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Abstract—Metaheuristic bio inspired algorithms are a wide
class of optimization algorithms, which recently saw a
significant growth due to its effectiveness for the solution of
complex problems. In this preliminary work, we assess the
performance of two of these algorithms - Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) — for the
prognostic analysis of an electro-mechanical flight control
actuator, powered by a Brushless DC (BLDC) trapezoidal
motor. We focus on the first step of the prognostic process,
consisting in an early Fault Detection and Identification (FDI);
our model-based strategy consists in using an optimization
algorithm to approximate the output of the physical system
with a computationally light Monitor Model.

Keywords-component; metaheuristic bio-inspired algorithms;
PHM; model-based approach; BLDC motor; EMA; GA; PSO

I. INTRODUCTION

In the last decades, several researches [1-3] showed the
advantages introduced by the conversion of most aircraft
secondary systems to electrical power; these benefits range
from weight reduction to fuel savings and simpler
maintenance. In this context, Electromechanical Actuators
(EMASs) are progressively replacing the traditional hydraulic
and pneumatic actuation systems for aerospace applications.
However, EMAs are not ready for flight critical or mission
critical functions such as primary flight controls, since
important issues like poor heat dissipation, low reliability
and susceptibility to EMI interferences (e.g. EMC and ESD
issues) still need to be overcome. Hence Prognostics and
Health Management (PHM) disciplines gain high relevance
to enable the fulfillment of the more-electric and all-electric
aircraft design paradigms [2, 3]. The PHM approach to a
product life-cycle aims at continuously estimate the system
Remaining Useful Life (RUL), i.e. to predict the moment
when the object of the study will no more be able to operate
within its stated specifications [4, 6]. The first necessary step
for the RUL estimation of a system is a precise and early
identification of the components health status; then, we focus
on the FDI task using a model-based strategy, and testing the
performance of different meta-heuristic optimization
algorithms. This work constitutes a preliminary study to
assess the applicability of our methodology.
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Figure 1. Schematic of the considered EMA.

Figure 1 shows the high-level architecture of the EMA
studied in this work. The main subsystems of the actuator are
briefly listed in the following paragraph:

o  The Actuator Control Electronics (ACE) subsystem
applies the control law intended to minimize the
error between the actual and commanded positions.

e The Power Drive Electronics (PDE) subsystem
consists in a three-phase bridge and the related
commutation logic to control the power flow to the
electric motor.

e The BLDC Motor converts electrical power into
mechanical power. A mechanical transmission
connects its output to the aircraft control surface;

e LVDT and Hall Sensors are used to measure the
feedback signals needed by the ACE and PDE.

Our strategy for FDI consists in comparing the output
signals of the actual system (here replaced by a high-fidelity
reference model) and a computationally light monitor model,
to identify a set of fault parameters which encode the EMA
health status. The analyzed output signal is the envelope of
the three phase currents, for its availability and sensitivity to
faults. An optimization algorithm iteratively updates the fault
parameters to minimize the error between the measured and
reconstructed signals; once convergence is reached, if the
error is small enough, we assume that the current fault
parameters correspond to the faults of the actual system. The
optimization is performed by two different metaheuristic
algorithms: Genetic Algorithms (GA) [7] and Particle Swarm
Optimization (PSO) [8].

Aerodynamic Load
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Figure 2. EMA reference model (RM) block diagram [13].

In the following paragraphs these two methods are
discussed and compared in terms of precision, accuracy,
computational costs (calculation burden and CPU time) and
implementation complexity.

II. EMA REFERENCE AND MONITORING MODELS

For this study, we employ two models of the considered
system, characterized by different levels of accuracy and
different computational costs: a high-fidelity (HF) Reference
Model (RM) and a Low Fidelity (LF) Monitor Model (MM)
[9-13]. The former is used as a simulated test-bench: the
output of this model is taken as reference data replacing the
acquisitions from physical sensors. The latter is
computationally lighter, allowing for the iterative execution
needed by the optimization algorithms.

Figure 2 shows a high-level block diagram of the
Reference Model, containing four main functional
subsystems:

e The Com block generates the position command

given to the actuation system, expressed in radians;

e The Actuator Control Electronics (ACE) block
implements the control law of the system, computing
the reference current signal /..

e The BLDC Motor EM Model block implements the
electromagnetic (EM) model on the BLDC motor
simulating its dynamic behavior; in particular, it
computes the driving torque as a function of the
reference current and the back-EMF as a function of
the motor speed.

e “BLDC Motor Dynamic Model” block converts the
applied torque in the position of the end effector,
returned to the ACE block to close the feedback
loop.

This model, initially proposed by [12], is implemented in
the Matlab-Simulink simulation environment and is capable
of emulating the dynamic response of a typical on-board
electromechanical actuation system powered by a three-
phase BLDC trapezoidal motor. This model accounts for the
effects of different progressive failure modes affecting the
actuator. The faults can be injected in the model by
modifying a set of simulation parameters: this way, it is
possible to associate different combinations of faults to
characteristic waveforms of the phase currents.

The monitor model (MM), shown in Figure 3 and widely
described in [9], is a simplified representation of the real
EMA system. The main difference with respect to the RM is
the equivalent first order single-phase DC motor model to
replace the detailed electromagnetic model of the BLDC
motor. To this purpose, the authors introduced a shape
function based model for the simulation of the electrical
faults, which, although not strictly related to the physic
governing laws of the system, allows emulating the RM
behavior with acceptable accuracy [9, 10].

Hence, the MM is very effective to reduce significantly
the computational effort while matching the motor current
response of the low-fidelity model with that of the high-
fidelity model.

III. EMA FAULT MODES

Five different fault modes were considered for the study.
Those were chosen among the most common for EMAs, as
shown in [14-16]; moreover, they are usually characterized
by a progressive growth, enabling an effective early
prognostic detection. The considered faults are briefly listed
below:

e Dry Friction Phenomena mainly descending from a
progressive wear of bearings and mechanical
transmission joints; typically they are complex to
identify and modelling [17];

e Backlash affecting mechanical transmission, reducer
gearboxes, hinges and/or rotary-to-linear conversion
device (e.g. ballscrews); these types of failures are
often due to progressive wear [18, 19];

e Progressive Short circuit (SC) faults affecting the
stator coils of the three-phase BLDC motor [9];

e Rotor Static Eccentricity (RSE) fault, due to the
degradation of its support bearings and calculated in
terms of distance between the axis of symmetry of
rotor and stator and the eccentricity phase (i.e. the
orientation of the misalignment) [9];

e Control electronics fault resulting in the drift of the
PID controller Proportional Gain [13].

The implementation of the first four faults in both the
RM and MM is discussed in [13]. The last one is modeled by
varying the proportional gain parameter in the controller
subsystem of both models.
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Figure 3. EMA monitoring model (MM) block diagram [3].

Despite the relatively simple implementation, the Fault
Detection and Identification (FDI) of the proportional gain
drift brings significant difficulties, mainly due to the position
of the affected subsystem in the EMA feedback loop. In
particular considering the interactions with other fault
modes: in fact, its effects are hardly distinguishable from
those of partial short circuit.

IV. FAULT DETECTION/IDENTIFICATION METHOD

In order to perform the FDI task, our proposed approach
evaluates the waveform of the three phase currents
comparing them with the equivalent response generated by
the monitoring model. The choice of the current as
monitored variable is justified by two reasons. First, the
current signal has a high sensitivity to several different
failure modes, both electrical and mechanical. Moreover, the
phase currents are already measured for feedback purposes:
then, they are available without installing additional sensors,
which would increase costs and reduce overall reliability.

The FDI task is treated as an optimization problem,
where the objective function is an error between reference
and monitor current signals. Classical approaches to this
class of problems can be sorted into deterministic and
heuristics methods [20,21]. For our application, deterministic
approaches are not adequate, since they usually feature a
poor robustness when employed to the solution of complex
and multi-modal problems. Heuristic and meta-heuristic
algorithms are more robust, but particular attention shall be
paid to the computational cost, since they tend to require a
higher number of evaluations of the objective function. In
this paper two heuristic methods are evaluated, inspired by
the natural behavior of living beings. Two groups compose
this family of bio-inspired optimization strategies: the
Evolutionary Algorithms (EA) [20], based on the natural
selection of species, and the Swarm Intelligence algorithms
(SI) [22], inspired by the collective behavior of groups of
animals. The authors compare an implementation of the
Genetic Algorithms (GA) [7, 20, 23] among the EA and the
Particle Swarm Optimization (PSO) [8] among the SI. Their
performance for FDI applications are assessed in the
following paragraphs.

V. OPTIMIZATION ALGORITHMS

Optimization means to identify the best acceptable
solution for a given problem. Literature proposes several
heuristic algorithms, either evolutionary or swarm-based.

Evolutionary algorithms [7, 20, 23] are the most common
heuristic optimization methods. They emulate the natural
evolution of the species on Earth to find a global minimum
in a function. The iterative process used is composed by a
series of sequential steps: growth, development,
reproduction, selection and survival of the best individuals.
At each iteration, the best solutions for the problem are
selected. EA commonly used are genetic algorithms (GA),
genetic programming (GP), differential evolution (DE),
evolution strategies (ES) and the most recent paddy field
algorithm. GA is a stochastic method proposed for the first
time by Holland in 1975 [7]. It relies on the concept of
natural selection introduced by Charles Darwin in his work
“Origin of the species”. The algorithm starts with the
creation of a random population of solutions (called
chromosomes), encoded in bit vectors. The fitting capability
of each individual is evaluated with the fitness function (i.e.
the objective function to be optimized). The best
chromosomes are selected for crossover and mutation
processes, to give birth to a new, better-fitted generation.
This optimization is widely used when a deterministic
approach is not available or when the domain knowledge is
poor, i.e. when great robustness to multi-modal problems is
required. The main disadvantages of this method are the high
computational cost, usually unsuitable for online real-time
applications, and the inherent non-deterministic behavior,
which cannot guarantee convergence in the actual optimum
solution. Swarm intelligence algorithms [8, 22] are based on
the common behavior of a population, often represented by a
group of animals. First theorists of these methodologies
defined them: “Any attempt to design algorithms or
distributed problem-solving devices inspired by the
collective behavior of social insect colonies and other animal
societies”. These optimization strategies emulate the
behavior of animals like ants, fireflies, frogs, bats, etc. when
they are looking for their goal (i.e. usually food sources):



the nearer is the desired objective, the more insects you will
find. They communicate each other in different ways,
explore the entire domain and give feedback to other
individuals. In this paper are reported the solution obtained
with the particle swarm optimization (PSO), a stochastic,
population-based technique, which it has been inspired by
the behavior of a bird flock. It is widely used because of its
simplicity, computational efficiency and easy implementation
in a huge variety of engineering problems. In this algorithm,
birds are assimilated as mass-and-volume-free particles,
which move in the domain looking for the best food source.
The objective function is computed for each particle, and the
best value is stored. Then, the position of each particle within
the design space is updated by taking into account the current
velocity of the particle (effect of inertia), the memory of the
best position found by the particle (effect of self-confidence)
and the best position found by the swarm (effect of swarm
confidence). The addition of a random disturbance improves
the domain coverage and avoids the algorithm to get stuck in
local minima.

VI.  PROPOSED FITNESS FUNCTION

The objective function to be optimized by the
evolutionary algorithms is known as the fitness function.
In the proposed FDI technique, it is computed as the
cumulative error in terms of equivalent single-phase current
between the MM and RM, as a function of the fault
parameters. This results in an eight-variables scalar function,
since two of the five considered fault modes have multiple
degrees of freedom. Operatively speaking, the aim of the
optimization is to find a suitable eight elements normalized
vector k, each factor encoding a fault parameter. Every
element is normalized in the (0, 1) interval according to [13]:

k:[klyk2yk3’k4)k51k6:k7:k8] (1)

where:

o k; is the friction fault parameter, simulating a
variation of the static and dynamic friction
coefficients of the system [24] between one and
three times the nominal condition;

e [k, represents the backlash fault [24] and can vary
from one to one hundred times the nominal value;

e k3, k; and ks are the short-circuit percentage for each
phase of the BLDC motor: in fact, the partial short
circuit can affect each of the three stator phases,
which have to be treated separately in order to
isolate this fault mode from the others [25] (e.g.
k; = 0.8 means that phase A is affected by a short-
circuit condition involving 20% of its windings);

e ks and k; are the fault parameters representing,
respectively, the rotor static eccentricity in terms of
magnitude ¢ and phase ¢ (i.e. the angular position of
the minimum air gap measured from the reference
rotor angular position) [9, 10];

e kg is the proportional gain drift parameter, encoding
a variation of the nominal gain between 50% and
150% of its nominal value.

The output of the fitness function is evaluated with a
Total Least Squares Error [26]. This is preferred over a more
classical Least Squares Error to avoid overestimating the
objective function when the two EMA models gather a small
phase lag in correspondence of abrupt changes of the current
signals. The formulation of the error function between the
reference envelope current /., and the monitor current 7,
can be written as [10]:

2
err = Z (I3equ[v(i) - Im(i))

2
i (dl equini)
dt

c

+1

where the time derivative of I3, is normalized by its root
mean squared value C.

VII. RESULTS

To assess the performance of the two considered
optimization algorithms in different conditions, each has
been tested with a low-faults combination (defined as k; <
0.25) and a high-faults combination (fé ; = 0.7). In order to
average out the stochastic behavior of the heuristic
optimization algorithms, ten consecutive tests are executed
for each test case. The settings of the optimization algorithms
are calibrated to achieve a correct convergence on a
benchmark problem, surrogate of the actual objective
function, and they have been chosen after a long series of
pre-tests. This benchmark problem shares the same
characteristics of convexity, multi-modality, nonlinearity and
constraints as the actual objective function, but requires a
much lower computational time. This allows to quickly find
a calibration of the optimization parameters which is
expected to perform acceptably on the actual,
computationally expensive problem. The aim is to compare
the results obtained from different optimization algorithms,
so some settings are chosen in common. For both GA and
PSO, the authors employed a population / swarm size of 50
individuals, a maximum of 200 iterations and a function
tolerance of 10” as a stopping criterion. The reference
current signals are generated by injecting a fault combination
in the high fidelity model; then, the optimization algorithms
use the monitor model to compute the objective function,
attempting to match the reference current signal. As an
example, Table I lists the optimal fault vectors obtained
injecting a friction fault in the reference model and
employing a GA optimization. The first row contains the
actual fault parameters used to compute the reference signal
with the high-fidelity model. The last column of Table I lists
the relative errors for each attempt, defined as:

6
Erry, = 100 Z(}q k) + Rolley = ey)* + (g — Rg)’

i=1

o~

where k= []?:, , ]?:2,1’33, 1’34, ]?:5, ﬁé, 1’37, kg ] are the values
of the reference vector.



TABLE L RESULTS OF GA OPTIMIZATIONS IN PRESENCE OF A SMALL FRICTION FAULT
k 0,25 0 0 0 0 0 0,5 0,5 Time (s) | Error (%)
#1 0,2446 0,0009 0,0030 0,0023 0,0003 0,0015 0,7045 0,4851 2622 1,6358
#2 0,2378 0,0033 0,0099 0,0059 0,0060 0,0095 0,3734 0,4685 2557 3,7595
#3 0,2443 0,0032 0,0012 0,0010 0,0019 0,0058 0,8864 0,4818 2560 2,0511
#4 0,2439 0,0004 0,0038 0,0025 0,0014 0,0015 0,6673 0,4838 2556 1,8038
#5 0,2460 0,0005 0,0004 0,0009 0,0024 0,0019 0,3378 0,4861 2560 1,4846
#6 0,2419 0,0043 0,0002 0,0048 0,0054 0,0007 0,5121 0,4830 2562 2,0585
#7 0,2443 0,0024 0,0012 0,0003 0,0010 0,0075 0,9905 0,4829 2571 2,0068
#38 0,2445 0,0001 0,0010 0,0100 0,0003 0,0135 0,6144 0,4889 2568 2,1000
#9 0,2456 0,0038 0,0001 0,0024 0,0002 0,0053 0,0766 0,4838 2719 1,8319
#10 0,2418 0,0014 0,0034 0,0081 0,0024 0,0064 0,5147 0,4829 3055 2,2004
TABLE II. MEAN ERROR AND AVERAGE TIME OF OPTIMIZATION ALGORITHMS
Friction fault Backlash Short-circuit Eccentricity Gain Total
Mean Time Mean Time Mean Time Mean Time Mean Time Mean Time
Error (%) (s) Error (%) (s) Error (%) (s) Error (%) (s) Error (%) (s) Error (%) (s)
GA 2,093 2633 1,678 2336 5,042 1644 3,323 2502 1,928 2492 2,813 2.322
low fault
. GA 4,491 2501 2,247 2524 6,253 2559 1,778 2453 0,950 2527 3,144 2.513
high fault
PSO 0,930 1662 0,294 1242 0,863 2152 1,013 2099 0,452 1395 0,711 1.710
low fault
. PSO 2,773 1875 1,629 1634 2,734 1474 1,465 1506 0,205 1078 1,761 1.513
high fault

This definition of Err, is equivalent to a mean square error,
where the contribution of the element & is weighted by the
reference value of kg, since the progressive rotor static
eccentricity fault is represented in polar coordinates with
modulus {= k4 and phase ¢ = 2zk; - 7.

Table II summarizes the performances of the GA and
PSO optimizations in terms of average error and
computational time. All calculations have been parallelized
over the two processors of an Intel Core i5-6200U CPU
(2.3GHz) running Windows 10 Pro and Matlab r2016a.

Figures 4 and 5 show, respectively, the average error and
computational time, sorted by fault mode and optimization
algorithm. The PSO algorithm appears to be superior to GA
optimizations in both computational time and fault
estimation error. In fact, PSO usually requires fewer
evaluations of the objective function than GA for the same
convergence rate; this result is consistent with [27].

For both algorithms, the average error for high-fault
combinations is greater than for low combination fault.
This behavior can likely be ascribed to the discrepancy
between the reference and monitor model, which grows
nonlinearly with the fault vector.

The CPU time required by the fault detection is not
significantly dependent on the fault mode; however, a
noticeably worse accuracy is obtained for short circuit faults,
in particular with GA optimizations.

The cause can be found either in the significant
difference in the algorithm exploited by the two models for
the computation of these progressive faults or in the
similarity between the effects of this fault and the
proportional gain drift.

To ultimately discern the cause of this inconsistent
behavior, a deeper statistical analysis is needed and will be
performed in a future work.
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VIIIL.

An optimization problem and two different types of
resolution algorithms have been discussed. Both algorithms
are calibrated to perform at best for a given benchmark
problem. The results show that the PSO algorithm
outperforms GA in our application, both in terms of
precision and computational time. As proven by Wolpert and
Macready [28], an optimization algorithm that is suitable for
one problem, can provide rough solutions for another. In
particular, they state that if in a problem an algorithm works
better than a random search, then on some class of problem it
will perform worse than random search. It is part of the
engineering task to find an optimization algorithm suitable
and acceptably performing for a given problem. Future
research on this topic will be focused on the implementation
of other types of optimization algorithms, as differential
evolution (DE) or alternative swarm intelligence [29]. In
addition, a deeper statistical analysis is needed to verify the
inconsistent behavior of the two algorithms with certain fault
modes. The algorithms will be assessed for multiple faults, in
order to test a wider applicability of these methods.

CONCLUSIONS AND FUTURE PERSPECTIVES
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