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Abstract
This paper addresses the problem of propeller fault detection and isolation in multirotor aerial vehicles using inertial data,
explicitly accounting for the impact of battery voltage drop to ensure reliable residual generation. A complete mathematical
model is presented, including the vehicle’s kinematics, dynamics, and powertrain. From this model, an experimentally fitted
static powertrain model is developed, which encompasses PWM commands, supply voltage, and blade faults. This model
enables effective estimation of the lift force by incorporating battery voltage measurements, which is then used by a bank of
observers designed for actuator fault detection and isolation. The resulting residuals are fed to a lightweight neural network
classifier, achieving 95.04% fault isolation accuracy despite considering small faults (starting from a 5% reduction in one
propeller blade length), varying operating conditions, sensor noise, and model mismatches. The proposed method is validated
through Monte Carlo simulations, and its real-time feasibility is demonstrated using processor in the loop experiments on a
standard flight controller.

Keywords Fault detection and Isolation · Unmanned aerial vehicles

1 Introduction

Multirotors represent a versatile class of Unmanned Aerial
Vehicles (UAVs) which are commonly employed in many
application scenarios, such as aerial exploration [1], agricul-
ture [2], load [3] and passenger transportation [4]. Compared
to helicopters, which possess similar properties such as the
capability to hover and to perform vertical take off and land-
ing, multirotors are characterized by a simpler construction
and a lower cost [5]. However, multirotor UAVs have several
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limitations, such as low energy autonomy, especially if com-
pared to fixed wing UAVs [6]. Also, the presence of several
actuators makes them prone to actuator faults, presenting
significant challenges to achieve reliability in autonomous
flights. Nevertheless, redundant configurations to make mul-
tirotor UAVs fault tolerant are investigated in the literature
[7].

Each component of the powertrain is a potential source of
faults. Unlike other UAVs, multirotors (including large scale
ones) typically feature an electric propulsion system. Their
powertrain consists of a battery, Electronic SpeedControllers
(ESCs), brushless DC motors, and propellers. Faults affect-
ing the ESC or the DC motor usually result in an outage
of the affected rotor. Hence, Fault Detection and Isolation
(FDI) is well established in these cases [8], and faults are
tackled in flight using either reconfiguration strategies [9],
when redundancy can be exploited, or dedicated strategies
for emergency landing [8], also including drone parachutes.

Lithium Polymery (LiPo) batteries represent the standard
in commercial UAVs, and their limited energy density con-
strains the UAVs’ energy autonomy. The output voltage of
a LiPo battery is far from being constant over time; it can
drop significantly due to factors like its State Of Charge
(SoC), output current, and health status [10, 11]. The UAV’s
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responsiveness is affected as a consequence, as battery output
voltage directly influences the rotational speed achievable by
the propeller at a given control command (e.g., Pulse Width
Modulation (PWM) duty cycle).

In addition, multirotor UAVs are acknowledged to suffer
a high loss rate [12], mostly related to equipment issues [13],
and one of the most common faults consists in a propeller
damage [14]. The propellers can experience impacts with
obstacles, such as birds, other vehicles, or the ground during
the landing phase in adverse conditions, and the outcome is
a blade damage of variable severity.

As a result of suchuncertainties, non-adaptive control laws
fail to function properly, unless they are specifically tuned for
different operating conditions [15]. Though, multirotors are
often controlled by using PID regulators, and one of their
greatest benefits is their tolerance to small variations in the
DC gain [16] of the actuators, mainly thanks to the integral
term. Such robustness allows for normal flight even when
the battery voltage is low and/or when one or more blades
experience a loss of effectiveness due to small damages. This
is the main reason why the time-varying nature of the battery
output voltage is usually neglected for the purpose of control
design for UAVs.

Even though the UAV can continue to fly with minor
damages, detecting and isolating actuator faults is crucial
for safety-critical multirotor applications, such as passen-
ger drones. This approach can enhance safety and integrity,
which are at risk in the event of defective blades. Such prop-
erties are central to civil aviation, where strict airworthiness
certifications are required [17], primarily to eliminate harm
to those onboard the aircraft. Even for UAVs, airworthiness
regulations are oriented toward protecting people and prop-
erty being overflown, as well as other airspace users within
the operational environment.

Detecting and isolating a blade damage during a flight
in real conditions is challenging due to the many sources
of uncertainty, including time-varying voltage supply, indi-
vidual differences in the motors, unknown parameters, etc.
Moreover, in the case of redundant actuators, the con-
trol effort is distributed among many actuators, potentially
masking minor blade defects. While redundancy increases
robustness, it also makes FDI harder.

Unlike the flight electronics, which are powered through
regulated voltages, the motors are directly connected to the
LiPo battery via the ESCs. As a result, their supply volt-
age is not stabilized and decreases during flight, leading
to reduced motor speed and rotor thrust. This behavior is
typically accepted, as voltage regulation for motors would
add inefficiency or limit performance. However, this intro-
duces significant challenges for FDI, as the motor behavior
becomes tightly coupled to the varying battery voltage. To
investigate these main sources of uncertainty, in our previ-
ous work [18] we proposed a full characterization of both lift

force and rotor speed vs. control command (i.e., the PWM
duty cycle) at different voltage levels, due to battery dis-
charge in a drone during flight, also taking into consideration
faulty propellers. Such work aimed to fill a gap in the liter-
ature regarding the experimental evaluation of the impact of
battery discharge and blade faults on rotor lift. In the pre-
existing literature, the authors of [19] and [20] characterized
multirotor UAVs propulsion systems through staticmaps, but
they did not address battery discharge effects. The authors
of [15] described the impact of reduced battery voltage on
rotational speed and introduced an adaptive proportional
derivative controller, but actual force and torque estimations
were not provided. In [21], a black-boxNeuralNetwork (NN)
model for battery discharge compensation was trained and,
similarly, [22] employed fuzzy logic for battery voltage com-
pensation, but they provided limited details on lift and rotor
speed characterization. In [23, 24] thrust variation during
battery discharge was analyzed, but under constant con-
trol commands only thus limiting its applicability. Finally,
[25] characterized rotor speed versus battery voltage for the
Qball-X4 UAV, but only one profile is reported, restricting
replicability.

Therefore, the objective of this paper is to develop a
model-based strategy to detect and isolate propeller faults
in multirotor drones, requiring it to be robust by design to
the battery voltage variations. The proposed method does
not require any additional hardware, thus minimizing costs
and payload, as it simply uses navigation data and battery
voltage, which are always available as they enable the con-
trol of the UAV. To this aim, the experimental results from
our work [18], related to the influence of battery voltage on
motor dynamics, are exploited in order to enhance actua-
tor FDI in multirotor drones. In fact, both mechanical faults
and battery voltage dynamics affect the lift; taking them into
account simultaneously allows forminimizing potential false
alarms due to normal battery dynamics.

Some alternatives are available in the literature to detect
and/or isolate actuator faults in multirotor drones. Two pri-
mary approaches are utilized in the literature for performing
FaultDetection (FD) inUAVs:model-based and signal-based
methods. Techniques such as Thau observers [26], linear
and Linear Parameter Varying (LPV) proportional-integral
observers [27], and banks of nonlinear observers [28] have
been proposed in the scientific literature. These strategies
extend beyond FD, allowing for FDI (and even fault estima-
tion, in some favorable conditions) across various fault types.
Nevertheless, model-based approaches demand an increased
modeling effort and often face challenges due to the lack of
availability of numerous parameters in practical applications.
Signal-based strategies, instead, do not require complex sys-
tem models or assumptions on the fault. Provided that a
suitable amount of data is available, including all of the pos-
sible faults of practical interest, anArtificial Intelligence (AI)
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based FD system can be defined, which consists of signal-
based methods for feature generation and a classification
tool [29]. Many AI-based FD strategies for UAVs have been
investigated in the last years: [30] proposed a random for-
est to detect sensor faults, [31] employed several variants of
Kernel Principal Component Analysis to detect actuator and
sensor faults, while [32] suggested to use deep NNs to detect
and isolate an actuator failure. AI-based solutions show some
drawbacks as well. First, they need a suitable amount of data
from the specific UAV under consideration, including faulty
data, that is not often available. Second, they are usually lim-
ited to FD, i.e., they are designed to provide alerts due to
abnormal behaviour, but they generally lack the capability
to isolate the faulty actuator. Third, many AI-based methods
require a significant amount of computational power to run in
real time, that is not natively available in commercial devices.
Somenotable exceptions havebeenproposed in the literature.
In [14], data from additional sensors (microphones and addi-
tional IMUs) were exploited to train the reported NNs; FDI
was performed in real-time, however, it came at the price of
equipping the drone with extra sensors and microcontrollers,
increasing its cost and its weight. In [33], a computationally
cheap strategy for FD, based on vibration data, was proven
to be feasible online on a conventional flight controller, how-
ever, it did not include fault isolation.

The main contributions of this work are:

1. Comprehensive powertrain modeling: We propose a
detailed yet tractable grey-box model of the UAV power-
train, including the battery, ESCs,motors, and propellers.
The model captures the impact of battery voltage varia-
tions (typically unregulated for motors) on thrust gener-
ation and is supported by experimental validation.

2. Effects of voltage drop and propeller faults: We analyze
how both battery voltage drop and propeller blade faults
affect motor speed, actuator lift, and drag, highlighting
their possible implications for closed-loop control per-
formance.

3. Real-time fault detection and isolation under uncertainty:
We provide a method to detect and isolate faults on indi-
vidual propellers despite modeling uncertainties and the
time-varying nature of the motor supply voltage. The
method is validated via Monte Carlo simulations and
Processor-In-the-Loop (PIL) experiments on a conven-
tional flight controller.

Compared to data-driven methods, this work leverages
reliable residuals to enable lightweight fault detection and
isolation, while avoiding methods that may be infeasible in
real time on embedded hardware. Thanks to residuals that are
largely independent of operating conditions, it can isolate
faulty actuators using only inertial and voltage measure-
ments. In contrast to existing model-based strategies, the key

novelty lies in the ability to remain effective across a wide
range of practical operating conditions, including battery dis-
charge, which is often overlooked in the literature.

The paper is structured as follows. In Section 2, we detail
the mathematical model of the multirotor and the powertrain.
Then, in Section 3, we validate the powertrain model using
experimental data. Section 4 formalizes the residual genera-
tor for FDI, which is implemented using a bank of observers.
In Section 5, the residuals are analyzed, and residual evalua-
tion policies are proposed. Section 6 presents the simulation
results for a DJI F550 hexarotor during tracking, together
with ablation studies, comparisons, and the Processor-In-the-
Loop validation. Finally, Section 7 concludes the paper.

2 Mathematical Model

In this Section,we describe themathematicalmodel of amul-
tirotor UAV and its powertrain, which consists of the battery,
the ESCs, the DC motors, and the propellers. First of all,
we briefly report the conventional kinematics and dynamics
model, as well as the conventional lift and drag model from
the literature. Then, we introduce the novel modeling part,
which consists of a simplified representation of the battery
dynamics, the ESCs, and the brushless DC motors. The final
objective is to model the dependency of the motor speed and
lift on the battery voltage, as well as on propeller faults.

2.1 Kinematics and Dynamics

The kinematics and dynamics of a typical multirotor can be
modeled as those of a single rigid body with six degrees of
freedom [7]. Consider aNorth-East-Down (NED) earth-fixed
reference frame RE = (OE , xE , yE , zE ), treated as inertial,
and a body-fixed reference frame RB = (OB, xB , yB , zB),
located at the UAV’s center of mass. To simplify the analysis,
we assume that the center of mass aligns with the geometric
center of the multirotor. Let us define e1, e2, e3 as the stan-
dard basis vectors of R3. Let also pF = col(xF , yF , zF ) be
the position of the center of mass with respect to RE , and
let ω = col(p, q, r) be the UAV’s angular velocity in RB .
Assuming that secondary effects (e.g., rotor dynamics, blade
flapping, gyroscopic and inertial effects due to the rotors) can
be neglected, the quadrotor kinematics and dynamics can be
expressed as [7]

m p̈F = −kt ṗF + mge3 + RFB
m

J ω̇ = −krω − ω × Jω + τ B
m

η̇ = T (η)ω.

(1)

In Eq. 1, m represents the total mass of the system, while
J = diag(Jx , Jy, Jz) denotes the inertia tensor along the
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xB , yB , and zB axes. The parameters kt and kr are the linear
and angular friction coefficients, respectively. The vectorη =
col(ϕ, θ, ψ) contains the attitude angles (roll, pitch, and yaw)
that define the rotation from RB to RE .Defining c(·) = cos(·),
s(·) = sin(·), and t(·) = tan(·) for brevity, the rotation matrix
R is given by

R =
⎡
⎣
cψ cθ cψ sϕ sθ − cϕ sψ sϕ sψ + cϕ cψ sθ
cθ sψ cϕ cψ + sϕ sψ sθ cϕ sψ sθ − cψ sϕ
−sθ cθ sϕ cϕ cθ

⎤
⎦ . (2)

The terms FB
m and τ B

m represent the total force and torque
generated by the motors (expressed in RB). The matrix T (η)

corresponds to the kinematic coordinate transformation asso-
ciated with the roll-pitch-yaw rotation, given by [34]

T (η) =
⎡
⎣
1 sϕ tθ cϕ tθ
0 cϕ −sϕ
0 sϕ/cθ cϕ/cθ

⎤
⎦ . (3)

2.2 Propeller and Control Effectiveness

For the i th motor, let fi ∈ R represent the magnitude of lift
force, di ∈ R the corresponding dragmagnitude, and�i ∈ R

the angular velocity of the propeller. The lift force and drag
generated by each rotor can be expressed as functions of the
propeller’s rotational speed [35]

fi = cLi �
2
i di = cDi �

2
i , (4)

where cLi and cDi are the lift and drag coefficients, deter-
mined by the blade geometry. In-flight collisions can lead to
propeller damage, such as blade edge wear or fractures [36].
Therefore, a damaged propeller has coefficients cLi and cDi

that differ from their nominal values.
The total force and torque are given by

FB
m = −

na∑
i=1

fi e3

τ B
m = −

na∑
i=1

(li × fi e3) −
na∑
i=1

(−1)i di e3,

(5)

where li ∈ R
3 is the position of the motor in the body

frame, × denotes the cross product, and (−1)i accounts
for the alternate motor rotation directions. Denoting with
f = col( f1, . . . , fna ) the vector composed by the lift forces,
it is possible to express the linear relation

[
FB
m

τ B
m

]
= F f , (6)

Fig. 1 Battery model with model order n

where F ∈ R
6×na denotes the control effectiveness matrix,

directly obtained from Eq. 5.

2.3 Battery

The output voltage of a LiPo battery at its terminals Vbatt (t)
mainly depends on the battery SoC and the output current
ibatt (t), and a well known static map [10]

Voc(t) = φsoc
ocv(SoC(t)) (7)

relates the SoC and theOpenCircuit Voltage (OCV), denoted
hereafter by Voc(t). A simple equivalent circuit model from
the literature [37] is shown in Fig. 1, where Rin models the
series internal resistance and Ri and Ci are additional inter-
nal resistor-capacitor pairs for i = 1, . . . , n, where n is the
model order. The current ibatt is assumed to be positive dur-
ing discharge. For simplicity, wemodel the battery dynamics
as

Vbatt (t) = Voc(t) − Rinibatt (t) (8)

SoC(t) = SoC(t0)− 1

3600Qnom

∫ t

t0
ibatt (τ )dτ, (9)

where Eq. 8 is a crude (0 order) equivalent battery model
[10], Eq. 9 performs Coulomb counting to track the battery
SoC, Qnom is the nominal battery capacity in Ah, 3600 is a
unit-conversion factor from Ah to C, and the resulting Voc(t)
is a static function of SoC(t) (see [10]).

Please note that Voc(t) cannot bemeasured during a flight.
In fact, multirotors continuously draw a significant amount
of current to counteract the gravity force, while measuring
the Voc(t) requires to disconnect the loads for a certain time.
On the contrary, Vbatt (t) is available and measured.

2.4 Electronic Speed Controller

The ESCs convert the battery’s DC voltage into a three-
phase voltage to drive the brushless DC motors through
high-frequency electronic switching. In the literature, the
ESC model is usually static, mainly focusing on power
efficiency due to conduction losses, switching losses, and
standby power draw [38]. The control input to the ESC is
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typically a PWM signal, whose duty cycle ui determines
the average voltage delivered to the i th motor and thus its lift
force. In the practice, the actual control input commanded by
the control law is the PWMduty cycle u = col(u1, . . . , una ),
where each ui is constrained to reside in [0, 1] due to satura-
tion limits. Since the PWM frequency operates in the tens of
kHz range, the associated delay is on the order of millisec-
onds and is therefore commonly neglected.

In the literature, models for ESC efficiency are typically
based on empirical fitting. In [38], the authors adopt a grey
box rational approximation, involving the battery voltage,
the internal ESC resistance, the duty cycle, and the switching
frequency. The authors of [39], instead, use an affine model
of just the duty cycle and the input current. Neglecting the
switching time and the idle power draw for simplicity, the
ESC model can be derived from [38] as

Vesc,i = ui (Vbatt − Resc,i Ii ), (10)

where Vesc,i represents the output voltage provided by the i th
ESC, Vbatt is the input voltage from the battery, ui is the duty
cycle, Resc,i models the internal resistance of theMOSFETs,
and Ii is the current.

2.5 DCMotor

The model of DC motors is well established in the literature
[40]. The electrical dynamics are modeled by:

Vesc,i = Rmot,i Ii + Ke,i�i + Lmot,i İi , (11)

where Vesc,i is the input voltage to the i th motor, Ii the
current, Rmot,i the resistance, Lmot,i the inductance, �i the
angular speed, and Ke,i the back-EMF constant.

The mechanical dynamics follow:

Ji �̇i = Kt,i (Ii − I0,i ) − Bmot,i�i − di , (12)

where Ji is the inertia, Bmot,i the viscous friction coefficient,
Kt,i = Ke,i the torque constant, I0,i the idle current, and di
the load torque. The load torque in multirotor applications
is modeled as di = cDi �

2
i [35] and the friction is usually

neglected, as Bmot,i�i is negligible with respect to di .
In low-frequency applications such as UAV flight, where

the electrical time constant τe,i = Lmot,i/Rmot,i is on the
order of microseconds, the term Lmot,i İi is usually neglected
[40]. This corresponds to assuming that the current Ii in
Eq. 11 reaches steady state instantaneously compared to
the slower mechanical dynamics in Eq. 12. Therefore, from
Eq. 11 we obtain

Ii = Vesc,i − Ke,i�i

Rmot,i
, (13)

which can be substituted in Eq. 12, obtaining the full model:

�̇i = 1

Ji

[
Ke,i

(
Vesc,i − Ke,i�i

Rmot,i
− I0,i

)
− cDi �

2
i

]
. (14)

2.6 Static Speed and Lift Models

From Eq. 14, it follows that the steady-state relation between
�i and Vbatt is

cDi �
2
i +

(
K 2
e,i

Rmot,i

)
�i+

(
Ke,i I0,i − Ke,i Vesc,i

Rmot,i

)
= 0. (15)

Please note that I0,i < Vesc,i/Rmot,i is guaranteed under
normal operating conditions due to the dead zone commonly
present in these motors, so Eq. 15 yields one positive and
one negative solution for �i , of which only the positive one
is physically meaningful, i.e.,

�i = 1

2cDi

[
− K 2

e,i

Rmot,i

+
√√√√

(
K 2
e,i

Rmot,i

)2

+4cDi

(
Ke,i ui (Vbatt −Resc,i Ii )

Rmot,i
− Ke,i I0,i

)]
. (16)

The quantities related to the motor (Ke,i , Rmot,i , and I0,i )
are usually reported in the datasheet and can be assumed con-
stant, as well as Resc,i . In fact, possible faults affecting the
motor or the ESC are typically catastrophic, resulting in a
complete loss of thrust. As such, they are easy to detect and
are of limited relevance to the present work on fault detection
and isolation. Nonetheless, deviations between individual
motors and their nominal specifications may be significant
and should not be neglected. Also, Ii is linearly dependent
on ui [38], and can therefore be eliminated by substitution.

Conversely, the remaining variables are potentially time
varying: ui varies during the flight as it represents a control
input, while cDi and Vbatt are related to propeller faults and
battery discharge, respectively. Hence, Eq. 16 represents a
static relation gspeed,i (·) between each duty cycle ui , the bat-
tery voltage Vbatt , the motor speed in steady state �i , and
the drag coefficient cDi

�i = gspeed,i (ui , cDi , Vbatt ). (17)

The motor speed �i is positively correlated with Vbatt , and
a square-root dependence is evident in Eq. 16. Also, from
fi = cLi �

2
i , we can infer that the lift force is positively

correlated with Vbatt as well, and the linear dependency on
Vbatt dominates:

fi = gli f t,i (ui , cDi , Vbatt ). (18)

The models in Eqs. 16–18 are parameterized with respect to
the battery voltage and refer to a single motor. As a result,
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the model remains valid for multirotors of different sizes and
shape, as it explicitly accounts for battery variability (e.g.,
number of LiPo cells in series), while being independent of
the number of motors.

Considering (16)–(18) for compensating battery voltage
is impractical, because it requires precise knowledge ofmany
parameters, including cLi and cDi , which can be affected by
unknown faults. Therefore, in [18], we have adopted a grey
box approximated model. In [18], we have shown that there
exist five parameters aL0, aL1, aL2, aL3, and vL0 such that
the fractional order polynomial

fi = (Vbatt − vL0) ·
(
aL0

√
ui + aL1ui + aL2u

2
i + aL3u

3
i

)

(19)

models accurately the lift force. Note that the linear depen-
dency of fi on Vbatt is consistent with the previous con-
siderations. The identification of these parameters can be
performed using data from a single flight in which the bat-
tery discharges over its full usable range. Since the equation
is used for battery voltage compensation, only data from
healthy propellers is required. These parameters are expected
to remain constant, provided that no faults occur. In the
following Section, we address the validation of the model,
taking into account battery discharge and propeller faults.

3 Model Validation

In this Section, we validate the mathematical model of the
UAV, focusing on the battery model and the dependency of
the motor speed and lift on the battery model, as well as on
propeller faults.

3.1 Experimental Setup

To acquire voltage, speed, and lift measurements, a T-Motor
Air Gear 350 outrunner motor, together with the T-Motor
T9545 self-tightening propellers, was installed on a support,
leaving 40cm from the worktable to limit the flow interac-
tion with the surface (see Fig. 2). The motor was fed by a
Tekko Holybro D-Shot 125 ESC that also provides motor
speed measurements. Such devices are commonly paired
with lightweight commercial UAVs. A strain gauge load cell
[41] was employed for measuring the force exerted by the
motor. Themeasured quantity from the load cellwas acquired
using a Seneca Z-Sg converter [42], together with a low cost
Data AcQuisition (DAQ) USB Device [43] from National
Instruments. We employed a 4 cells 6750mAh LiPo battery
with a maximum C-rate of 25C, restricting our analysis to a
SoC within a safe range from 40% to 95% (i.e., OCV from
15.2V to 16.6V). Please note that we assume the battery
state of health is constant for simplicity, meaning the bat-

Fig. 2 Experimental setup

tery aging can be neglected. In fact, battery aging typically
requires hundreds of battery cycles to manifest [44].

3.2 Battery Model

Experimental data has been acquired to validate the proposed
battery model in Eq. 8. Figure 3 shows a notable decrease in
voltage Vbatt when the duty cycle (using a single motor) is
greater than zero. The model in Eq. 8 is sufficient to capture
the main battery dynamics illustrated in Fig. 3. The result-
ing internal resistance in the experiment is Rin ≈ 80m�,
corresponding to a severely worn-out 4 cells LiPo battery.

Fig. 3 Battery voltage drop due to internal resistance
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Fig. 4 Speed vs. duty cycle - regular blade (a)

3.3 Motor Speed

The experimental data reported in Fig. 4 describes relation
(17), i.e., the dependency of the motor speed on the battery
voltage, where the duty cycle ui is the independent variable
and Voc is a parameter. The motor speed increases with the
Voc as expected. Also note that the motor speed shows a sub-
linear increase with the duty cycle ui , due to the increasing
internal resistance voltage drop.

3.4 Lift Force, Battery Voltage and Propeller Faults

In this Section, we validate the model (19) and we show that
the lift and drag coefficients depend on the propeller faults.
We employ three damaged blades for the experimental tests.
Given a nominal blade length of 11cm and a 2cm hub diam-
eter, the propeller with two regular blades (Fig. 6a) has a
diameter of 24cm. We compare it with three damaged pro-
pellers: one with a regular blade and an artificially chipped
blade measuring 10.45cm in remaining length (Fig. 6b),
another with a regular blade and an artificially chipped blade
measuring 9.9cm in remaining length (Fig. 6c), and finally,
one with a regular blade and a scratched blade from a crash
measuring 10.1cm in remaining length (Fig. 6d). The reason
for choosing the fault severity levels of 5% and 10% blade
damage is that these faults are minor, with negligible impact
on the UAV’s manoeuvrability and unlikely to be noticed by
a human pilot during normal flight. Therefore, investigating
smaller faults is of limited practical relevance, while more
severe faults are easier to detect with the proposed algorithm.

First of all, we note that the lift and drag coefficients in
Eq. 4 are agnostic to the battery voltage. Figure 5 reports the
lift force against the motor speed for the healthy and faulty
propellers in Fig. 6. Each dot represents the median lift over

Fig. 5 Lift vs. speed - regular and faulty blades

a 1 s steady state acquisition (constant duty cycle). The dot
color indicates the OCV: the independence of fi from Vbatt
is evident.

The experimental data in Fig. 7 show that, for any fixed
duty cycle ui , the lift force ui increases with the battery volt-
age as expected. This is due to the increase of�i , as the ESC
drives the motor in an open-loop configuration.

By accounting for battery voltage variation, the fractional-
order polynomial in Eq. 19 achieves a fit with R2 = 0.99999.
The corresponding parameters are provided in [18] and
reported in Table 1. For the acquired data, the resulting Root
Mean Square Error (RMSE) is 10.756mN. For comparison,
the average lift force in the hexarotor under investigation is
2.534N; consequently, the RMSE is less than 0.5% of the
hovering lift.

Figure 8 shows the combined effects of blade fault and
battery discharge on the lift force. Blade (a) provides the
largest lift, followed by blade (b), blade (d), and blade (c)
(see Fig. 6). Figure 8 clearly depicts red dots consistently
below green dots, indicating that battery SoC has a greater
impact than a 1.1cm blade chipping. This underscores the
importance of accounting for the SoC of the battery in the
assessment of the health status of the propellers.

4 Residual Generator

The objective of this Section is to design a residual generator
for a multirotor with na ≥ 4 non-coaxial propellers. The pro-
duced residuals are required to be robust with respect to the
battery voltage internal dynamics, avoiding then false posi-
tive fault isolation due to battery discharge. More precisely,
we set the following problem.
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Fig. 6 Healthy and faulty
propellers

Problem 1 Find a set of observer based residual generators

żi = γi (zi , pF , ṗF , ω, η, u, Vbatt ) i = 1, . . . , na (20)

ri = χi (zi , pF , ṗF , ω, η, u, Vbatt ) i = 1, . . . , na, (21)

where zi and ri are the observer internal state and the output
residual, respectively, and the functions γi (·) and χi (·) are to
be designed, such that

1. if, for each k �= i , the kth propeller is faultless, then ri
exhibits an asymptotically stable dynamics, and thus it
converges to zero;

2. if, for at least one k �= i , the kth propeller is faulty, then
ri does not converge to zero.

Actually, Problem 1 requires the design of a bank of
observers, and the overall residual set is a generalized struc-
tured residual (see [45]). Note that the convergence property
of each residual ri is required to be dependent only on the
fault status, and therefore the overall set of residuals can be
qualified as robust with respect to battery discharge.

Fig. 7 Lift vs. duty cycle - regular blade (a)

4.1 Faults Symptoms

The lift force produced by the i th propeller, according to
Section 2, depends on the battery voltage Vbatt , the PWM ui ,
and the fault condition. Let f̄i be the lift force in the faultless
case, calculated as inEq. 18 andusing thenominal parameters
(blade (a) in Table 1). Assuming that Vbatt is measured (and
ui is clearly available), f̄i can be computed online. Therefore,
fi = f̄i holds if the i th propeller is faultless. However, in
case of blade damage, the propellers experience reduced lift
coefficients, leading to fi �= f̄i . Defining then� fi = fi− f̄i ,
the lift force can be trivially rewritten as

fi = f̄i + � fi , (22)

where � fi = 0 if and only if there is no fault affecting
the i th propeller (regardless the value of Vbatt ). Therefore,
the terms � fi can be taken as blade fault symptoms, which
are modeled additively, according to the residual generator
problem [45, 46].

4.2 Residual Generator Design

In the following, we design the residual generator for
FDI for a generic multirotor with non-coaxial propellers.
This assumption entails that the columns Fj of the con-
trol effectivenessmatrix F are pairwise linearly independent.
Conversely, the method does not apply in the case of coaxial
multirotors.

Let Fi be the i th columnof the control effectivenessmatrix
F . It is useful to compactly denote x1 = col(pF , η) and
x2 = col( ṗF , ω), leading to the compact multirotor model

ẋ1 = g1(x1, x2) (23)

ẋ2 = g2(x1, x2) +
na∑
k=1

G(x1)Fi ( f̄i + � fi ), (24)
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Table 1 Nonlinear multivariable fit: lift (19)

aL0 aL1 aL2 aL3 vL0 R2 RMSE

Blade (a) −1.4310·10−2 4.6339·10−3 1.0350·10−4 −1.7318·10−7 5.2859 0.99999 8.6427·10−3

Blade (b) −9.3949·10−3 3.2136·10−3 1.1373·10−4 −2.5089·10−7 5.0339 0.99999 1.0756·10−2

Blade (c) −9.2213·10−3 3.0675·10−3 1.1057·10−4 −2.6715·10−7 5.0107 0.99999 9.3121·10−3

Blade (d) −1.4103·10−2 4.5117·10−3 9.8717·10−5 −1.7527·10−7 5.1339 0.99999 8.4475·10−3

where g1(·) and g2(·) are known functions directly obtained
from the multirotor model (1), and

G(x1) =
[ 1

m R 03×3

03×3 J−1

]
. (25)

Note that, for each vector x1, thematrixG(x1) is non singular.
Therefore, a couple of remarks could be pointed out in order
to solve Problem 1.

Remark 1 For any vector v ∈ R
6, there exists a smooth real

valued function λv : R6 × R
6 → R such that

∂λv(x1, x2)

∂x2
G(x1) = vT . (26)

Moreover, the function λv(·) is affine in v and it can be
directly defined as

λv(x1, x2) = vT col
(
mRT ṗF , Jω

)
+ λ̄(x1), (27)

where λ̄(x1) is any smooth function depending on x1, which
can be arbitrarily chosen.

Fig. 8 Lift vs. duty cycle - regular and faulty blades

In the following, the null function λ̄(x1) = 0 will be con-
sidered.

Remark 2 There exist na smooth maps �1, . . . , �na : R6 ×
R
6 → R

5 such that

∂�i (x1, x2)

∂x2
G(x1)Fj = pi j , (28)

where pi j = 0 if and only if i = j . Each map �i (x1, x2)
can be algorithmically constructed, since it is sufficient to
consider any basis vi1 , . . . , vi5 of ker(F

T
i ), and then to define

�i (x1, x2) = col
(
λvi1

(x1, x2), . . . , λvi5
(x1, x2)

)
. (29)

Equivalently, defining the matrix Vi = [
vi1 . . . vi5

]
, it is

possible to define

�i (x1, x2) = V T
i col

(
mRT ṗF , Jω

)
. (30)

The transformations �i (x1, x2), for i = 1, . . . , na , pos-
sess the key features for the desired decoupling conditions,
and thus for the residual generator design. To prove this, con-
sider the set of the observer based residual generators

żi = g̃i (x1, x2) +
na∑
k=1
k �=i

pik f̄k + Hiri (31)

ri = �i (x1, x2) − zi , (32)

for each i = 1, . . . , na and

g̃i (x1, x2) = V T
i

[−mω̂RT ṗF − kt RT ṗF + mgRT e3
−krω − ω × Jω

]
,

where ω̂ denotes the skewmatrix associated with the angular
velocity vector ω.

Proposition 1 The set of residual generators (31)–(32), with
−Hi Hurwitz for i = 1, . . . , na, solves Problem 1.
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Proof It is a matter of calculation to check that

∂�i (x1, x2)

∂x1
g1(x1, x2) = V T

i

[−mω̂RT ṗF
0

]
(33)

and thus

2∑
k=1

∂�i (x1, x2)

∂xk
gk(x1, x2) = g̃i (x1, x2). (34)

Therefore, for i = 1, . . . , na , we can directly differentiate
(32) to get

ṙi = −Hiri +
na∑
k=1
k �=i

pik� fk . (35)

Therefore, the residual ri is statically decoupled from � fi ,
and so it is decoupled from the fault on the i th propeller. In
contrast, since pik �= 0 for each k �= i , there is a coupling
effect between ri and any other fault. Moreover, ri can con-
verge to the origin if and only if fk = 0 for each k �= i .

�	

Remark 3 The residual error is then linear and time invari-
ant, and it can be made asymptotically stable by any Hurwitz
matrix −Hi . Moreover, all the eigenvalues of the error
dynamics can be arbitrarily chosen, according to the fact that
we are considering an accessible state system.

4.3 Choice of the Basis for Residual Interpretation

The maps �i (x1, x2) from Eq. 29 depend on the choice of a
basis vi1 , . . . , vi5 of ker(F

T
i ). Among the possible choices,

we present the one used in the remainder of the paper, as it
provides better insight into the meaning of each scalar resid-
ual. Denoting with l the length of the i th arm, the position of
i th propeller in the body fixed frame can be identified with
li = l cos(θi )e1 + l sin(θi )e2. Therefore, using Eq. 5, it is
possible to express the i th column Fi of F as

Fi =
[
0 0 −1 −lsθi lcθi −(−1)i cLcD

]T
. (36)

The basis vi1 , . . . , vi5 of ker(F
T
i ) can be chosen according to

a physical interpretation rather than being just a kernel. For

instance, a possible choice is vi1 = e1, vi2 = e2, and

vi3 = [
0 0 0 cθi sθi 0

]T
(37)

vi4 = [
0 0 l −sθi cθi 0

]T
(38)

vi5 =
[
0 0 (−1)i

cDi
cLi

0 0 −1
]T

. (39)

Denoting col(vx , vy, vz) = RT pF , where vx , vy , and vz are
the components of the linear velocity the body frame, the
related transformation is

�i (x1, x2) =

⎡
⎢⎢⎢⎢⎢⎣

mvx
mvy

cos(θi )Ix p − sin(θi )Iyq
lvz − sin(θi )Ix p + cos(θi )Iyq

(−1)i
cDi
cLi

mvz − Izr

⎤
⎥⎥⎥⎥⎥⎦

. (40)

With this choice, we can make some additional observa-
tions on each component of�i (x1, x2). The third component
of �i (x1, x2), which is the one associated with vi3 , is
expected to be dominant for the fault isolation task. This
component represents a combination of the torques around
the pitch and roll axes, which are the most relevant control
actions. We expect the fifth component of �i (x1, x2) to be
less sensitive to faults, since the yaw angle is less responsive
to actuator commands compared to pitch and roll. The first
and second components of�i (x1, x2) are expected to be null,
as actuator faults do not directly affect the linear acceleration
along the xB and yB axes (i.e., they are non-matching).More-
over, these vectors are identical for all motors and therefore
do not contribute to fault isolation. As a result, the first and
second components are not useful for FDI and are discarded
to avoid unnecessary computation. Finally, note that all the
variables in �i (x1, x2) can be reliably measured, with the
exception of ratio cDi /cLi , which can experience variations
due to faults.

5 Residual Evaluation

In this Section,we detail how to performFDI from themodel-
based residuals proposed in the previous Section.

5.1 Statistical Residual Model

The residual generator (20) depends on the measured state
space variables, which can be in general corrupted by noise.
As ri ∈ R

3, for i = 1, . . . , na , Eq. 20 returns 3na scalar resid-
uals. In case of propeller faults, each residual ri is designed
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to be sensitive to the faults on the j th propeller, with j �= i .
Also, the nominal lift estimation f̄i relies on Eq. 18 and the
estimated parameters from blade (a) in Table 1, which show
an RMSE up to 10.756mN [18]. Moreover, model mismatch
may affect the residual, such as unmodeled rotor dynamics.
For these practical reasons, the residuals are not exactly zero
even when no propeller fault has occurred, so thresholding
is not straightforward.

We do not consider each residual as a stochastic process
in this analysis. Instead, we assume each realization repre-
sents a different observation of the same underlying random
variable. We assume that the residuals are characterized by
Gaussian distributions, due to the presence of sensor noise.
Thus, we expect the distributions to change in the presence
of a propeller fault, while remaining constant if no modifica-
tions are made to the powertrain. In particular, we focus on
the mean value for FDI.

5.2 Neural Network Based Classification

To improve the robustness and accuracy of FDI, we employ a
shallow NN that jointly interprets the means of the residuals
rather than treating them individually. The dataset for training
and testing consists of 8na simulations, each lasting 90 s,
comprising:

• four trajectories, including two smooth helicoid trajecto-
ries, one hovering and one waypoint navigation,

• two initial SoC levels (40% and 100%),
• na faulty motors.

A fault is injected at 50% of the flight, with blades (b), (c),
and (d) from Table 1 applied sequentially over equal time
intervals. For each simulation, we randomize the noise seed
(additive white gaussian noise according to IMU datasheet)
and each motor’s lift bias to take into account the powertrain
identification error. The FDI procedure is performed on non-
overlapping windows at a constant rate. Further details on
the simulations are provided in Section 6.

The NN features an input layer (3na neurons), a hidden
layer (3na neurons with ReLU activation function), and a
output layer (na + 1 neurons with softmax activation). Each
input corresponds to the mean value, computed over 25 con-
secutive samples, of one of the 3na residuals proposed in our
method. Each output neuron corresponds to the probability of
either a specific actuator fault among the na possible faults or
no fault (represented by the extra neuron). Training employs
Stochastic Gradient Descent with Momentum using the fol-
lowing hyperparameters: learning rate 10−6, mini-batch size
32, L2 regularization 10−4.

To assess generalizability with respect to the trajectory,
we perform a leave-one-trajectory-out cross-validation: the
dataset is split into four groups of 2na flights, each group
corresponding to a different trajectory. Hence, one trajectory
is kept as a completely separate test set, while the remaining
three are used for training and validation. The dataset under-
goes stratified partitioning with 70% training and 30%
validation splits to address class imbalance. Feature normal-
ization is applied using z-score standardization computed
exclusively from the training set. The corresponding target
labels are computed as the median value of the fault labels
within each temporal segment. Please note that no mean
removal is applied to the residuals to compensate for indi-
vidual motor variability.

5.3 Statistical Test and DecisionMaking

For comparison, we also design a conventional statistical test
on the mean of each residual to perform FDI. To assess devi-
ations due to faults, we employ a two-sided Student’s T-test,
comparing the sample mean of each scalar residual against
its nominal mean under the null hypothesis. The test can be
efficiently executed online using a recursive implementation
that only requires the number of samples, the current data
point, and the nominalmean. Both the samplemean and stan-
dard deviation are updated using simple recursive formulas,
distributing the computational load across samples. Once the
p-value is computed, it is compared to the critical value of the
desired significance level: the test returns true (i.e., fault)
if the null hypothesis is rejected, and false otherwise.

To account for inter-motor variability, the nominalmeanof
each residual is computed during the first 10 seconds of flight,
excluding the initial transient (e.g., take-off) for simplicity.
The FDI algorithm is enabled only after these statistics are
established. To this end, motors and propellers are assumed
to be fault-free at take-off, as verified by standard pre-flight
checks such as visual inspection.

Let ri ∈ R
3, for i = 1, . . . , na be the i th residual. The

algorithm first performs FD; if a fault is detected, FDI fol-
lows. FD is based on T-tests applied to the first element of ri ,
for i = 1, . . . , na , which offer the best signal-to-noise ratio,
using a high significance level αFD . Since opposite motors
exhibit similar responses in the first element of ri due to sym-
metry, we expect na − 2 out of na residuals to trigger in the
presence of a fault. Thus, if at least na − 2 tests fail, a fault
is detected.

Once a fault is detected, FDI is performed by evaluating
the T-test component-wise to each component of ri , possibly
using a different significance level αFDI . Notably, chang-
ing the significance level does not require recalculating the
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Table 2 Hexarotor [47] and battery parameters

Parameter Value Meas. Unit

Total system mass (m) 1.55 kg

Inertia along xB (Jx ) 0.0266 kg m2

Inertia along yB (Jy) 0.0266 kg m2

Inertia along zB (Jz) 0.0498 kg m2

Gravitational acceleration (g) 9.81 m/s2

Arm length (l) 0.275 m

Number of actuators (na) 6 −
Friction coefficient (kt ) 0 s-1

Friction coefficient (kr ) 0 s-1

Internal resistance (Rin) 10 �

Nominal capacity (Qnom ) 6.75 Ah

Fully charged voltage (Voc) 16.8 V

p-value, but only an additional comparison. We define the
triggering pattern ρ ∈ R

na , where ρi = 1 if any of the three
components of the residual ri fail the T-test, and ρi = 0
otherwise. Finally, we compare ρ with the expected fault
signatures. If ρ matches the i-th column of the fault signa-
ture matrix, we identify the i th motor as faulty; otherwise,
we report an unknown fault.

6 Results

In this Section,we report the simulation results for aDJI F550
hexarotor UAV (i.e., na = 6). We consider a hexarotor plat-
form due to its higher intrinsic robustness to propeller faults,
in order to prevent tracking failures that would unnecessarily
complicate the analysis. The UAV parameters can be found
in [47], and they are reported in Table 2 for completeness.
The results presented in this Section refer to faults of vary-
ing severity, as already detailed in Section 5.2, specifically
simulating the presence of blades (b), (c), and (d) in Fig. 6.
These faults were experimentally identified in previous work

Table 3 Fault signature matrix for na = 6 (0 if decoupled, 1 otherwise)

� f1 � f2 � f3 � f4 � f5 � f6

r1 0 1 1 1 1 1

r2 1 0 1 1 1 1

r3 1 1 0 1 1 1

r4 1 1 1 0 1 1

r5 1 1 1 1 0 1

r6 1 1 1 1 1 0

Table 4 Additive output white gaussian noise

Affected variable Standard deviation

p̈F = col(ẍF , ÿF , z̈F ) 0.0785

ṗF = col(ẋF , ẏF , żF ) 0.0078

pF = col(xF , yF , zF ) 7.8480e − 04

ω = col(p, q, r) 0.0055

η = col(ϕ, θ, ψ) 5.5192e − 04

[18], and their parameters are reported in Table 1. The cor-
responding fault signature matrix is reported in Table 3.

Additive sensor noise is simulated according to the
datasheet of the MPU-9250 IMU [48], which is commonly
adopted by the commercial Cube autopilot (also known as
Pixhawk 2 autopilot). Accelerometer and gyroscope noise is
directly injected, while noise on the remaining state variables
is assumed to be one order ofmagnitude lower due toKalman
filtering, as reported in Table 4.

The controller and FDI parameters are shown in Table 5.
The control law parameters refer to a classical inner-outer
loop control structure, where three PID controllers are
implemented in each loop. A control frequency of 400Hz is
used, consistent with the default main loop rate in ArduPilot
firmware, reflecting the execution frequency on Pixhawk-
class hardware.

Table 5 Control and FDI parameters. The PID parameters refer to the
classical KP , KI , and KD coefficients, respectively

Parameters Values

Sampling rate 400Hz

PID: xF {4.98, 2.08, 3.90}
PID: yF {4.98, 2.08, 3.90}
PID: zF {4.98, 2.08, 3.90}
PID: ϕ {242, 720, 27}
PID: θ {242, 720, 27}
PID: ψ {4.98, 2.08, 3.90}
Residual generators: H1, . . . , H6 5I5
NN: hidden layer 18 neurons (ReLU)

NN: learning rate 10−3

NN: mini-batch size 32

NN: L2 regularization 10−4

NN: maximum epochs 5

T-test: αFD 10−10

T-test: αFDI 10−8

T-test: buffer size 25

T-test: sampling interval 0.0625s
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Fig. 9 Tracking performances about the linear position: reference (blue
dashed line) and state (black solid line)

As for PWM signals, each control input is constrained
to ui ∈ [0, 1], where the value ui = 1 corresponds to the
maximum lift thrust fi obtainable from the i th motor, i.e.,
up to 12.0059N under fault-free and fully charged battery
conditions. The motor dynamics are finally included as first
order systems with a time constant equal to 0.05s, while
neglecting them in the FDI code. As a result, the residuals
differ from white Gaussian noise in the no-fault scenario,
thereby making FDI more challenging and realistic.

To test the robustness of the approach regarding the indi-
vidual parameter variations of each motor, we also inject an
unknown bias on each motor lift fi . The magnitude of the
bias is a uniform random variable in [−10.756, 10.756]mN,
where 10.756mN is the lift RMSEdue tomotor identification
[18].

As first, we report the results during a single tracking task
in Sections 6.1–6.3. Then, we propose a Monte Carlo valida-
tion in Section 6.4. Section 6.5 proposes several comparisons

Fig. 10 Attitude tracking performances: reference (blue dashed line)
and state (black solid line)

Fig. 11 SoC and battery voltage during the flight

and an ablation study to validate both the residuals and the
classifier. Finally, we report the results of the PIL tests in
Section 6.6.

6.1 Trajectory Tracking

The simulated flight consists of a tracking task whose total
duration is 90 s and the initial SoC is 90%. The hexarotor
is required to follow an helicoid, alternating ascending and
descending reference. The initial 45 s of flight are faultless.
Then, a fault on propeller 3 is injected. Firstly, we replace its
nominal parameters with the ones of the faulty blade (b) from
Table 1. Then, from t = 60 s, we employ the parameters of
the faulty blade (c), and finally the ones of the faulty blade
(d) from t = 75s.

Figures 9 and 10 show the tracking performance. The yaw
trajectory ψr is externally given as a reference, while the
roll ϕr and pitch θr trajectories are calculated in a classical
inner-outer loop control structure. The PID controllers prove
to be robust to battery discharge and minor blade damages.
In fact, the UAV is still capable to perform the tracking task
with negligible performance degradation (see, for example,
the yaw angle in Fig. 10). Please note that the battery volt-
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Fig. 12 Residuals (with battery compensation included in the residual
generator)

123



   28 Page 14 of 20 Journal of Intelligent & Robotic Systems           (2026) 112:28 

Fig. 13 Normal plot for r1 (including battery compensation): healthy
blade (a) vs. faulty blade (b)

age (Fig. 11) changes in time, due to battery discharge and
internal resistance voltage drop.

6.2 Residual Analysis

Figure 12 shows the residuals ri over time, with the first,
second, and third components of each residual plotted sepa-
rately. In presence of faults, a residual offset can be noticed,
exception made for r3, as it is insensitive by design to faults
on motor 3. The offset is proportional to the severity of the
fault (also see Fig. 6). However, the effects of sensor noise
are evident.

Figure 13 shows the normal probability plots of the scalar
residuals r1 collected during the flight, focusing on the first
residual r1 for brevity. Each line corresponds to one element
of the residual vector, plotted against the theoretical quantiles
of a normal distribution.

In the fault-free case (healthy blade (a)), the residuals
closely follow the reference lines, confirming that the Gaus-
sian distribution assumption made in Section 5.1 is well
satisfied. This agreement holds despite the battery discharge
dynamics, indicating that variations in battery voltage do not
significantly affect the statistical properties of the residuals
under normal conditions, thanks to the proposed method for
compensating battery discharge.

When a faulty blade (b) is mounted on motor 3, the
residual distribution changes noticeably. Specifically, the
first component of r1 exhibits a clear mean shift with a
high signal-to-noise ratio, evidencing a deviation from the
expected behavior and highlighting sensitivity to the blade
fault, consistent with the observations made in Section 4.3.
The remaining components show a less pronounced change
in statistical distribution,with the third component exhibiting
the smallest change. Overall, this figure supports the use of
residuals ri as reliable indicators for detecting and isolating

Fig. 14 Fault isolation using the NN classifier

faults related to blade damage, even in the presence of battery
voltage fluctuations.

6.3 Fault Isolation

Figure 14 reports the fault isolation outcomes using the pro-
posed NN and residuals. Each input to the NN is the mean of
one of the 18 proposed residuals, computed iteratively over a
window of 25 consecutive samples. Hence, the NN classifier
is triggered every 0.0625s. The training requires less than
5 minutes, and the results stabilize within 5 epochs. During
the fault-free portion of the flight, the proposed method (blue
line) returns 0 (i.e., no fault). In the second part of the flight,
where faults of varying severity are introduced in propeller
3, the proposed method accurately returns 3 as soon as the
fault is injected.

6.4 Monte Carlo Validation

A Monte Carlo validation is performed using the 48 ran-
domized scenarios from Section 5.2, with cross-validation
results reported in Table 6 using the NN described therein.
The results indicate high classification accuracy and lowvari-
ance on both training and validation sets, suggesting effective
learning without overfitting. The test accuracy, performed
on the held out set of trajectories, remains high, although
the increased standard deviation suggests sensitivity to more
aggressive trajectories.

Table 7 presents the FDI confusion matrix obtained from
the separate test set only. The accuracy of the proposed
method is 95.04%, with a recall of 96.60% for the no-fault

Table 6 Cross-validation using a NN on themean value of the residuals

Dataset Mean accuracy Standard deviation

Training 98.20% ±0.97%

Validation 98.18% ±0.96%

Test 95.04% ±6.28%
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Table 7 Monte Carlo validation: FDI confusion matrix (test set only) using the NN and the battery-compensated residuals. FMi : Faulty Motor i ;
NF: No Fault; UF: Unknown Fault. Values are row-wise normalized percentages

Predicted class
True class NF FM1 FM2 FM3 FM4 FM5 FM6 UF

NF 96.60% 0.35% 0.62% 0.58% 0.45% 0.58% 0.82% 0.00%

FM1 4.18% 93.92% 0.66% 0.33% 0.00% 0.10% 0.80% 0.00%

FM2 4.38% 0.42% 94.36% 0.75% 0.10% 0.00% 0.00% 0.00%

FM3 5.83% 0.23% 0.52% 93.00% 0.35% 0.00% 0.07% 0.00%

FM4 5.12% 0.00% 0.16% 0.43% 93.80% 0.30% 0.19% 0.00%

FM5 6.15% 0.09% 0.05% 0.09% 0.71% 92.64% 0.28% 0.00%

FM6 5.66% 0.49% 0.10% 0.10% 0.07% 0.42% 93.16% 0.00%

class and approximately 93% recall for each remaining fault
class.

6.5 Ablation Study and Comparisons

6.5.1 Ablation Study: Removing Battery Voltage
Compensation

To highlight the importance of compensating battery volt-
age in residual generation, Fig. 15 reports the residuals
without taking into account the battery model, i.e., employ-
ing a conventional linear regression fi = kpwm ui , where
kpwm = 12.0059N is the lift force at full speed. Differ-
ently from Fig. 12, the residuals in Fig. 15 are unreliable:
during faults, the residuals show only marginal deviations,
so defining proper decision criteria is not straightforward.
Also, the Gaussian approximation (Fig. 16) is less accurate
if compared to Fig. 13, as data points deviate significantly
from the reference line. This deviation ismainly due tomodel

Fig. 15 Residuals without battery compensation in the residual gener-
ator

mismatch. Also, their mean values deviate significantly from
zero even in the no-fault case, indicating a systematic bias
primarily due to battery discharge and individual variations
in motor characteristics. In contrast, mean shifts due to faults
are not prominent enough to be discernible in the plots. This
suggests that such an uncompensated large bias due to battery
mismatch actually hinders fault isolation.

Figure 14 also compares the fault isolation outcomes
with those of the same method, but without using the lift
force estimation from Eq. 19. Table 8 reports the results
of the Monte Carlo validation. When residuals without bat-
tery compensation are used instead of the proposed ones, the
NN classifier returns no-fault in most cases, despite retrain-
ing the NN. The method fails to perform FDI because the
residuals, without compensation for battery voltage, do not
provide sufficient information for such a small and shallow
NN as one suitable for implementation on a conventional
flight controller. In contrast, the same NN achieves accurate
fault isolation (see Table 6) when using battery-compensated
residuals.

Fig. 16 Normal plot for r1 without battery compensation: healthy blade
(a) vs. faulty blade (b)
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Table 8 Cross-validation using a NN on the mean value of the non-
compensated residuals

Dataset Mean accuracy Standard deviation

Training 50.74% ±0.65%

Validation 50.56% ±0.58%

Test 48.41% ±1.88%

6.5.2 Ablation Study: T-test vs. Neural Network

For comparison, the T-test, with significance levels αFD =
10−10 and αFDI = 10−8, is applied to the residuals ri every
0.0625s, on a buffer including only the last 25 samples
of each residual. Figure 17 compares the T-test results on
the investigated flight, obtained using residuals with battery
compensation versus those without compensation. During
the fault-free portion of the flight, the T-test method (blue
line) returns no fault, with the exception of isolated instances
where an unknown fault (FDI result −1) is indicated. These
infrequent false positives are due to sensor noise and actuator
model mismatch and could be filtered out by applying amov-
ing mode. In the second part of the flight, the T-test method
correctly returns 3,with several false negativeswhere the FDI
returns −1 (unknown fault) because the residuals does not
match any column (i.e., fault signature) in Table 3. Applying
the same statistical tests and decision-making policy without
the battery model yields incorrect results (see Fig. 17), as in
the case of the NN classifier, confirming that uncompensated
residuals are unsuitable for FDI.

Results obtained on the Monte Carlo validation using the
T-test-based method are summarized in Table 9. The accu-
racy of theT-test-basedmethod is 80.35%,with a comparable
recall for the no-fault class (94.25%) with respect to the NN
method (see Table 7), but a significantly lower recall for each
fault class (approximately 69%).With theT-test, themost fre-
quent misclassification involves assigning an actual fault to
an unknown fault. Therefore, a fault is detected but not suc-
cessfully isolated. The remaining misclassifications involve
assigning a fault to the wrong faulty motor, with most errors
occurring between opposite motors (i.e., 1 and 4, 2 and 5, 3
and 6). This behaviour is related to the symmetry discussed
in Section 5.3.

6.5.3 Comparison with Purely Data-Driven FDI

Wecompare the proposed strategywith themethod presented
in [32], which employs batches of roll-pitch error measure-
ments to perform FDI. The training dataset is the same as
in Section 5.2, where two-dimensional roll-pitch error mea-
surements are included. Each time series is systematically

Fig. 17 Fault isolation using the T-test

segmented into non-overlappingwindows of 120 consecutive
samples, which are then flattened and fed to a NN featuring
a input layer (240 neurons), two hidden layer 1 with (30
neurons with a sigmoid activation function), and an output
layer (7 neurons with softmax activation), as detailed in [32].
Training employs Stochastic Gradient Descent withMomen-
tum using the following hyperparameters [32]: learning rate
10−6, maximum epochs 2000, mini-batch size 32, L2 regu-
larization 10−4.

Table 10 reports the results. The method provides approx-
imately 50% accuracy, as the no-fault classification is always
returned, being the most represented class in the dataset,
which is clearly unsatisfactory. The method fails to perform
FDI because it is based only on the tracking error, which is
a poor indicator in trajectory tracking: differently from [32],
the tracking error is primarily driven by the reference tra-
jectory and affected by sensor noise, whereas the impact of
faults is effectively compensated by the PID controllers, as
evident in Section 6.2. By contrast, the simpler NN detailed
in Section 5.2 can provide accurate FDI (see Table 6) because
the proposed residuals contain fault information in a distilled
form.

6.6 Processor-In-the-LoopValidation

To ensure the real-time executability on conventional control
platforms, a PIL validation is performed. We consider the
PixHawk 6c as the target platform, a widely used commer-
cial controller equipped with a 32-bit STM32H743 Arm®

Cortex®-M7 MicroController Unit (MCU) running at 480
MHz, with 2 MB of flash memory and 1 MB of SRAM.

The deployed code for the PIL test includes the con-
trol law, the residual generator, and the FDI algorithm for
a hexarotor. The target hardware is a Arm® Cortex®-M7
(MCU) running at 480 MHz. All computations are imple-
mented in single-precision floating-point format to facilitate
deployment on MCUs. The deployed code yields the PIL
results shown in Table 11.

Using theNNsolution, themaximumCPUtime (0.1098ms)
is larger than the T-test (0.0813ms), because only the resid-
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Table 9 Monte Carlo validation: FDI confusion matrix using the T-test and the battery-compensated residuals. FMi : Faulty Motor i ; NF: No Fault;
UF: Unknown Fault. Values are row-wise normalized percentages

Predicted class
True class NF FM1 FM2 FM3 FM4 FM5 FM6 UF

NF 94.25% 0.08% 0.07% 0.04% 0.04% 0.01% 0.07% 5.42%

FM1 0.55% 69.17% 0.03% 0.05% 3.80% 0.00% 0.05% 26.33%

FM2 0.52% 0.17% 70.04% 0.05% 0.03% 3.55% 0.00% 25.62%

FM3 0.64% 0.02% 0.00% 70.20% 0.07% 0.00% 3.62% 25.45%

FM4 0.62% 3.99% 0.00% 0.03% 69.26% 0.09% 0.00% 26.01%

FM5 0.55% 0.03% 3.64% 0.00% 0.12% 69.37% 0.00% 26.28%

FM6 0.64% 0.05% 0.00% 3.31% 0.03% 0.00% 69.23% 26.73%

ual mean can be updated iteratively, while the NN activation
is performed once every 25 samples. Compared to the 2.5 ms
control cycle period (i.e., 400 Hz), the worst-case execution
time corresponds to approximately 4.390% of the cycle,
accounting for control, residual generation, and FDI. This
guarantees that the NN classifier can run online, as well as
the T-test alternative solution. Conversely, the average CPU
time is larger using the T-test, because mean and standard
deviation are updated iteratively, while the test performed
once every 25 samples is lightweight. As anticipated, the
results also show that the behavior of the C implementation
on theMCU closelymatches that of the reference simulation.

7 Conclusions

In this paper, we have presented amodel-based FDI approach
for multirotor UAVs. To make the residuals less sensitive to
battery voltage drop, we have incorporated an experimental
characterization of the powertrain. A hexarotor is presented
as a study case, showing the necessity of the battery model to
achieve fault isolation in realistic conditions. The analysis of
the residuals shows that certain residuals are more relevant
for FDI; in particular, the torque mismatch exhibits the best
sensitivity in presence of sensor noise.

The proposed NN classifier outperforms the T-test-based
method, achieving higher overall accuracy (95.04% vs.
80.35%) and notably better fault class recall (around 93% vs.
69%), thereby demonstrating the capability to identify even
small faults, such as a single blade loss of approximately 5%.

Table 10 Cross-validation using the DNN from [32] on angular track-
ing errors

Dataset Mean accuracy Standard deviation

Training 49.39% ±0.05%

Validation 49.26% ±0.00%

Test 49.33% ±0.00%

The main advantage of the NN approach lies in its ability to
jointly interpret residual information in a multivariate man-
ner, rather than relying on separate threshold-based checks
for each residual as in traditional methods like the T-test.
This integrated analysis enables more accurate fault detec-
tion and isolation, reducingmisclassifications and improving
robustness. The performance evaluation is supported by a
solid validation strategy employing leave-one-trajectory-out
cross-validation to ensure generalization to unseen flight
conditions. Additional realism is incorporated by including
motor biases, unmodeled motor dynamics affecting the FDI,
and realistic sensor noise. Finally, the effectiveness of the
proposed method is further confirmed by validation on the
PIL setup, demonstrating its applicability in real-time embed-
ded environments.

The proposed method applies to any multirotor with non-
coaxial rotors. Since the computational complexity scales
linearly with the number of actuators na , the reduced load
makes the method feasible even for configurations with
many motors. However, as the number of motors increases,
a higher probability of fault misclassification is expected.
To extend the method to coaxial multirotors, additional con-
siderations regarding the predefined motor rotation direction
are necessary; moreover, active fault isolation strategies that
deliberately alter individual motor speeds may also prove
beneficial.

Our future work will focus on two primary directions for
improvement. First, to increase the robustness and adapt-
ability of the fault isolation process, we are exploring the
integration of observer-based techniques with frequency-
domain methods. Second, we plan to extend the approach

Table 11 PIL test results using the proposed FDI solutions

CPU time [ms] CPU utilization [%]
Maximum Average Maximum Average

NN 0.1098 0.0534 4.390 2.137

T-test 0.0813 0.0741 3.252 2.963
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by expanding the spectrum of faults considered within the
system.
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