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Abstract 

 

This work presents an alternative efficient means to synthesise a fixed-structure autopilot controller that is both robust and optimal 

using meta-heuristics (MHs). The problem is aimed at finding controllers in several sections with the objective of minimising integral 

square error, subject to several constraints to ensure a robust, precise, and rapid reference tracking control system. An optimum control 

problem was posed while several MHs were employed to solve the problem, and their performances were investigated. Based on the 

results, a Self-Adaptive Differential Evolution (JADE) was found to be the most efficient algorithm. The study presents a simple but 

effective tool for designing a robust and optimum autopilot flight controller. It also explores the performance of several MHs in the 

new optimisation design field of robust and optimal flight control systems. 

 

Keywords: Evolutionary algorithms, Flight dynamics and control, Multidisciplinary optimisation, Fixed-structure control, Robust and 

optimum control 

 

 

1. Introduction 

 

Aviation has become an integral part of various aspects of human life, which holds immense potential to evolve into the field of 

automatic Unmanned Aerial Vehicles (UAVs) in the near future for a myriad of applications, including agriculture [1],  mapping [2], 

military operations [3], surveying [4], and more[5]. As UAVs can operate without pilots, they are a safer choice for hazardous 

conditions. Consequently, research on UAV design has gained immense popularity worldwide, with trajectory/path optimisation being 

one of the most sought-after research topics to ensure optimum mission conditions. Since UAVs do not require a pilot on board, the 

control system plays a crucial role in their performance, requiring high trajectory/path tracking efficiency, robustness against 

uncertainties, and disturbances throughout their flight envelope [6, 7]. 

Flight control is typically divided into two loops: the inner loop and the outer loop. The outer loop, or autopilot, guides the UAV 

along a predefined trajectory, ensuring mission accuracy and efficiency [8, 9]. Meanwhile, the inner loop controls the UAV's actuators 

to stabilize the vehicle and precisely track reference signals with high speed and accuracy [10, 11]. When designing the UAV control 

system, the inner loop, being the fastest loop, is conventionally designed first, followed by the outer loop, which is slower. Control 

design techniques can vary from classical methods such as root locus [12] and loop shaping [13] to more modern approaches like 

Linear-Quadratic Regulator (LQR) [14], Linear-Quadratic-Gaussian [15, 16],  H-infinity control [17, 18], and Mu-synthesis [19]. 

Among these techniques, H-infinity and Mu-synthesis are considered the most advanced, as they can optimise performance while 

providing robustness against disturbances and uncertainties. However, a major challenge of H-infinity and Mu-synthesis is that all 

requirements must be transformed into weighting factors, leading to an increasing number of factors as the requirements increase. 

Moreover, tuning these weighting factors requires experience, and the process can be somewhat intuitive [20]. Traditional H-infinity 

synthesis does not allow for the imposition of structure on the controller, often resulting in controllers with high-order dynamics that 

are difficult to map to specific real-world control architectures. 

On the other hand, fixed-structure or fixed-order controllers are sometime considered more practical due to their straightforward 

implementation and ease of interpretation [21, 22]. However, synthesising such a controller requires optimisation tools, and the 

controller synthesis optimisation problem is a non-convex constrained optimisation problem [23, 24]. Although non-smooth 

optimisation techniques [25] can deal with such a problem and are popular, they might be inefficient when dealing with several 

constraints due to the complexity of gradient approximation, and they might get trapped in local optima, particularly for achieving 

optimal performance while also providing robustness against disturbances and uncertainties. Therefore, metaheuristic algorithms, also 

known as evolutionary algorithms, have been recently considered as an alternative solver [22], such as genetic algorithm (GA) [26, 

27], particle swarm algorithm (PSO) [28, 29], and differential evolutionary algorithm (DE) [24]. Compared with gradient-based 

optimisers, metaheuristics have the advantage of not requiring function derivatives, enabling them to deal with any kind of optimisation 

problem. However, they have some drawbacks, including a slow convergence rate and a lack of search consistency. Therefore, 

numerous metaheuristics have been developed over the last decade [30-39] while, to our best knowledge, only some classical 
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metaheuristics [26, 27, 29] have been applied to the problem of fixed-structure controller design. In this regard, exploring the developed 

metaheuristics for the problem of fixed-structure controller design, such as heading autopilot, is an interesting topic. Moreover, 

investigating the performance of several metaheuristics might contribute to further research on the applications of metaheuristics for 

the problem of fixed-structure controller design. 

This study introduces applications of MHs for a fixed-structure autopilot controller, considering optimum robustness, precision, 

and rapid reference tracking requirements. An optimisation problem is developed whilst being subject to a number of constraints in 

order to achieve a precise and rapid reference tracking controller for autopilot flight control synthesis. Several meta-heuristics are 

utilised to solve this optimisation problem while their performance in solving the autopilot flight control synthesis problem is 

investigated. The remainder of this paper is organised as follows: Section 2 outlines the formulation of the heading control autopilot 

optimisation problem, Section 3 describes the numerical experiment, Section 4 presents the results and discussion, and Section 5 

provides the conclusion. 

 

2. Formulation of an optimisation problem for UAV heading autopilot 

 

2.1 Optimization problem   

 

An optimization problem represents a unique class of mathematical challenges where the goal is to identify a specific set of design 

variables that optimize an objective function while meeting a set of predefined constraints. This problem type is pervasive in various 

fields, including engineering, economics, and data science, as it enables the efficient allocation of resources, the enhancement of 

processes, and the discovery of optimal solutions. 

The mathematical formulation of an optimization problem can be expressed as follows: 

 

𝑀𝑖𝑛: 𝑜𝑟 𝑀𝑎𝑥: 𝑓(𝒙) 
Subjected to 

𝑔𝑖(𝒙) ≤ 0, 𝑖 = 1,… , 𝑛𝑔 

ℎ𝑖(𝒙) = 0, 𝑖 = 1, . . . , 𝑛ℎ 

𝒍𝒃 ≤ 𝒙 ≤ 𝒖𝒃 

In this context, the following mathematical notations are generally used: 

 The vector 𝒙 =  [𝑥1, … , 𝑥𝑛𝑣 ]
𝑇 represents a set of design variables. 

 The function 𝑓(𝒙) represents the objective function, which we aim to either minimize or maximize. The 𝑔𝑖(𝒙) represents the 

ith
 inequality constraint function, ensuring that specific conditions are satisfied 

 The ℎ𝑖(𝒙) represents the ith
 equality constraint function, which must hold true.  

 The vectors 𝒍𝒃 and 𝒖𝒃 correspond to lower and upper bounds for the design variables. 

These elements collectively define the framework of an optimization problem, which seeks to discover the most favorable 

configuration of design variables x that achieves the desired objective, while complying with both inequality and equality constraints. 

 

2.2 UAV heading autopilot controller model 

 

The prototype UAV used in this study was designed in our laboratory, as illustrated in Figure 1. Its specifications are shown in 

Table 1. 

 

 
 

Figure 1 The UAV used in this study  

 

Table 1 The UAV specification 

 

Variable Value Variable Value 

wingspan (m) 2.25025 Horizontal tail incidence (deg) -0.2841 

wing aspect ratio 14 Horizontal tail surfaces (m2) 0.10075 

wing taper ratio 1 Horizontal tail incidence (deg) -0.2841 

wing dihedral (deg) 7.61167 Vertical tail aspect ratio 1.88389 

wing incidence (deg) 3.9877 Vertical tail taper ratio 0.6 

wing translation in x axis (m) 0.22638 Vertical tail surface (m2) 0.05043 

wing sweep angle (deg) 0 fuel CG placement in x axis (m) 0.09334 

Horizontal tail aspect ratio 4.47037 designed angle of attack (deg) 2.97251 

Horizontal tail taper ratio 1 fuselage length (m) 1.5 

Horizontal tail dihedral (deg) 0   
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The lateral linear state space model of the UAV can be obtained using Equation (1). The lateral linear state space model includes 

five state variables: sideslip angle, roll rate, roll angle, yaw rate and yaw angle, denoted as 𝐱 = [𝛽, 𝑝, 𝜙, 𝑟, 𝜓]𝑇, while the control inputs 

are aileron deflection and rudder deflection, denoted as, 𝐮 = [𝛿𝑎 , 𝛿𝑟]
𝑇. The heading autopilot block diagram for the proposed UAV is 

shown in Figure 2. 
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where 

 

𝐀 =  

[
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  ,         𝐁 =  
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Figure 2 Flight control model 

 

2.3 Heading Autopilot optimisation problem 

 

The heading autopilot control structure present in this work is a conventional control structure as shown in Figure 2. To obtain a 

robust and optimum control system, the optimisation problem is formulated to find all possible controllers, as shown in Figure 2. The 

controllers are formulated as follows: 𝑘𝑤𝑎𝑠ℎ𝑜𝑢𝑡 =
𝑥1𝑠

𝑥1𝑠+𝑥2
, 𝑘𝑝 =

𝑥8

𝑥9
, 𝑘𝑎𝑟𝑖 =

𝑥3

𝑥4
, 𝑘𝑟 =

𝑥5𝑠+𝑥6

𝑥7𝑠
, 𝑘 𝜙 =

𝑥10𝑠+𝑥11

𝑥12𝑠
, 𝑘𝜓 =

𝑥13𝑈0

𝑥14g
 where {𝑥} =

[𝑥1, 𝑥2, … , 𝑥14]
𝑇 is the set or vector of design variables while all of them are within the domain [1 × 10−4, 1] . This means that all 

controller coefficients can be within the interval of [1, 1 × 104]. The objective function is to minimise the integral square error, subject 

to several constraints, taking into account the robustness, precision, and rapidity of the control system. The proposed constraints include 

the response limits of all state variables, stability margin, sensitivity and complementary sensitivity function. The formulation of the 

proposed optimisation problem is expressed as follows: 

 

𝑚𝑖𝑛: 𝑓({𝑥}) = ∫ 𝑒2(𝑡)𝑑𝑡
𝑡

𝑡=0

 

 

Subjected to: 

𝑔1 = 𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚𝑎𝑟𝑔𝑖𝑛 𝑢𝑛𝑑𝑒𝑟 20% 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 > 1, 

𝑔2 = %𝑜𝑣𝑒𝑟𝑠ℎ𝑜𝑜𝑡 = {100 × 𝑚𝑎𝑥 (
𝑦(𝑡)−𝑦(0)

𝑦(∝)−𝑦(0)
)} ≤ 5, 

𝑔3 = 𝑟𝑖𝑠𝑒 𝑡𝑖𝑚𝑒 = 𝑡@0.9𝑦(∝) − 𝑡@0.1𝑦(∝) ≤ 15,  

𝑔4 = 𝑠𝑒𝑡𝑡𝑙𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 = 𝑚𝑖𝑛 {𝑡 > 0;
|𝑦(𝑡∗)−𝑦(∝)|

𝑦(∝)
≤ 0.02 for all 𝑡∗ ≥ 𝑡} ≤ 30,   

𝑔5 = 𝑝 ≤ 60 𝑑𝑒𝑔/𝑠,  

𝑔6 = 𝑟 ≤ 10 𝑑𝑒𝑔/𝑠, 

𝑔7 = 𝛽 ≤ 10 𝑑𝑒𝑔,  

𝑔8 = ∅ ≤ 45 𝑑𝑒𝑔,  

𝑔9 = 𝛿𝑎 ≤ 45 𝑑𝑒𝑔, 
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𝑔10 = 𝛿𝑟 ≤ 30 𝑑𝑒𝑔,  

𝑔11 = 𝑚𝑎𝑥|𝑺(𝑗𝜔)| ≤ 1.4, 

𝑔12 = 𝑚𝑎𝑥|𝑻(𝑗𝜔)| ≤ 1.4 

 

where  ∫ e2(t)dt
t

t=0
 is the integral square error of heading step response while the robust stability margin (g1) is calculated using 

MATLAB function robstab. The S and T refer to sensitivity and complementary sensitivity functions, respectively, which are due to 

input disturbance and output noise at the plant's input and output, as shown in Figure 2. Their maximum magnitudes in the frequency 

response are limited to 1.4 based on the reference [40]. 

 

3. Numerical experiment 

 

To obtain a robust, precise, and rapid autopilot control system, the proposed optimisation problem is solved using several 

metaheuristic algorithms. MH is a non-gradient-based optimiser inspired by natural phenomena such as genetic evolution, food finding 

of animals or insects, mathematical or physical laws, etc. The general optimisation search process of MHs is illustrated in Figure 3. 

Most, if not all, MHs start their search with an initial population, a set of design solutions. The population is then improved in some 

ways depending on the philosophical ideas of the metaheuristics, which usually consist of the reproduction and selection stages. The 

population of solutions are repeatedly improved until it gets close to the optimum and reaches a termination criterion, which usually is 

the maximum number of function evaluations.     

 

 
 

Figure 3 Shown general search process of MHs 

 

To verify the performance and compare it with state-of-the-art metaheuristics, three groups of metaheuristics were selected. These 

groups consist of classical metaheuristics, newly developed metaheuristics, and the top-ranked metaheuristics from the Congress on 

Evolutionary Computation (CEC) competitions. The metaheuristic algorithms used in this study and their optimisation parameter 

settings are detailed as follows: 

1. Differential evolution (DE) [30] ; DE/best/2/bin strategy was used. A scaling factor, crossover rate and probability of choosing 

elements of mutant vectors are 0.5, 0.7, and 0.8 respectively. 

2. Particle swarm optimisation (PSO) [31] ; The starting inertia weight, ending inertia weight, cognitive learning factor, and social 

learning factor are assigned as 0. 5, 0.01, 2.8 and 1.3 respectively. 

3. Real-code ant colony optimisation (ACOR) [32] ; The parameter settings are q = 0.2, and  = 1.  

4. Artificial Rabbits Optimisation (ARO) [33] ; Original code from [33] is used. No parameter setting required 

5. Dandelion Optimizer (DO) [34] ; Original code from [34] is used. No parameter setting required 

6. Cheetah Optimizer (CO) [35] ;  Original code from [35] is used. Number of search agents in a group is set to be 2. 

7. Pelican Optimisation Algorithm (POA) [36] ; Original code from [36] is used. No parameter setting required 

8. Self Adaptive Differential Evolution (JADE) [37]; the process optimisation parameters are iterative self-adaption 

9. Success-History Based Adaptive Differential Evolution (SHADE) [38] ; the process optimisation parameters are iterative self-

adaption 

10. SHADE with Linear Population Size Reduction (L-SHADE) [39] ; the process optimisation parameters are iterative self-

adaption 
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The proposed optimisation problem was solved using each MH optimiser for 20 optimisation runs. The population size and number 

of iterations were set to 30 and 100, respectively, and the total number of function evaluations was limited to 3,000 for each run. In 

addition, the control system obtained from the best run of the best MHs is verified with the popular MATLAB control tuning toolbox 

“Systune” command. 

 

4. Results and discussions 

 

After conducting ten optimisation runs of each MH to solve the proposed heading autopilot, the results were compared based on 

the objective function values presented in Table 2. Note that only algorithms that could find feasible solutions are reported in the table. 

The mean value of the objective function was used to evaluate the convergence rate and consistency of the algorithms, while the number 

of successful runs was used to measure their search consistency. In the event that two algorithms had the same number of successful 

runs, their consistency performance was evaluated using the standard deviation (STD) of the objective function values. Only the 

algorithm that found the feasible solution at least twice was allowed to have mean and STD values. 

The results in Table 2 indicate that JADE outperformed all other MHs in terms of convergence rate, followed by L-SHADE and 

SHADE, which ranked second and third, respectively. In terms of search consistency, Only DE, ACOR, ARO, POA, JADE, SHADE 

and L-SHADE could produce 20 out of 20 feasible solutions. However, when considering the standard deviation (STD) values, JADE 

still had the highest variability, indicating that their performance was less consistent compared to other MHs. Among the 10 MHs, L-

SHADE achieved the lowest objective function value, indicating its superior optimisation capability. 

In Figure 4, the search history of the best run among all the Metaheuristics (MHs) is depicted. The graph highlights CO as the 

fastest in converging, followed by L-SHADE and DO in that order. However, examining the final state in Figure 4b reveals that L-

SHADE achieved the lowest objective function value, trailed by ARO and DO. This ranking aligns with the minimum values listed in 

Table 2. Although Figure 4 may not position JADE as outstanding, it remains the most efficient choice based on the comprehensive 

results presented in Table 2. It's important to note that Figure 4 represents only the best outcome from 20 optimization runs. Given the 

inherent lack of search consistency in Metaheuristics, relying solely on a single best solution doesn't accurately evaluate the MHs 

performance. In this context, JADE emerges as the most reliable option for solving the proposed autopilot control optimization design. 

This conclusion is supported by JADE consistently obtaining the lowest average and standard deviation of objective function values. 

Overall, among the 10 MHs evaluated in this study for the proposed autopilot control optimisation design that takes into account 

robustness, precision, and rapid trajectory tracking control, JADE is found to be the most efficient MH, followed by L-SHADE and 

SHADE as the second and third best, respectively. 

 

Table 2 Optimum results 

 

MHs Mean STD Min Max No. of successful runs 

DE 10.783 3.863 6.812 15.884 20 

ACOR 9.429 1.220 6.569 10.473 20 

PSO 17.796 6.971 9.514 23.920 19 

ARO 10.502 4.800 6.968 24.068 20 

CO 11.259 5.002 6.805 23.020 17 

DO 11.602 6.795 6.696 26.427 15 

POA 12.482 3.563 6.813 18.833 20 

JADE 7.617 0.700 6.765 9.318 20 

SHADE 9.114 3.568 6.704 23.768 20 

L-SHADE 7.865 0.843 6.072 8.840 20 

 

 
                                            (a) original                                                                                (b) zoom in on Figure 4(a) 

 

Figure 4 Search history of the best run of the top three best MHs, (a) original, and (b) zoom in 
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Furthermore, the control system optimised using metaheuristics (MHs) was validated using the Systune [22] command from the 

MATLAB control tuning toolbox, whereas the results are presented in Table 3. The optimum controller and its performance parameters 

are displayed, with Figures 4 and 5 illustrating the step response and step disturbance response of the control system obtained from the 

best run of JADE and Systune. The analysis of Table 3 revealed that the control system obtained from Systune violated several 

constraints, such as rise time, settling time, overshoot percentage, sensitivity, and complimentary sensitivity gain limit, whereas the 

control system obtained from JADE satisfied all requirements and performed better performance and robustness in disturbance.  

Figure 5 illustrates the step response plot under 20% uncertainty, which indicates that both JADE and Systune obtained control 

systems that remain stable under the defined uncertainty. However, Systune gives a slower response to the input. Figure 6 depicts the 

response of the step disturbance injected at the aircraft input, and it was observed that the control systems obtained from both JADE 

and Systune were able to reject the disturbance in both inputs. Nonetheless, Systune obtained much higher peak responses for all state 

variables, implying that although the response of the control system from Systune seems stable, the flying quality is worse and may 

lead to stalling in real-life situations. 

It is important to note in this study that JADE and Systune utilised different formulations of the optimisation problem in tuning the 

control system. Systune herein employed the default MATLAB tuning algorithm, which converts each tuning requirement into 

normalised values of objective and constraint functions and solves such a problem by a non-smooth optimisation technique. However, 

it is well known that this approach might be inefficient when dealing with several constraints and might get trapped in local optima. 

Furthermore, this study shows that a recently introduced MH, whether it is metaphoric or not, cannot be overlooked as JADE can 

outperform L-SHADE, the CEC winner, which many believe to be the state-of-the-art metaheuristic. This is confirmed by another 

study [41], as the sine-cosine algorithm can surpass conventional optimisers and metaheuristics. 

 

 
                                                (a)  JADE                                                                                          (b) Systune                                                                      

 

Figure 5 Step response of the system with 20% uncertainty obtained from (a) the best run of JADE, (b) Systune 

 

 
                                                (a) JADE                                                                                           (b) Systune 

                                           

Figure 6 Response of step disturbance at the input of the system with 20% uncertainty obtained from (a) the best run of JADE, (b) 

Systune 
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Table 3 Optimum controller and performance of the control system obtained from the best run of JADE and Systune, (** denote that 

the constraints are violated) 

 

Parameter JADE Systune 

𝑘𝑤𝑎𝑠ℎ 
0.7555𝑠

0.7555 𝑠 + 0.009994
 

14.47𝑠

14.47𝑠 + 1
 

𝑘𝑝 1.779 0.868 

𝑘𝑎𝑟𝑖 0.7936 0.492 

𝑘𝑟 
0.6083𝑠 + 0.1378

0.7457𝑠
 

35.7𝑠 + 4.05 × 10−6

𝑠
 

𝑘 𝜙 
0.9526𝑠 + 0.02174

0.2408𝑠
 

0.0189𝑠 + 0.201

𝑠
 

𝑘𝜓 0.1686 0.09649 

𝑅𝑖𝑠𝑒 𝑡𝑖𝑚𝑒 (≤ 15) 12.1548 15.8939** 

𝑆𝑒𝑡𝑡𝑖𝑛𝑔 𝑡𝑖𝑚𝑒 (≤ 30) 26.7879 72.2897** 

% 𝑜𝑣𝑒𝑟𝑠ℎ𝑜𝑜𝑡  (≤ 5) 2.8306 5.4021** 

𝑆𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑚𝑎𝑟𝑔𝑖𝑛  (≥ 1) 1.3707 1.8477 

max(𝑝)   (≤ 60 𝑑𝑒𝑔/𝑠) 2.5803 0.7183 

max(𝑟) (≤ 10 𝑑𝑒𝑔/𝑠) 4.5074 3.3322 

max(𝛽) (≤ 10 𝑑𝑒𝑔) 0.8227 0.5014 

max(𝜙) (≤ 45 𝑑𝑒𝑔) 6.8701 5.1394 

max(𝛿𝑎) (≤ 45 𝑑𝑒𝑔) 32.8051 4.9804 

max(𝛿𝑟) (≤ 30 𝑑𝑒𝑔) 17.9026 18.7187 

𝑚𝑎𝑥|𝑆(𝑗𝜔)|  (≤ 1.4) 1.3994 1.8294** 

𝑚𝑎𝑥|𝑇(𝑗𝜔)|  (≤ 1.4) 1.3920 2.0264** 

 

5. Conclusions 

 

In this study, metaheuristic algorithms were successfully applied to solve the proposed autopilot control optimisation design 

problem. The problem aimed to find controllers in several sections with the objective of minimising integral square error, subject to 

several constraints to ensure a robust, precise, and rapid reference tracking control system. Several MHs were employed to solve the 

problem, and their performances were investigated. Based on the results, JADE was found to be the most efficient algorithm. The study 

presents a simple but effective tool for designing a robust and optimum autopilot flight controller, and it also explores the performance 

of several MHs in the field of new optimisation design problems. Developing an efficient optimisation framework for autopilot control 

design can significantly improve the accuracy and reliability of autonomous systems in aviation. Although the proposed technique can 

achieve optimal performance, and robustness against uncertainties, it is inherently linear control design techniques, best suited for 

linear trim conditions. When the flight envelope significantly differs from the linear regime, the design system must account for a linear 

parameter-varying system. Future work will focus on performance enhancement of MHs, particularly JADE, for this type of control 

design. This concept will also be implemented on other complex control systems for aircraft.  
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