tuning problem, are no longer used and the design time is further reduced. All control performances and operational constraints are implicitly specified into the formulated optimization problem which will be solved in a single run and without recourse to a repetitive test-check procedure.

The remainder of this paper is organized as follows. In Section 2, a nonlinear model of the studied quadrotor is established thanks to the Newton–Euler formalism. Section 3 describes the formulation of the integral sliding mode controllers’ gains tuning as an optimization problem under operational constraints. Section 4 is devoted to the description of the proposed memetic shuffled frog leaping metaheuristic to solve at best the formulated tuning problem. In Section 5, demonstrative results are carried out to show the superiority and effectiveness of the proposed SFLA-tuned sliding mode control approach. Conclusions are drawn in Section 6.

2  Quadrotor Dynamics Modeling

A quadrotor UAV is equipped with four rotors that are independently controlled as shown in Fig. 1. The motion of such a vehicle results from changes in the rate of the rotors. The body is symmetrical, and the propellers are rigid. The thrust and drag forces are proportional to the square of the propeller’s speeds denoted as [image: images].
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Figure 1: Mechanical structure of the quadrotor and related frames

In the flight space, the orientation of the quadrotor is accomplished by the rotation matrix [image: images] defined as follows [29,30]:

[image: images]

where [image: images], [image: images], and [image: images] are the roll, pitch, and yaw Euler angles, respectively, [image: images] and [image: images] are the earth- and body- frames, respectively.

The quadrotor’s position and attitude are defined as [image: images]and [image: images], respectively. Let a vector [image: images]denotes the linear velocity of the quadrotor in the earth-frame [image: images], while [image: images] represents its angular velocity in the body-frame [image: images]. The kinematic equations of the rotational and translational motions are obtained, respectively, as follows [29,30]:

[image: images]

[image: images]

where [image: images] and [image: images] denote the linear velocities of the drone in the earth- and body-frames, respectively.

While using the Newton–Euler formalism, a complete model of the vehicle is given as follows:

[image: images]

where [image: images]is the thrust force of the rotors, [image: images] is the air drag force, [image: images]is the gravity force, [image: images]denotes the total rolling, pitching, and yawing moments, [image: images] and [image: images] are the propellers’ and quadrotor’s body gyroscopic torques, respectively, and [image: images]is the moment resulting from the aerodynamic frictions [29,30].

Substituting the position vector and the forces expressions into Eq. (4), the following translational dynamics of the quadrotor is obtained:

[image: images]

From the second part of Eq. (4), the rotational dynamics can be computed as:

[image: images]

where [image: images] is the overall residual rotor speed, Ix, Iy and Iz are the body inertia, Jr is the rotor inertia and [image: images] are the aerodynamic friction and translational drag coefficients.

The control inputs of the quadrotor are defined as u1, u2, u3, and u4 which represent the total thrust force in the z-axis, roll, pitch, and yaw torques, respectively:

[image: images]

where b and d are the thrust and drag coefficients, respectively.

Finally, taking [image: images] as a state vector, a state-space representation of the studied quadrotor is obtained as follows [29,30]:

[image: images]

where [image: images], [image: images], a3 = − Jr/Ix, [image: images], [image: images], a6 = − Jr/Iy, [image: images], [image: images], [image: images], [image: images], [image: images], b1 = 1/Ix, b2 = 1/Iy and b3 = 1/Iz.

3  Control Problem Statements

The control objective is to design a robust controller, with a systematic and easy tuning method of its effective design parameters, for the attitude and altitude dynamics stabilization. Desired trajectories are defined as [image: images] for the outputs [image: images], assumed to be accessible.

3.1 Preliminary Results

In the ISMC framework, the expression of the sliding surface is defined as follows [31]:

[image: images]

where [image: images] denotes the controlled variables, [image: images] is the tracking error defined as [image: images], [image: images] are positive constants and [image: images] are the integral gains, [image: images].

The Lyapunov candidate scalar function[image: images] and the reaching condition[image: images] lead to the following integral sliding mode control law for the altitude dynamics [10]:

[image: images]

where [image: images], [image: images], [image: images], and Kz > 0 are the effective design parameters.

Following the same steps, the control laws u2, u3, and u4 responsible for generating the roll, pitch, and yaw rotations, respectively, are calculated as follows:

[image: images]

[image: images]

[image: images]

where [image: images], [image: images], and Kj > 0, [image: images], are the effective design parameters of the integral sliding mode controllers for the attitude dynamics.

3.2 Optimization-based Problem Formulation

As shown in Eqs. (10)–(13), the design of integral sliding controllers for the drone dynamics involves the tuning of several parameters, i.e., slopes of the sliding surfaces [image: images], integral and sign functions gains [image: images] and Ki, [image: images]. The selection of such a large number of effective control parameters is not a straightforward problem. Indeed, the classical trials-errors based procedures become ineffective, time-consuming, and do not guarantee an optimal solution to the problem. So, such a tuning procedure can be effectively solved thanks to proposed metaheuristics while considering the following formulation:

[image: images]

where [image: images] is the vector of decision variables which contains all controllers’ gains, [image: images] denotes the 12-dimensional set of the positive real numbers, [image: images] are the cost functions to be minimized under operational time-domain constraints, [image: images] denotes the bounded search space, [image: images] are the operational constraints. The terms [image: images], [image: images], [image: images], and [image: images] denote the step-response rise times of the controlled dynamics. The terms [image: images] [image: images], [image: images], and [image: images] denote their pre-specified maximum values.

The cost functions of the problem (14) are chosen, for each controlled dynamics as the Integral of Absolute Error (IAE) performance criteria, defined as follows:

[image: images]

where [image: images] denotes the tracking errors between the references [image: images] and the controlled process variables [image: images], i.e., [image: images], [image: images], and so on.

Since the optimization problem (14) is a multi-objective type, the following aggregation function is used [19]:

[image: images]

where [image: images] are the weighting coefficients of the aggregation function ensuring [image: images].

To handle the constraints of the problem (14), the following static penalty function is used [19]:

[image: images]

where [image: images] are the scaling penalty parameters and ncon denotes the number of inequality constraints.

4  Proposed Memetic Shuffled Frog Leaping Algorithm

4.1 Overview

In the shuffled frog leaping algorithm, a population of npop frogs is randomly initialized in the feasible search space [image: images] and portioned into nmem memeplexes. Each memeplex contains n frogs. At each iteration k, the position of the ith frog in the jth memeplex is denoted as [image: images], where [image: images] and [image: images]. Then, all frogs are sorted in descending order according to their fitness following the given ranking strategy [21]. In each memeplex, the frog with the global best fitness value, evaluated in terms of the cost function, is expressed as [image: images]. Those with the best and the worst fitness values are identified as [image: images] and [image: images], respectively. Then, a process of local search for each memeplex is performed to improve only the frogs with the worst fitness through the memetic evolution [21]. At each iteration k, the new position of the frog with the worst fitness leaps towards the position of the best one according to the following motion equations:

[image: images]

[image: images]

where rk is a random number uniformly distributed in [0,1], [image: images] is the change in the ith frog position, [image: images] and [image: images] are the minima and maximum allowed changes.

As mentioned in [22–25], if this memetic process produces a better solution, i.e., [image: images] is better than [image: images], the new frog is then used to replace the old one in the memeplex. Otherwise, the motion Eqs. (18) and (19) are recalculated but concerning the global best frog [image: images] instead of [image: images]. If there is no improvement, the worst frog [image: images] will be replaced by a new randomly generated solution. The memetic evolution process is then continued for a predefined number of iterations denoted as kls. The new memeplexes are reformed according to the new order ranked by the fitness valueagain.

4.2 Pseudo-Code

The main control parameters of the SFLA are: numbers of memeplexes nmem, frogs in a memeplex n, memetic generations kls, and shuffling iterations[image: images]. A pseudo-code for the SFLA is given by [22–28]:

Step 1: Initialize all control parameters: npop, nmem, kls, [image: images], [image: images], etc.

Step 2: Randomly generate the initial population and evaluate the npop solutions.

Step 3: Sort the population in descending order of fitness.

Step 4: Divide the population into nmem memeplexes.

Step 5: Call the local search mechanism for the memetic evolution process;

•    Determine the best and worst solutions [image: images] and [image: images], respectively

•    Improve the worst frog position according to Eqs. (18) and (19) and repeat iterations


Step 6: Shuffle the evolved memeplexes and sort the new population

Step 7: Test the termination criterion and return the best solution.

4.3 Numerical Experimentations and Discussion

To evaluate the performance of the proposed SFLA, various standard test functions of Appendix A are used for numerical experimentation. The metaheuristics CSA, HSA, FPSOMA, and ABC are used as comparison tools. The termination criterion is set as the maximum number of iterations reaches 10000, the population size is 50 and specific control parameters are set as follows:


•    SFLA [20,21]: memeplexes 5, frogs in a memeplex 10 and generations before shuffling 5.

•    CSA [32]: flight length 2 and awareness probability 0.1.

•    HSA [33]: harmony memory rate 0.9 and pitch adjusting rate 0.3.

•    FPSOMA [34]: inertia weight 0.729, derivative 0.9, cognitive and social coefficients 0.9.

•    ABC [35]: limit of abandonments 60.

The proposed metaheuristics are implemented and evaluated using a CPU Core i3, 1.70 GHz computer. The convergence histories of all reported algorithms are depicted in Fig. 2.

[image: images]

Figure 2: Convergence histories of the reported algorithms for the test functions

Tab. 1 summarizes the optimization results for independent 20 runs of test functions. Best, Worst, and Mean denote the best, worst and mean results for the minimization, respectively. STD is the standard deviation and ET denotes the elapsed time (in seconds). Results of rank-based Friedman’s analysis for all proposed metaheuristics are summarized in Tab. 2. From these analyses, one can note that the proposed SFLA has worthily attained the lowest average ranks compared to the remaining methods. Furthermore, it is shown that the SFLA achieved the first best computation time for test functions f1 −5 and the second one for the benchmark f6.

Table 1: Optimization results of the test functions over independent 20 runs

[image: images]

Table 2: Rank-based statistical analysis of best performances

[image: images]

5  Application to the ISMC Gains’ Tuning

The numeric values of the studied quadrotor’s parameters are given in Appendix B. The proposed model of such a vehicle has been validated in our previous works [10,29,30].

5.1 Simulation Results and Discussion

The reported algorithms were independently executed 20 times for the problem (14) over 100 iterations and using a population size of 50. Such a set of control parameters is deduced after various runs, where the number of iterations is raised for different values of the population size as shown in Tab. 3. Increasing the number of population and iterations allows for better results but with prohibitive computation times. Tab. 4 shows the statistical results over the independent 20 runs. The convergence histories of all proposed algorithms are given in Fig. 3.

Table 3: Optimization results of (14) for different number of iterations and generations

[image: images]

Table 4: Optimization results of the problem (14) over independent 20 runs

[image: images]
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Figure 3: Convergence histories of the reported algorithms for problem (14)

From these numerical experimentations and demonstrative results, the best performance in terms of solutions quality, fastness, and exploitation/exploration capabilities is always obtained with the SFLA-based tuning approach. Such a memetic algorithm greatly outperforms all other reported metaheuristics especially against the well-known premature convergence problem as depicted by convergence curves of Fig. 3. The STD metric of the SFLA-tuned ISMC case is the best compared to those of all reported CSA, HSA, FPSOMA, and ABC algorithms. This highlights the interest of the local search operator and the memetic aspect of such a global metaheuristic. The computation time is always the least in the case of SFLA which further proves the contribution of such a control tuning method. For the closed-loop performance evaluation, the effectiveness of the SFLA-tuned ISMC approach is shown in Fig. 4 for the attitude and altitude dynamics stabilization. For the given initial conditions [image: images], the quadrotor dynamics are successfully stabilized around the desired references [image: images] with comparative performance. The system responses are further damped in the SFLA-tuned controllers. The rise and settling times are improved and the disturbance rejection at simulation time 10 sec is guaranteed with a fast and smooth behavior against all other algorithms. A large overshoot with remarkable oscillations is shown for the CSA- and FPSOMA-tuned controllers.

[image: images]

Figure 4: Time-domain performances of the controlled dynamics

5.2 Comparison with Classical ISMC Approaches

A comparative study based on the closed-loop time-domain performance is performed for the SFLA-tuned ISMC and classical ones without optimization. The cases of classical sliding mode control (SMC) [29,30], integral sliding mode control with the sign and saturation types of functions (ISMC-sign and ISMC-sat) [10] are considered.

The simulation results of Fig. 5 indicate the superiority of the SFLA-tuned controller compared to other algorithms. Indeed, all proposed methods stabilize the attitude and attitude dynamics, but the step responses are further damped and improved in the case of SFLA-based tuning algorithms. All other performance metrics are summarized for each controlled dynamics in Tabs. 5 to 8. In terms of control signal dynamics and chattering behaviors, the SFLA-tuned controllers present the best reductions of the undesirable chattering phenomenon as depicted in Fig. 6. The control signals are smoother and the oscillations as in the case of cases sign-SMC, sign-ISMC, and sat-ISMC are eliminated.

[image: images]

Figure 5: Performances comparison of the proposed SFLA-tuned controllers

Table 5: Time-domain performances comparison: altitude dynamics

[image: images]

Table 6: Time-domain performances comparison: pitch dynamics

[image: images]

Table 7: Time-domain performances comparison: roll dynamics

[image: images]

Table 8: Time-domain performances comparison: yaw dynamics

[image: images]

[image: images][image: images]

Figure 6: SFLA-based designed control laws for dynamics stabilization

5.3 Sensitivity Analysis

As with all metaheuristics, the control parameters selection is critical for SFLA performance improvement. The sensitivity of such a memetic algorithm concerning the variation of its main parameters is studied for the problem (14). Fig. 7 gives the different convergence dynamics of SFLA under arbitrary variation of n and kls parameters, respectively. In all these scenarios, the convergence of the algorithm is always guaranteed but with degraded performance in terms of the exploitation/exploration capacities and the computing time. The proposed SFLA metaheuristic finds better results for problem (14) with the control parameters’ values of n = 10 and kls = 5. Indeed, and as shown in [21], the number of memeplexes nmem is also an important control parameter. As the population size increases, the function evaluations increase. Besides, when selecting nmem, it is important to make sure that n is not too small. If there are too few frogs selected in a sub-memeplex, the information exchange is slow, resulting in longer solution times. The other main parameter is kls which can take any value greater than 1. If kls is small, the memeplexes will be shuffled frequently, reducing idea exchange on the local scale. However, if kls is large, each memeplex will be shrunk into a local optimum.

[image: images]

Figure 7: Convergence robustness of the SFLA under control parameters variations

6  Conclusions

In this paper, a systematic tuning strategy of all effective design parameters of the integral sliding mode control is proposed and successfully applied for the stabilization of a quadrotor UAV. The tuning parameters’ procedure has been formulated as a constrained optimization problem and efficiently solved thanks to the proposed memetic SFLA metaheuristic. The classical trials-errors methods are no longer used, and the design time is further reduced. Numerical experiments were first performed to evaluate the proposed metaheuristics on standard test function benchmarks. Rank-based statistical analyses have been then presented to conclude on the performance of the different metaheuristics. While using the Newton–Euler formalism, a nonlinear model of the studied quadrotor UAV has been established and used in the altitude and attitude controllers’ design and tuning. Demonstrative results, in terms of solutions optimality and time-domain performance, show the superiority and effectiveness of the proposed SFLA-tuned ISMC approach in comparison with other CSA, FPSOMA, HSA, and ABC competitive algorithms. With a local search mechanism, the robustness and insensitivity of the proposed SFLA metaheuristic are further improved. The use of such a memetic algorithm as an alternative to design more advanced control approaches is promising in the UAV framework.

Future works deal with the real-world experimentation of the SFLA-tuned ISMC approach using an embedded hardware/software board. The formulation of the proposed metaheuristics algorithms in an online tuning framework is also investigated.
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Appendix A: Benchmark test functions
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Appendix B: Quadrotor’s model parameters
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