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Active Incremental Nonlinear Dynamic Inversion for Sensor and
Actuator Fault-Tolerant Control

Direnc Atmaca∗, Coen de Visser†, and Erik-Jan van Kampen‡

Delft University of Technology, Kluyverweg 1, 2629 HS, Delft, The Netherlands

Simultaneous actuator and inertial measurement unit faults pose a significant challenge
for flight safety. This study analytically demonstrates the impact of such faults on incremental
nonlinear dynamic inversion (INDI)-based controllers and proposes an active fault-tolerant
control method that concurrently mitigates these faults and accounts for in-flight turbulence. The
method employs an optimal two-stage extended Kalman filter with a higher-order sliding mode
differentiator (OTSEKF-HOSM) for inertial measurement unit fault identification, together with
a variable forgetting factor recursive least squares (VFF-RLS) algorithm for online on-board
model estimation, collectively forming the Active-Adaptive (AA) INDI framework. Numerical
simulation results show that AA-INDI outperforms conventional and Adaptive INDI in terms of
tracking performance under time-varying inertial measurement faults and sudden actuator
failures.

I. Introduction

Aircraft of today rely extensively on a broad range of sensors and actuators for flight control. Simultaneous failures
of these systems threaten flight safety, especially in turbulent flight conditions. As a result, addressing these faults

represents an important problem in flight control.
Incremental nonlinear dynamic inversion (INDI) is a control method similar to feedback linearization that relies on

both model and sensor information [1]. To derive a linearizing law, INDI requires an onboard control effectiveness
model (OBM) and rotational accelerations, which are typically obtained by differentiating rate gyro measurements [2].
These requirements make INDI vulnerable to inertial measurement unit (IMU) and actuator failures, potentially causing
performance degradation and even instability. Although INDI is inherently robust against mismatches between the
actual control effectiveness and the OBM [3], in case of large deviations caused by actuator failures, INDI no longer
guarantees closed-loop stability [4].

A potential method to address model mismatch is to use parameter estimation to update the OBM in-flight, known as
Adaptive INDI (A-INDI) [5–7]. Typically, adaptation is preceded by a state reconstruction step to determine observable
states of interest or to filter measured states, leading to the two-step method (TSM) [8]. A well-studied approach to
state reconstruction in the context of flight control is to employ extended or unscented Kalman filters with nonlinear
kinematic process models [9–13]. However, since IMU measurements act as input to the Kalman filter, faults in IMU
sensors lead to drift in state estimation [14]. Similarly, IMU measurements are also required in parameter estimation to
calculate angular moments [6]. Consequently, IMU faults affect both steps of the TSM, which stresses the importance
of IMU fault mitigation specifically for INDI-based flight controllers and their adaptive variants.

One approach to tackling IMU faults within the Kalman filter framework is treating them as additional states. The
drawback is that this results in a large state vector, increasing the computational load. To alleviate this, it is possible to
decompose the filter into two stages in which state estimation and fault identification are performed separately in parallel
[15–19]. However, the decomposed filter is optimal only when the faults are constant [20, 21]. In [22], researchers
derive a modified two-stage Kalman filter capable of optimal decomposition as long as the state covariance matrix of
the fault-free filter is positive semidefinite, called the optimal two-stage Kalman filter (OTSKF). An earlier study [23]
proposed an extended version of the OTSKF, called the optimal two-stage extended Kalman filter (OTSEKF) to identify
artificially injected IMU faults in an offline application. Following this, a recent paper [14] improved this method by
incorporating higher-order sliding mode differentiators to mitigate the initial condition sensitivity of the OTSEKF,
facilitating IMU fault identification through state drift differentiation. The findings indicated that this is feasible due to
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the flat nature of the process model. The present study extends this approach to propose an active fault-tolerant control
system that can handle simultaneous actuator and IMU failures in-flight under the effect of turbulence.

This paper provides three main contributions. First, it investigates the impact of IMU and actuator faults on
conventional and Adaptive INDI by analyzing the underlying assumptions and demonstrating the importance of IMU
fault correction in the INDI framework. Second, it builds on the approaches of [6, 14] to propose an active fault-tolerant
control system that can effectively deal with simultaneous actuator and IMU faults in turbulent flight conditions.
This is accomplished by combining an optimal two-stage extended Kalman filter with a higher-order sliding mode
(OTSEKF-HOSM) differentiator and a variable forgetting factor recursive least squares (VFF-RLS) algorithm [24]. The
combination solves three problems in INDI-based fault-tolerant flight control: 1) it addresses model mismatch caused
by actuator faults, 2) it mitigates IMU faults that affect state estimation, degrade the linearizing INDI law, and propagate
into online parameter estimation, and 3) it provides turbulence rejection through the kinematic process model used
in OTSEKF. The resulting system is termed Active-Adaptive Incremental Nonlinear Dynamic Inversion (AA-INDI).
Lastly, it applies the proposed active fault-tolerant control system to a novel commercial flying wing concept called the
FLYING VTM§. Numerical simulations demonstrate the impact of these simultaneous faults on tracking performance
and compare INDI, Adaptive INDI, and Active-Adaptive INDI.

The rest of this paper is structured as follows. Section II introduces INDI-based flight control and analyzes the
impact of IMU faults on INDI and Adaptive INDI. Section III presents the Active-Adaptive INDI control structure,
explains the underlying methods and discusses fault modeling. Section IV outlines the simulation model that includes
the aerodynamics, sensors, actuators, turbulence, and tracking signals. Section V presents all numerical simulations
results and provides a discussion. Finally, Section VI highlights the contributions, summarizes the main findings, and
identifies limitations.

II. Problem Definition
This section introduces conventional and Adaptive INDI starting with a general nonlinear system. It analyzes the

underlying assumptions and demonstrates the impact of simultaneous IMU and actuator faults.

A. Incremental Nonlinear Dynamic Inversion
Consider a general MIMO continuous-time nonlinear system (not necessarily control-affine)

¤𝒙 = 𝒇 (𝒙, 𝒖) and 𝒚 = 𝒉(𝒙) (1)

where 𝒙 ∈ R𝑙 represents the system states, 𝒖 ∈ R𝑚 system inputs, 𝒚 ∈ R𝑛 system outputs, with 𝒇 and 𝒉 smooth,
continuous vector fields. This nonlinear system can be approximated as a linear system in the proximity of some recent
time instance using a first-order Taylor series expansion [2]:

¤𝒙 ≈ 𝒇 (𝒙0, 𝒖0) +
𝜕 𝒇 (𝒙, 𝒖)

𝜕𝒙

����
𝒙=𝒙0 ,𝒖=𝒖0

(𝒙 − 𝒙0) +
𝜕 𝒇 (𝒙, 𝒖)

𝜕𝒖

����
𝒙=𝒙0 ,𝒖=𝒖0

(𝒖 − 𝒖0) (2)

¤𝒙 ≈ ¤𝒙0 + F(𝒙0, 𝒖0) (𝒙 − 𝒙0) + G(𝒙0, 𝒖0) (𝒖 − 𝒖0) (3)

It is possible to simplify this expression using the time scale separation principle. Assuming the control actuators are
sufficiently fast, 𝒙 ≈ 𝒙0 at each time instance, meaning that the states are static from the perspective of fast-moving
actuators. Although it is difficult to generalize the required actuator speed, a common choice is 5–10 times system
bandwidth [25]. Therefore, applying this leads to

¤𝒙 ≈ ¤𝒙0 + G(𝒙0, 𝒖0) (𝒖 − 𝒖0) (4)

Δ𝒖 = G−1 (𝒙0, 𝒖0) (𝝂 − ¤𝒙0) (5)

where 𝝂 = ¤𝒙 is called the virtual control. This formulation assumes that ¤𝒙0 is directly measurable or observable.
Now, consider an aircraft rotational rate control problem where 𝒙 = 𝝎, 𝒖 = 𝜹, 𝝂 = ¤𝝎, and 𝒚 = 𝒙. In other words, the

states are aircraft rotational rates expressed in the body-fixed frame, inputs are control surface deflections, and virtual
controls are rotational accelerations. Rotational rates and accelerations are measurable or observable. Therefore, the
linearizing law for this problem is

Δ𝜹 = M−1
𝛿 (𝝎0, 𝜹0) (𝝂 − ¤𝝎0) (6)

§Flying V is a trademark of Fortescue. The Flying V design is owned by Fortescue, UK & NL patents pending.
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where M𝛿 represents the control moments generated by the surfaces. Based on [1], it is possible to expand the moments,
and rewrite as

M𝛿 =
𝜕

𝜕𝜹
(J−1M𝛿) = J−1B𝛿 (7)

where J is the moment of inertia matrix of the aircraft and B𝛿 contains the control moment derivatives with respect to
each surface, also called control effectiveness matrix (CEM). Assuming a generic aircraft with a single elevator, aileron
and rudder possessing linear control derivatives, CEM can be written as

B𝛿 =
1
2
𝜌𝑉2𝑆


𝑏𝐶𝑙, 𝛿𝑎 0 𝑏𝐶𝑙, 𝛿𝑟

0 𝑐𝐶𝑚,𝛿𝑒 0
𝑏𝐶𝑛, 𝛿𝑎 0 𝑏𝐶𝑛, 𝛿𝑟

 (8)

where 𝜌 is the local air density, 𝑉 true airspeed, 𝑆 wing surface area, 𝑏 wing span, and 𝑐 mean aerodynamic chord.
𝐶𝑙 , 𝐶𝑚, 𝐶𝑛 represent nondimensional roll, pitch, and yaw moment coefficients with 𝛿𝑎, 𝛿𝑒, 𝛿𝑟 aileron, elevator, and
rudder deflections. Inserting this into Eq. (6) yields the final INDI law as

Δ𝜹 =


𝑏𝐶𝑙, 𝛿𝑎 0 𝑏𝐶𝑙, 𝛿𝑟

0 𝑐𝐶𝑚,𝛿𝑒 0
𝑏𝐶𝑛, 𝛿𝑎 0 𝑏𝐶𝑛, 𝛿𝑟


−1 (

2J
𝜌𝑉2𝑆

)
(𝝂 − ¤𝝎0) = B−1

𝛿,𝑐

(
2J

𝜌𝑉2𝑆

)
(𝝂 − ¤𝝎0) (9)

where ¤𝝎0 is obtained by differentiating rate gyro measurements. This final expression dictates that at each time instance,
the difference between the desired and current angular moments is proportional to an incremental change in control
deflections through the CEM. The total control is obtained by adding the incremental change to the previous deflection
as 𝜹(𝑡𝑘) = 𝜹(𝑡𝑘−1) + Δ𝜹. In reality, the control derivatives contained in CEM are stored onboard the aircraft. This
onboard model (OBM) is utilized to calculate incremental deflections.

1. Impact of IMU and Actuator Faults on INDI
Reflecting on the derivation that led to the complete INDI law in Eq. (9), it is possible to specify three core

assumptions.
Assumption 1 The control actuators must be sufficiently fast (5-10 times system bandwidth) such that ¤𝝎 ≈ ¤𝝎0.
Assumption 2 ¤𝝎0 is either directly measurable or observable through other states.
Assumption 3 The onboard control effectiveness model is sufficiently accurate in representing the actual control
effectiveness of the aircraft s.t. B𝛿,𝑐 ≈ B𝑎𝑐𝑡 .

Satisfying Assumption 1 requires reasonably fast actuators. By extension, this also implies that actuators must
remain operational during flight, which can be invalidated by actuator failures. Recall Eq. (3), if the actuators are slow,
time scale separation cannot be applied, leading to

Δ𝒖 = G−1 (𝒙0, 𝒖0) [𝝂 − ¤𝒙0 − F(𝒙0, 𝒖0) (𝒙 − 𝒙0)] (10)

Then, the incremental law depends not only on control derivatives, but also on stability derivatives; consequently, the
OBM needs to cover the complete aerodynamic model. This negates one of the core advantages of INDI, which is its
lower model dependency compared to its non-incremental counterpart, NDI, and other feedback linearization methods.

Since ¤𝝎 is obtained by differentiating the rate gyro measurements, Assumption 2 is valid as long as IMU sensors do
not experience faults. When measurements are corrupted with Gaussian noise and time-varying faults, this leads to
𝜔𝑚,𝑘 = 𝜔𝑘 + 𝜉𝑘 + 𝑓𝑘 at time instance k, where 𝜔𝑚 represents the measurement, 𝜔 is the angular rate, 𝜉 is measurement
noise, and 𝑓 is the sensor fault. Differentiating rate gyro measurements using a first-order Euler method, with Δ𝑡 being
the interval between readings, yields

¤𝜔𝑘 =
(𝜔𝑘 + 𝜉𝑘 + 𝑓𝑘) − (𝜔𝑘−1 + 𝜉𝑘−1 + 𝑓𝑘−1)

Δ𝑡
(11)

Evidently, in case of constant faults, i.e. biases, 𝑓𝑘 ≈ 𝑓𝑘−1, meaning that these types of faults have little to no impact on
¤𝜔𝑘 . However, in case of time-varying faults, the difference 𝑓𝑘 − 𝑓𝑘−1 creates a fault residual that is amplified by the
differentiation process. Considering the INDI rate control law given in Eq. (9), this leads to

Δ𝜹 = B−1
𝛿,𝑐

(
2J

𝜌𝑉2𝑆

)
[𝝂 − ¤𝝎0 − ¤𝝃0 − ¤𝒇0] (12)
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where ¤𝝎0 denotes the angular rates. Consequently, these faults directly impact the control increment Δ𝜹. This can
cause drift, oscillations, and even loss-of-control depending on the nature of the faults. Hence, employing IMU fault
identification and correction methods is important in dealing with such faults in the context of INDI-based flight control.

B. Adaptive Incremental Nonlinear Dynamic Inversion
The principle of A-INDI is the in-flight estimation of the control derivatives that constitute the OBM. This is done

by calculating angular moments using sensor data and recursively fitting a polynomial model to these moments through
least-squares, ensuring that Assumption 3 is satisfied. For a symmetric aircraft, it is possible to estimate the angular
moments as follows:

𝐿̂ = 𝐼𝑥𝑥 ¤𝑝𝑐 − (𝐼𝑦𝑦 − 𝐼𝑧𝑧)𝑞𝑚𝑟𝑚 − 𝐼𝑥𝑧 ( ¤𝑟𝑐 + 𝑝𝑚𝑞𝑚) (13)

𝑀̂ = 𝐼𝑦𝑦 ¤𝑞𝑐 − (𝐼𝑧𝑧 − 𝐼𝑥𝑥)𝑟𝑚𝑝𝑚 − 𝐼𝑧𝑥 (𝑟2
𝑚 − 𝑝2

𝑚) (14)
𝑁̂ = 𝐼𝑧𝑧 ¤𝑟𝑐 − (𝐼𝑥𝑥 − 𝐼𝑦𝑦)𝑝𝑚𝑞𝑚 − 𝐼𝑧𝑥 ( ¤𝑝𝑐 − 𝑞𝑚𝑟𝑚) (15)

𝑝𝑚, 𝑞𝑚, and 𝑟𝑚 are the rate gyro measurements, whereas ¤𝑝𝑐, ¤𝑞𝑐, and ¤𝑟𝑐 are rotational accelerations calculated
by differentiation. By adhering to the same dimensionalization as Eq. (8), these moments can be expressed in a
non-dimensional form as:

𝐶̂𝑙 =
𝐿̂

𝜌̄𝑆𝑏
, 𝐶̂𝑚 =

𝑀̂

𝜌̄𝑆𝑐
, 𝐶̂𝑛 =

𝑁̂

𝜌̄𝑆𝑏
(16)

where 𝜌̄ is the dynamic pressure. Assume that 𝐶𝑙 , 𝐶𝑚, and 𝐶𝑛 are also available from an aerodynamic model. In
practice, this aerodynamic model is essentially an informed guess based on the available data pre-flight. It is possible to
take the difference between these two sets of angular moment expressions to generate moment residuals. For example,
for the rolling moment, 𝜀𝑙 = 𝐶𝑙 − 𝐶̂𝑙 . These moment residuals can be used in a recursive least-squares algorithm to
identify elements of the control effectiveness matrix, B̂𝛿,𝑐, during flight, as detailed in Section III.B.

1. Impact of IMU Faults on A-INDI
Referring to Eqs. (13-15), it is evident that using A-INDI to handle model mismatches requires IMU measurements,

making it susceptible to IMU faults similar to INDI. Faults contained in rate gyro measurements 𝑝𝑚, 𝑞𝑚, 𝑟𝑚 affect the
estimated moments 𝐿̂, 𝑀̂, 𝑁̂ , as well as the rotational accelerations ¤𝑝𝑐, ¤𝑞𝑐, ¤𝑟𝑐. This in turn influences the moment
residual 𝜀, leading to inaccuracies in control effectiveness estimation. Therefore, IMU faults affect not only the
linearization law, but also the adaptation process used to tackle actuator faults in INDI-based control.

III. Active-Adaptive INDI Formulation
This section introduces the Active-Adaptive Incremental Nonlinear Dynamic Inversion (AA-INDI) framework,

which consists of two main steps. The first step jointly tackles state estimation and IMU fault correction, while rejecting
turbulence. This is followed by a fault-corrected Adaptive INDI step, where the estimated states, angular accelerations,
and corrected IMU measurements are used to calculate angular moments. These moments are utilized in a variable
forgetting factor recursive least squares (VFF-RLS) algorithm to estimate and update the onboard control effectiveness
model (OBM) online. Figure 1 gives a global overview of this structure. The actuator faults affect both the actuators
and the aircraft aerodynamics, as explained in Section IV.A, while the IMU faults only affect the sensors.

A. State Estimation and IMU Fault Identification
In aircraft control, the standard method for state estimation/reconstruction is using Kalman filters, which require

prediction and measurement models. This study utilizes a non-exact aircraft kinematic model for state prediction based
on ground speed measurements to facilitate turbulence rejection. The model accepts IMU measurements as inputs,
which are corrupted by noise and time-varying faults.
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Outer Loop
Controllers

INDI 
Controller Actuators Sensors

IMU Faults

AircraftCommanded
Inputs

+

-

Optimal Two-Stage EKF
with

Higher-Order Sliding Mode
Differentiator

Angular Acc
Estimator

IMU Fault
Correction

Actuator Faults

OBM
VFF-RLS

Fault-corrected 
Adaptive INDI

State estimation and IMU fault correction

Fig. 1 Active-Adaptive INDI overview, modified from [14]

1. Non-exact Aircraft Kinematic Model
Consider a general nonlinear system characterizing an aircraft kinematic model

¤𝒙 ≈ 𝒇 (𝒙(𝑡), 𝒖𝑚 (𝑡), 𝑡) + G (𝒙(𝑡)) 𝝃 (𝑡) (17)
𝒚𝑚 (𝑡) = 𝒉 (𝒙(𝑡), 𝒖𝑚 (𝑡), 𝑡) + 𝒏(𝑡) (18)

where 𝒙 represents the system states, 𝒖𝑚 the measured system inputs, G is the noise distribution matrix, 𝒚𝑚 denotes the
measured system output, 𝒉 is the measurement model, 𝝃 and 𝒏 are input and measurement noise vector, both of which
are normally distributed and zero-mean. Following [23], define the variables of this kinematic model as

𝒙 =
[
𝑢𝑏
𝐺𝑆

𝑣𝑏
𝐺𝑆

𝑤𝑏
𝐺𝑆

𝜙 𝜃 𝜓
]𝑇 (19)

𝒖𝑚 =

[
𝐴𝑥𝑚 𝐴𝑦𝑚 𝐴𝑧𝑚 𝑝𝑚 𝑞𝑚 𝑟𝑚

]𝑇
=

[
𝐴𝑥 𝐴𝑦 𝐴𝑧 𝑝 𝑞 𝑟

]𝑇
+ 𝝃 + 𝒇 𝑖 (20)

𝒚𝑚 = [𝑢𝐺𝑆𝑚 𝑣𝐺𝑆𝑚 𝑤𝐺𝑆𝑚 𝜙𝑚 𝜃𝑚 𝜓𝑚]𝑇 = [𝑢𝐺𝑆 𝑣𝐺𝑆 𝑤𝐺𝑆 𝜙 𝜃 𝜓]𝑇 + 𝒏 (21)

𝒇 𝑖 = [ 𝑓𝐴𝑥 𝑓𝐴𝑦 𝑓𝐴𝑧 𝑓𝑝 𝑓𝑞 𝑓𝑟 ]𝑇 (22)

𝝃 =
[
𝜉𝐴𝑥

𝜉𝐴𝑦
𝜉𝐴𝑧

𝜉𝑝 𝜉𝑞 𝜉𝑟
]𝑇 (23)

𝒏 = [𝑛𝑢𝐺𝑆
𝑛𝑣𝐺𝑆

𝑛𝑤𝐺𝑆
𝑛𝜙 𝑛𝜃 𝑛𝜓]𝑇 (24)

where 𝑢𝑏
𝐺𝑆

, 𝑣𝑏
𝐺𝑆

, 𝑤𝑏
𝐺𝑆

are the ground speed components in the body frame, 𝜙, 𝜃, 𝜓 are the attitude angles, 𝐴𝑥 , 𝐴𝑦 , 𝐴𝑧

are the linear accelerations, 𝑝, 𝑞, 𝑟 are the rotational rates, and 𝑢𝐺𝑆 , 𝑣𝐺𝑆 , 𝑤𝐺𝑆 are the ground speed components. The
subscript "m" denotes the sensor-measured parameters. Therefore, the measured input, 𝒖𝑚 is expressed as the sum of
true values, 𝒖, IMU sensor noise 𝝃, and true IMU faults, 𝒇 𝑖 . Based on these variable definitions, the process model is
derived as follows [14]:

¤𝑢𝑏𝐺𝑆 ≈ 𝑣𝑏𝐺𝑆 (𝑟𝑚 − 𝑓𝑟 ) − 𝑤𝑏
𝐺𝑆 (𝑞𝑚 − 𝑓𝑞) + 𝐴𝑥𝑚 − 𝑔 sin 𝜃 (25)

¤𝑣𝑏𝐺𝑆 ≈ −𝑢𝑏𝐺𝑆 (𝑟𝑚 − 𝑓𝑟 ) + 𝑤𝑏
𝐺𝑆 (𝑝𝑚 − 𝑓𝑝) + 𝐴𝑦𝑚 + 𝑔 cos 𝜃 sin 𝜙 (26)

¤𝑤𝑏
𝐺𝑆 ≈ 𝑢𝑏𝐺𝑆 (𝑞𝑚 − 𝑓𝑞) − 𝑣𝑏𝐺𝑆 (𝑝𝑚 − 𝑓𝑝) + 𝐴𝑧𝑚 + 𝑔 cos 𝜃 cos 𝜙 (27)
¤𝜙𝑝 ≈ 𝑝𝑚 + (𝑞𝑚 − 𝑓𝑞) sin 𝜙 tan 𝜃 + (𝑟𝑚 − 𝑓𝑟 ) cos 𝜙 tan 𝜃 (28)
¤𝜃𝑝 ≈ 𝑞𝑚 cos 𝜙 − (𝑟𝑚 − 𝑓𝑟 ) sin 𝜙 (29)

¤𝜓𝑝 ≈ (𝑞𝑚 − 𝑓𝑞)
sin 𝜙

cos 𝜃
+ 𝑟𝑚

cos 𝜙
cos 𝜃

(30)

The non-exact nature of the model is apparent from the fault estimates, 𝒇 𝑖 . For example, in Eq. (25), since 𝑟𝑚 = 𝑟+𝜉𝑟+ 𝑓𝑟 ,
the total expression becomes 𝑟𝑚 = 𝑟 + 𝜉𝑟 + 𝑓𝑟 − 𝑓𝑟 . Given that 𝑓𝑟 ≠ 𝑓𝑟 , the expression is inevitably non-exact.
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The advantage of this process model is closely related to the state drift caused by IMU faults. Once again, focusing
on Eq. (25), one may notice that, unlike the pitch and yaw rate gyro measurements, the estimated faults in 𝐴𝑥𝑚 are
not subtracted from the measurement. This ensures that the drift in ¤𝑢𝑏

𝐺𝑆
is mainly caused by the faults in 𝐴𝑥𝑚 and

not by the other IMU sensors. Consequently, it is possible to identify the fault in the IMU sensor measuring 𝐴𝑥 , by
differentiating the drift in ¤𝑢𝑏

𝐺𝑆
. As explained in [14], this is feasible due to the flat nature of the process model. The

noise distribution matrix and the measurement model are available in [14, 23], and are not given here for conciseness.

2. Optimal Two-Stage Extended Kalman Filter
In Kalman filtering, the input fault identification problem is typically addressed by considering input faults as system

states. However, this results in a large state matrix, increasing computational complexity. To avoid this issue, the present
study adopts the optimal two-stage formulation of [22], which has been used in the past for aircraft state and fault
identification.

Following [14, 23], the output of the complete filter is expressed as follows:

𝒙̂𝑘 |𝑘 = 𝒙̄𝑘 |𝑘 + V𝑘 𝝁̂
𝑖
𝑘 |𝑘 (31)

P𝒙
𝑘 |𝑘 = P𝒙̄

𝑘 |𝑘 + V𝑘P𝝁𝑖

𝑘 |𝑘V𝑇
𝑘 (32)

𝒙̂𝑘 |𝑘 and P𝒙
𝑘 |𝑘 are the final state estimates and covariance, respectively, and V𝑘 is a blending matrix. These expressions

are essentially a linear combination of the two filter stages, where the first and second stages take place in parallel. The
first stage of the filter performs state estimation without addressing the IMU faults, allowing the states to drift. Using
the notation outlined in [14, 23]:

𝒙̄𝑘 |𝑘−1 = 𝒙̄𝑘−1 |𝑘−1 +
∫ 𝑡𝑘

𝑡𝑘−1

𝒇 (𝒙̄(𝑡), 𝒖𝑚 (𝑡), 𝑡) 𝑑𝑡 + 𝒖̄𝑘−1 (33)

𝒙̄𝑘 |𝑘 = 𝒙̄𝑘 |𝑘−1 + 𝑲 𝑥̄
𝑘

(
𝒚𝑚,𝑘 − H𝑘 𝒙̄𝑘 |𝑘−1

)
(34)

P𝑥̄
𝑘 |𝑘 =

(
I − 𝑲 𝑥̄

𝑘H𝑘

) (
𝚽𝑘−1P𝑥̄

𝑘−1 |𝑘−1𝚽
𝑇
𝑘−1 + Q̄𝑘−1

)
(35)

𝑲 𝑥̄
𝑘 = P𝑥̄

𝑘 |𝑘−1H𝑇
𝑘

(
H𝑘P𝑥̄

𝑘 |𝑘−1H𝑇
𝑘 + R𝑘

)−1
(36)

x̄𝑘 |𝑘−1 is the predicted state vector, 𝑲 𝑥̄
𝑘

is the Kalman gain of the states, P𝑥̄
𝑘 |𝑘−1 = 𝚽𝑘−1P𝑥̄

𝑘−1 |𝑘−1𝚽
𝑇
𝑘−1 + Q̄𝑘−1 is the

covariance matrix of the predicted states, 𝚽𝑘−1 is the discrete system transition matrix, 𝚪𝑘−1 is the discrete noise
distribution matrix, F𝑘−1 and H𝑘 are the Jacobians of the system and measurement model with respect to 𝒙̂𝑘−1 |𝑘−1. The
discretization of the system transition and noise distribution matrices is given as follows:

𝚽𝑘−1 = 𝑒F𝑘−1Δ𝑡 =

∞∑︁
𝑛

F𝑛
𝑘−1(Δ𝑡)

𝑛

𝑛!
, Δ𝑡 = 𝑡𝑘 − 𝑡𝑘−1 (37)

𝚪𝑘−1 =

∫ 𝑡𝑘

𝑡𝑘−1

𝚽𝑘−1G
(
𝒙̄𝑘−1 |𝑘−1

)
𝑑𝑡 (38)

Q𝑘 = 𝐸
{
𝝃 (𝑡)𝑇𝝃 (𝑡)

}
, R𝑘 = 𝐸

{
𝒏(𝑡)𝑇𝒏(𝑡)

}
(39)

Essentially, this stage of the filter resembles the discrete formulation of an extended Kalman filter, with the exception of
coupling terms Q̄𝑘−1 and 𝒖̄𝑘−1. The second stage deals exclusively with estimating the drift in state variables. Recall
the kinematic model given in Eqs. (25-30). For this, the drift in states can be expressed as:

𝝁̂𝑖 =
[
𝑢̂𝑏
𝐺𝑆,𝑑

𝑣̂𝑏
𝐺𝑆,𝑑

𝑤̂𝑏
𝐺𝑆,𝑑

𝜙𝑑 𝜃𝑑 𝜓̂𝑑

]𝑇 (40)

Drift estimation enables the recovery of states that are allowed to drift in the first stage of the filter and facilitates IMU
fault identification. Based on [14, 23], the equations for this stage are given as:

𝝁̂𝑖
𝑘 |𝑘 = 𝝁̂𝑖

𝑘 |𝑘−1 + 𝑲𝝁𝑖

𝑘

(
𝒚𝑚,𝑘 − H𝑘 𝒙̄𝑘 |𝑘−1 − S𝑘 𝝁̂

𝑖
𝑘 |𝑘−1

)
(41)

P𝝁𝑖

𝑘 |𝑘 =

(
I − 𝑲𝝁𝑖

𝑘
S𝑘

) (
P𝝁𝑖

𝑘−1 |𝑘−1 + Q𝝁𝑖

𝑘−1

)
(42)

𝑲𝝁𝑖

𝑘
= P𝝁𝑖

𝑘 |𝑘−1S𝑇
𝑘

(
H𝑘P𝒙̄

𝑘 |𝑘−1H𝑇
𝑘 + R𝑘 + S𝑘P𝝁𝑖

𝑘 |𝑘−1S𝑇
𝑘

)−1
(43)
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P𝝁𝑖

𝑘 |𝑘−1 = P𝝁𝑖

𝑘−1 |𝑘−1 + Q𝝁𝑖

𝑘−1 is the fault covariance matrix, 𝑲𝝁𝑖

𝑘
is the Kalman gain of the faults, Q𝝁𝑖

𝑘−1 is the fault noise
covariance matrix, and 𝝁̂𝑖

𝑘 |𝑘−1 = 𝝁̂𝑖
𝑘−1 |𝑘−1. In addition, some auxiliary definitions are written as:

Ū𝑘 = 𝚽𝑘−1V𝑘−1 + 𝚪𝑘−1 (44)

U𝑘 = Ū𝑘 +
(
Q𝒙𝝁𝑖

𝑘+1 − Ū𝑘Q𝝁𝑖

𝑘−1

) (
P𝝁𝑖

𝑘 |𝑘−1

)−1
(45)

𝒖̄𝑘 =
(
Ū𝑘+1 − U𝑘+1

)
𝝁̂𝑖
𝑘 |𝑘 (46)

Q̄𝑘 = 𝚪𝑘Q𝑘𝚪
𝑇
𝑘 − Q𝒙𝝁𝑖

𝑘
Ū𝑇

𝑘+1 − U𝑘+1

(
Q𝒙𝝁𝑖

𝑘
− Ū𝑘+1Q𝝁𝑖

𝑘

)𝑇
(47)

S𝑘 = H𝑘U𝑘 (48)
V𝑘 = U𝑘 − 𝑲 𝒙̄

𝑘S𝑘 (49)

Q𝒙𝝁𝑖

𝑘
depicts the correlation between the process and fault noise, which is equal to zero when faults are constant.

3. The Role of HOSM Differentiator
With the states and their drift estimated, the last step is identifying IMU faults. According to [14], the aircraft

kinematic model employed in this study is flat, meaning that the output is related to the state and the input through
differentiation and algebraic relations. This allows for the reconstruction of IMU faults by differentiating the drift
in state variables. However, since differentiation is an inherent noise amplifier, it is essential to employ a method
that can attenuate noise. To this end, this study uses a discrete and non-recursive higher-order sliding mode (HOSM)
differentiator. Within the scope of this work, HOSM offers inherent noise rejection capabilities and strong accuracy
[26, 27], while also reducing the initial condition sensitivity of OTSEKF in identifying IMU faults [14, 28]. The next
section introduces Adaptive INDI using corrected IMU measurements and angular accelerations.

B. Fault-Corrected Adaptive INDI
The second step of the Active-Adaptive INDI addresses actuator faults by updating the OBM online. As introduced

in Section II.B, this involves calculating angular moments using sensor data and recursively fitting a polynomial to
estimate control derivatives, which can be performed using a variable forgetting factor recursive least squares (VFF-RLS)
[24] algorithm.

1. Variable Forgetting Factor Recursive Least Squares
Assuming that IMU faults are identified in the previous step, it is possible to define a fault residual as 𝒇 𝑖 − 𝒇 𝑖 = 𝝐 𝑓 .

For gyro measurements, this leads to 𝝎𝑚 = 𝝎 + 𝝃 + 𝝐 𝑓 . Since 𝝐 𝑓 << 𝒇 𝑖 , this practically eliminates the impact of IMU
faults from angular moment computation. It should be noted that IMU fault identification requires several time steps to
converge, during which faults propagate into the moment residual in Eq. (53). However, since the identification is
sufficiently fast, the OBM estimation is not compromised. The angular moment coefficients can then be calculated
using Eq. (16). An important step in RLS implementation is the selection of a linear polynomial model. Although
using the actual aircraft structure from Eq. (58) is a natural choice for this model, this would be unrealistic since the true
aircraft model is typically unknown. Therefore, based on the known control layout of the aircraft, we assume that the
linear polynomial has the following form:

𝐶∗ = 𝐶∗𝐿𝐼
(𝛿𝐿𝐼 ) + 𝐶∗𝐿𝑂 (𝛿𝐿𝑂) + 𝐶∗𝑅𝐼 (𝛿𝑅𝐼 ) + 𝐶∗𝑅𝑂

(𝛿𝑅𝑂) + 𝐶∗𝑅𝑢𝑑
(𝛿𝑅𝑢𝑑) (50)

where 𝐶∗ represents 𝐶𝑙 , 𝐶𝑚, 𝐶𝑛, and 𝛿 denotes control surface deflections. The subscripts LI, LO, RI, RO, and Rud
stand for left inner, left outer, right inner, right outer, and rudders, respectively, as shown in Figure 2. Decomposing Eq.
(50), leads to the following regression and parameter vectors:

𝒂𝑘+1 =

[
𝛿𝐿𝐼 𝛿𝐿𝑂 𝛿𝑅𝐼 𝛿𝑅𝑂 𝛿𝑅𝑢𝑑

]
(51)

𝜽𝑘 =

[
𝐶∗𝐿𝐼

𝐶∗𝐿𝑂 𝐶∗𝑅𝐼
𝐶∗𝑅𝑂

𝐶∗𝑅𝑢𝑑

]
(52)
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Following this, the moment residual for the RLS algorithm can be calculated as:

𝜺𝑘+1 = 𝑦𝑘+1 − 𝒂𝑘+1 · 𝜽𝑘 = 𝒚𝑘+1 − 𝒚̂𝑘+1 (53)

𝒚𝑘+1 represents the reconstructed aerodynamic moments, 𝐶̂𝑙 , 𝐶̂𝑚, 𝐶̂𝑛, while 𝒚̂𝑘+1 contains the model-predicted moments.
Therefore, the moment residual is defined as the difference between the reconstructed moments and those predicted by
the model. The outline of the VFF-RLS algorithm is as follows [24]:

𝑲𝑘+1 = P𝑘𝒂
𝑇
𝑘+1

(
𝒂𝑘+1P𝑘𝒂

𝑇
𝑘+1 + 1

)−1
(54)

𝜆𝑘+1 = 𝑚𝑎𝑥

{
1 − Σ−1

0 (1 − 𝒂𝑘+1𝑲𝑘+1) 𝜀2
𝑘+1, 𝜆𝑚𝑖𝑛

}
(55)

𝜽𝑘+1 = 𝜽𝑘 + 𝑲𝑘+1𝜺𝑘+1 (56)

P𝑘+1 =
1

𝜆𝑘+1
(I − 𝑲𝑘+1𝒂𝑘+1) P𝑘 (57)

where 𝑲𝑘+1 is the RLS gain, P𝑘+1 is the parameter covariance, 𝜆 is the variable forgetting factor with 𝜆𝑚𝑖𝑛 is generally
set as a fixed value to ensure the forgetting factor does not become negative or near zero, which can occur when the
residual is large [29]. Σ0 acts as a scalar tuning parameter, influencing the aggressiveness of adaptation. Typically,
higher values result in slower, yet more robust convergence. In this study, Σ0 is chosen as 15 and 𝜆𝑚𝑖𝑛 is set to 0.25.

2. System Identification Maneuvers
In adaptive flight control design, system identification maneuvers play an important role. To facilitate a timely and

accurate parameter estimation, these maneuvers are used to generate information about the system of interest. To this
end, this study employs separate surface excitations (SSE) [30, 31]. In this, all control surfaces are asynchronously
excited using impulsive doublet inputs to quickly and distinctly identify the control derivatives. The SSE approach is
particularly suitable for online applications due to its low implementation complexity [32]. Nevertheless, alternative
approaches exist that utilize input signal optimization for parameter estimation [33, 34]. To avoid destabilizing the
aircraft, excitation magnitudes are kept small and applied only in stable flight regimes, away from the flight envelope
boundaries.

C. Outer Loop Controllers
The outer guidance loops accept C* parameter, roll rate, and sideslip as commanded inputs. Both the structure and

performance evaluation of these controllers are available in [35].

IV. Simulation Model and Setup
The simulation model used in this study belongs to a long-haul commercial flying wing concept called the Flying

V [36]. This model features four elevons, two rudders, and two engines, as shown in Figure 2. The elevons have a

Fig. 2 Flying V, modified from [37]

deflection limit of ±25◦ while the rudders have ±30◦. The sensor properties of this model are given in Table 1. The
aerodynamic model of the aircraft has the following structure [6]:

𝐶∗ = 𝐶∗0 + 𝐶∗𝛼 (𝛼) + 𝐶∗𝛽 (𝛽) + 𝐶∗𝑝∗ (𝑝
∗) + 𝐶∗𝑞∗ (𝑞

∗) + 𝐶∗𝑟∗ (𝑟
∗) + 𝐶∗𝛿𝑖 (𝛿𝑖) (58)
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Table 1 Sensor characteristics, adopted from [6]

Sensor Sampling rate, Hz Noise, 𝜎 Unit
𝑢𝐺𝑆𝑚 , 𝑣𝐺𝑆𝑚 , 𝑤𝐺𝑆𝑚 10 3.0 · 10−2 m/s

𝑉𝑡𝑚 100 0.5 · 10−2 m/s
𝛼𝑚, 𝛽𝑚 100 2.7 · 10−4 rad
𝜙𝑚, 𝜃𝑚 100 8.7 · 10−5 rad
𝜓𝑚 100 1.7 · 10−4 rad

𝐴𝑥𝑚, 𝐴𝑦𝑚, 𝐴𝑧𝑚 100 6.9 · 10−4 m/s2

𝑝𝑚, 𝑞𝑚, 𝑟𝑚 100 4.1 · 10−6 rad/s

where 𝐶∗ represents 𝐶𝑙 , 𝐶𝑚, 𝐶𝑛 while 𝑝∗, 𝑞∗, 𝑟∗ are nondimensional angular rates, and 𝛿𝑖 control surface deflections
with 𝑖 = 𝐿𝐼, 𝐿𝑂, 𝑅𝐼, 𝑅𝑂, 𝑅𝑢𝑑. Further details on the control layout, engines, aerodynamic model are available in [35].

A. Actuator Fault Modeling
Actuator faults are categorized into two as structural damage and hardover. Control surface damage directly

affects aircraft aerodynamics, while hardover represents an actuator failure with indirect but potentially more severe
aerodynamic consequences. As noted in [6, 38], structural damage to control surfaces results in decreased control
effectiveness. Consequently, assuming that the changes in mass and center-of-gravity are negligible, the fault can be
modeled by scaling the control effectiveness.

𝐶′
𝑘𝛿𝑖

= 𝐶𝑘𝛿𝑖
𝜇𝑖 , 𝜇𝑖 ∈ [0, 1] (59)

where 𝜇 indicates the scaling factor, 𝑘 = 𝑙, 𝑚, 𝑛 and 𝐶′ denotes the control derivative after the fault. Since the Flying V
model uses elevons instead of dedicated ailerons and elevators, this study specifically focuses on elevon hardover. This
type of fault has essentially two implications. First, since the surface becomes immobilized, it loses all effectiveness to
future control inputs. Furthermore, it generates additional moments that must be compensated for by the active surfaces.
It is possible to model the change in moments caused by this as [6]:

Δ𝐶𝑙 = 𝐶𝑙,𝑒Δ𝛿𝑒 Δ𝐶𝑚 = 𝐶𝑚,𝑒Δ𝛿𝑒 Δ𝐶𝑛 = 𝐶𝑛,𝑒Δ𝛿𝑒 (60)

where Δ𝛿𝑒 denotes the angular difference between the neutral control deflection needed to trim the aircraft and the
deflection where the surface is jammed.

B. Turbulence
All numerical simulations are online and performed under the effect of turbulence. To this end, a Dryden Turbulence

Model is used to generate wind speed components in the body-fixed frame. It is important to mention that initially wind
is defined in an Earth-fixed frame, which is then transformed into the body-frame via rotation matrices. This is preferred
for convenience, as the simulation model uses airspeed to define aircraft velocity. Figure 3 gives the components of
turbulence in the body-fixed frame.
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Fig. 3 Turbulent wind speed components in body frame, adopted from [14]
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C. Tracking Signals
Since the outer loop controllers accept the C* parameter and roll rate as inputs, the aircraft is commanded to track

these simultaneously, which essentially represents a banked pull-up maneuver. Complete details on the nature of these
tracking signals are available in [6].

V. Numerical Simulations and Discussion
This section presents all numerical simulation results and provides a discussion. The results are grouped under

two categories. The first is simultaneous actuator and rate gyro faults, and the second is simultaneous actuator and
accelerometer faults. Each group outlines the results for three different control configurations: 1) conventional INDI,
2) Adaptive INDI, and 3) Active-Adaptive INDI. The tracking results of all configurations are compared in a final
subsection. All simulations follow a similar sequence in terms of fault and model update activation. Figure 4 gives an
overview of the simulation timeline.

Actuator
Faults Start

Identification
Maneuver 1

Identification
Maneuver 2

Tracking
Starts

Tracking
Ends

A-INDI / Model Update Active

IMU FI and Correction Active

First IMU Fault Block Second IMU Fault Block

Fig. 4 Simulation timeline, modified from [6]

A. Simultaneous Actuator and Gyroscope Faults
The rate gyro faults occur in two time intervals, while the actuator faults start once and continue for the rest of the

simulation. Tables 2 and 3 provide an overview of the faults. In both INDI and Adaptive INDI, the two-stage filter
described in Section III.A.2 remains operational. This means that although IMU faults are not directly identified, any
resulting drift in state variables is corrected. Conversely, Active-Adaptive INDI not only corrects state drift but also
identifies and mitigates IMU faults.

Table 2 Rate gyro fault cases

Time, s Fault Sensor Magnitude Unit
Incipient 𝑝 −0.125(𝜋/360) (𝑡 − 10) rad/s

10 ≤ 𝑡 ≤ 30 Incipient 𝑞 1.5(𝜋/360) (𝑡 − 10) rad/s
Step 𝑟 −1.5(𝜋/360) rad/s
Step 𝑝 𝜋/360 rad/s

35 ≤ 𝑡 ≤ 55 Step 𝑞 2.5𝜋/360 rad/s
Sinusoidal 𝑟 2𝜋/180 sin(0.75𝜋𝑡) rad/s

Table 3 Actuator fault cases

Time, s Fault Actuator Scaling, 𝜇 Jammed position, deg
𝑡 ≥ 5 Elevon hardover Right inner elevon (RI) 0 25
𝑡 ≥ 5 Structural loss Left outer elevon (LO) 0.5 —
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1. INDI
This subsection presents the results for the control configuration without online CEM estimation and IMU fault

identification. Figure 5 shows the control deflections and attitude angles. Starting with the control surfaces, at around 5
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Fig. 5 Control deflections and true attitude angles for INDI

seconds, the right inner (RI) elevon quickly drifts to its deflection limit and remains immobile for the rest of the flight,
which accurately presents hardover. The remaining elevons do not saturate, although the effectiveness of the left outer
(LO) elevon is halved. The rudders begin to show intermittent saturation after approximately 35 seconds, which aligns
with the sinusoidal fault observed in the yaw rate gyro. All attitude angles exhibit some degree of oscillation. Since
the command module applies a simultaneous roll rate and C* input, a change in attitude angles is expected. However,
the consistent decrease in pitch indicates that if the simulation continues, the aircraft control will likely be lost due to
destabilization.

2. Adaptive (A) INDI
In this configuration, the online CEM estimation is active while IMU fault correction is disabled. Figure 6 presents

the control deflections and attitude angles. Although the overall trend is quite similar to the previous case, the oscillations
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Fig. 6 Control deflections and true attitude angles for A-INDI

in attitude angles are slightly smaller. Compared to INDI, a notable difference in control deflections is that the deflection
of the left outer elevon is larger. This happens because the online CEM estimation accounts for the reduced effectiveness
of this surface, informing the controller to increase deflection to achieve the desired moment, which eliminates the need
to compensate for the missing moment. Figure 7 shows the true and estimated control derivatives for the faulty surfaces.
An initial transient is observed for all estimated moments, which is expected because the excitation at the beginning is
insufficient for reliable parameter estimation. However, once the first identification maneuver starts at 10 seconds, the
estimated values quickly converge to the true values. The transient does not negatively impact the aircraft since the
model update only starts after 20 seconds, allowing sufficient time for the estimates to converge. For better visibility,
zoomed plots next to each figure highlight the difference between true and estimated CE values (note the different y-axis
scale in the zoomed figures). The absence of IMU fault correction does not negatively affect the convergence of the
estimates. The reason is that the elements of the parameter vector defined in Eq. (52) remain unaffected by IMU faults.
Estimation of control derivatives 𝐶∗𝛿𝑖 remains reliable as long as the actual control surface deflections, 𝛿𝑖 , are accurately
measured. This is an inherent characteristic of the adopted regression model. For systems with regression models that
rely on IMU measurements to identify control derivatives, IMU faults will directly impact the estimation results.
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Fig. 7 CE estimation results of faulty surfaces for A-INDI

3. Active-Adaptive (AA) INDI
This last configuration refers to the solution proposed in this paper, where both online CEM estimation and IMU

fault correction are active. Figure 8 shows the control deflections and the true attitude angles. Compared to the previous
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Fig. 8 Control deflections and true attitude angles with AA-INDI

cases, the rudders do not saturate, which leaves margin for further maneuverability. That being said, the control activity
is higher, as evidenced by the small-amplitude high-frequency oscillations observed throughout the simulation. The
attitude angles also show improvement. The roll angle is visibly less oscillatory, except for three small jumps caused
by the fault injection and identification maneuvers during the first 20 seconds. Although smaller, the yaw channel
retains some fluctuations. Unlike previous configurations, the pitch does not plummet to negative values, and it remains
between 0 and 10 degrees. This implies that the aircraft continues safe flight and is away from destabilization. The
control effectiveness estimates behave similarly to the previous case; hence, the figure is not repeated in this section.
Figure 9 presents the true and estimated rate gyro faults. In general, estimates follow the time-varying faults quickly and
accurately. However, for the pitch rate gyro, there are some fluctuations during the second IMU fault stage between
35 and 55 seconds. Recalling Eq. (29), this can be explained by the coupling between the yaw and pitch rates. Since
𝑟𝑚 = 𝑟 + 𝜉𝑟 + 𝑓𝑟 , the second part of the equation becomes (𝑟 + 𝜉𝑟 + 𝑓𝑟 − 𝑓𝑟 ) sin 𝜙. As explained in Section III.A.1, since
fault estimation is not exact, the difference ( 𝑓𝑟 − 𝑓𝑟 ) creates a residual proportional to sin 𝜙. Given that the roll angle is
approximately 30 degrees in this part of the simulation, 𝜖𝑟 is roughly calculated as ( 𝑓𝑟 − 𝑓𝑟 )/2. The residuals are present
in all elements of the process model; however, they are mainly an issue for sinusoidal faults. As explained in [14], even
a small time delay in fault estimation can generate a substantial sinusoidal residual. The issue can be partially resolved
by increasing the sampling rate, although this is not always possible for online applications. Lastly, Figure 10 compares
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Fig. 9 True and estimated rate gyro faults
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Fig. 10 Measured, estimated, and true OTSEKF states

the measured, estimated, and true aircraft states used in the process model. In most cases, the state estimation follows
the true values quite closely, indicating a successful drift compensation. The body-frame ground speed components
show minor drift, with the forward speed being the most affected. Two factors cause this phenomenon. The first is the
cross-couplings of faults and imperfections in fault estimation, while the second is the low update rate of GPS sensors.
As shown in Table 1, while most sensors run at 100 Hz, GPS operates at 10 Hz, which is a realistic characterization of
GPS sensors. Although omitted here for conciseness, using estimated states in the feedback loop instead of measured
states has negligible impact on performance.

4. Tracking Comparison
This section compares the tracking results of all control configurations. Figure 11 presents the roll rate and C*

tracking responses. For both signals, INDI and A-INDI show significant drift and fluctuations, failing to track the
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signals effectively. The performance of INDI appears to be slightly worse than that of A-INDI with larger oscillations
and transients. On the other hand, AA-INDI clearly outperforms both INDI and A-INDI, as it tracks the signals
accurately without drift. Although some oscillations remain, they are much smaller in comparison. All methods show
three distinct jumps during the first 20 seconds, which are caused by actuator fault injection at 5 seconds, and two
identification maneuvers at 10 and 18 seconds, as shown in Figure 4. Table 4 provides a performance comparison using
root-mean-square-error (RMSE) between the responses and the tracking signals. Expectedly, employing AA-INDI
significantly improves tracking performance compared to both INDI and A-INDI. This highlights the role of IMU fault
identification and correction in simultaneously addressing IMU and actuator faults within INDI-based flight control.
AA-INDI improves RMSE by 53% in roll rate and 60% in C* tracking compared to INDI.
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(b) C* tracking comparison

Fig. 11 Tracking results under gyro and actuator faults

Table 4 Tracking response comparison

Controller Roll rate RMSE, deg/s C* RMSE
INDI 1.242 0.496

Adaptive INDI 1.033 0.454
Active-Adaptive INDI 0.580 0.199

B. Simultaneous Actuator and Accelerometer Faults
This section presents simulation results with simultaneous actuator and accelerometer faults. The actuator faults

match those in Table 3, while the accelerometer faults are listed in Table 5. For conciseness, this section only shows

Table 5 Accelerometer fault cases

Time, s Fault Sensor Magnitude Unit
Step 𝐴𝑥 2 m/s2

10 ≤ 𝑡 ≤ 30 Incipient 𝐴𝑦 −0.1(𝑡 − 10) m/s2

Step 𝐴𝑧 -3.75 m/s2

Sinusoidal 𝐴𝑥 2 sin(𝜋𝑡) m/s2

35 ≤ 𝑡 ≤ 55 Step 𝐴𝑦 2.5 m/s2

Incipient 𝐴𝑧 0.1875(𝑡 − 35) m/s2

the tracking comparison. Based on Figure 12, the roll rate responses are close for almost all control configurations,
with INDI showing slightly higher overshoot. During identification maneuvers, AA-INDI exhibits a marginally larger
jump. On the other hand, in C* tracking, both INDI and A-INDI show significant drift and large spikes. However, as
expected, A-INDI is less oscillatory in transient response compared to INDI. Furthermore, AA-INDI successfully tracks
the reference without drift, but appears to be moderately noisier. Lastly, Table 6 provides a performance comparison
using RMSE. As anticipated, the roll rate tracking results are similar with no significant improvement in performance.
In fact, AA-INDI slightly underperforms compared to A-INDI. This is likely caused by the larger jump of AA-INDI
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during the second identification maneuver. However, there is a clear performance improvement of 40% in C* tracking
with AA-INDI compared to INDI.
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Fig. 12 Tracking results under accelerometer and actuator faults

Table 6 Tracking response comparison

Controller Roll rate RMSE, deg/s C* RMSE
INDI 0.536 0.293

Adaptive INDI 0.475 0.291
Active-Adaptive INDI 0.518 0.175

VI. Conclusions
This paper examines the impact of simultaneous inertial measurement unit (IMU) and actuator faults on Incremental

Nonlinear Dynamic Inversion (INDI)-based controllers and proposes an active fault-tolerant control system for mitigating
such faults in turbulent flight conditions. The proposed Active-Adaptive (AA) INDI method provides significant
improvement in C* and roll rate tracking compared to conventional and Adaptive INDI, thanks to the two-stage Kalman
filtering approach. For simultaneous rate gyro and actuator faults, AA-INDI achieves up to 53% improvement in roll
rate and 60% improvement in C* tracking compared to INDI. For simultaneous accelerometer and actuator faults,
it provides 40% improvement in C* tracking compared to INDI, with no visible improvement in roll rate. A few
limitations of this method include persistent cross-couplings in the process model used in the two-stage filter and the
need for both excitation maneuvers and an accurate polynomial model to facilitate control effectiveness estimation. This
work demonstrates the vulnerability of INDI controllers to actuator and IMU faults, and emphasizes the importance of
fault-tolerant control systems for flight safety.
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