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Abstract— This article presents a novel Auto-encoder-enabled
fault resilient multi-sensor fusion architecture while incorporat-
ing an extended Kalman filter framework. The auto-encoder
facilitate reconstruction of the faulty measurements from mul-
tiple onboard sensors, while the centralized extended Kalman
filter enables an accurate fusion architecture. Moreover, the
process is capable of successfully eliminating the additive noise
appearing from the raw sensor data. The proposed method
provides a robust reconstruction mechanism in the presence of
time-dependent anomalies and faulty sensor measurement. The
efficacy of the proposed scheme is extensively evaluated in the
context of pose estimation for a micro aerial vehicle equipped
with multiple onboard sensors. In addition, the evaluation
process incorporates various realistic failure scenarios with
artificially introduced inaccurate measurements. The superior-
ity of the proposed Auto-encoder enabled centralized Kalman
filter (AEKF) fusion is demonstrated through an extensive
comparison with a recently developed Fault Resilient Optimal
Information Filter (FROIF) method.

Index Terms— Auto-encoder, FROIF, Kalman Filter, Aerial
Robot, White Gaussian Noise.

I. INTRODUCTION

A group of sensors may fail to provide accurate informa-
tion in many areas of field robotics involving an environment
that typically presents various difficulties or adversities [1].
For example, in the absence of sufficient illumination con-
ditions, for some part of the surrounding environment, or in
the presence of dust particles [2], [3]. Usually, the visual
sensors fail to determine the position and orientation of a
robotic platform in such a situation, where laser/infrared
technology-based sensors could provide additional sensorial
information for overcoming this issue [4]. One of the most
challenging problems in such a context is the pose estimation
of a Micro Aerial Vehicle (MAV) using multiple redundant
sensors, where related sensor fusion schemes are utilized to
enhance the overall accuracy but also to ensure adequate
resiliency at the same time. In general, failure scenarios of
the sensor in measurements can be viewed as an abnormal
behaviour or deviations from the actual value and could
therefore be regarded as outliers.

Generally, signal processing analysis techniques are based
on the patterns of sensor measurements concerning time [5].
In this case, signals or sensor measurements can consist of
standard signals and a few different types of faults, such
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as drift faults for a short-term (e.g. 50 to 100 samples),
drift faults for a long-term (e.g. more than 1000 samples)
or multiple drift faults at separate time intervals with excess
noise. In addition, multi sensor fusion approaches based on
estimation theory and especially centralized [6] and decen-
tralized fusion [7] approaches using the extended Kalman
filter have been used often to get an accurate pose. Though
these methods are not sufficient for fault detection and
isolation, thus FROIF is introduced as a decentralized fusion
framework, incorporating fault detection and isolation frame-
work as it has been presented in [8]. In general, anomaly de-
tection is a challenging task and many approaches have been
established in the field of e.g., signal processing [9], [10],
state estimation [11], machine learning [12], statistics [13],
data mining [14]) for the purpose of outlier detection as well
elimination. Therefore, one of the crucial job is to chose
one of the method based on the various pattern of faults,
faced in real-world applications. The quality of a neural
network for classifying information has also been utilized
to identify the anomaly in time-series signals. The most
popular training method for neural networks is the back-
propagation algorithm for feed-forward Neural networks.
An Auto-encoder configuration [15] can produce synthetic
reconstructed outputs, and it can detect the abnormalities
or the deviation in the measurement signal and based on
the training of the neural network, it adopts the actual pose
patterns of that vehicle, while accordingly is able to repair
the faulty part of the signal. As it will be presented in the
sequel, those synthetic estimated poses can be useful for the
multi-sensor fusion, especially in the cases of sensorial faults.

In light of the presented background, this article aims
to establish a novel Auto-encoder-based fusion approach,
incorporating the concept of an extended Kalman filter for
estimating the pose of a manually operated MAV as the use
case under consideration. Thus, the significant contributions
of this article are: a) Design of a unique AI-based fusion
approach for various ranges of the anomaly to automat-
ically identify the faulty sensor’s measurement for each
instant, b) Developing synthetic measurement data samples
that immensely resemble faultless signals when the raw
measurements consist of multiple deviations, c) Employing
a multi-input and multi-output extended Kalman filter as a
central node to integrate all synthetic poses appearing from
the Auto-encoder outcomes, d) Performance evaluation of the
proposed Auto-encoder based extended Kalman filter fusion
(AEKF) with the help of actual sensor measurements assum-
ing various fault scenarios and comparing the performance
with FROIF [8]. The rest of the article continues with a
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discussion of the problem formulation in Section II, followed
by a comprehensive explanation of the Auto-encoder based
Kalman filter (AEKF) framework in Section III. Section IV
presents the experimental results demonstrating the method’s
efficiency, followed by its conclusion in Section V.

II. PROBLEM FORMULATION

A MAV with a multi-sensorial suit consists of an IMU, a
3D-Velodyne Puck LITE Lidar, a Real-sense camera T265
and an Ultra wide-band. In this case, the acceleration and
angular velocity is provided by the IMU and is used as the
control inputs. Intel’s real-sense camera T265, along with an
IMU from Pixhawk 4 flight controller, is used to provide
a visual odometry [16], and the 3D-lidar point clouds are
also integrated with an IMU for Lidar Inertial Odometry
(LIO) [16]. As shown in Fig. 1, the sensors mentioned above
are attached in the body-fixed frame XB − YB − ZB of
the MAV. The position of the MAV is described by the
conventional East-North-Up (ENU) world frame. Ultimately,
the goal is to build a unique and AI-based autonomous
estimation incorporating the concept of Auto-encoders to
reconstruct the raw measurement signal in the time of fault
and a classical extended Kalman filter to calculate the most
accurate and noiseless MAV pose. The following nonlinear

Fig. 1: A schematic representation of the frame of
references, the subscript W indicates the global frame and

B indicates the body frame

kinematic model for the MAVs is considered as in [17],
where the equations of motion are given as:

ṗ = v

v̇ = RW
B (q) (am − ab − an) + g

q̇ =
1

2
q⊗ (ωm − ωb − ωn) (1)

ȧb = aω

ω̇b = ωω

ġ = 03×1

with p ∈ R3×1 represents the position, v ∈ R3×1 represents
the velocity, while q ∈ R4×1 denotes the quaternion for
orientation of the MAV. The acceleration and body rates
are considered as the input to the kinematic model, am and

ωm are measured from an IMU. However, consecutive noisy
measurements are stored from the sensors that include a
sensor bias as well. ab ∈ R3×1 represents the accelerometer
and ωb ∈ R3×1 represents the gyroscopic bias terms, an and
ωn signify the additive noise for the acceleration and the
angular rate noise respectively and g ∈ R3×1 indicates the
gravitational acceleration acting on the MAV. aω ∈ R3×1 and
ωω ∈ R3×1 are the accelerometer and the gyroscopic process
noise respectively. The rotation matrix RW

B (q) ∈ SO(3) is
introduced to perform the frame transformation from the
body to the world frame. The equations of motion for the
MAV are expressed in a compact mathematical notation with
the following generalized form, provided as:

Ẋ = f(X,um, w) (2)
yt = [I7×7 | 07×12]Xt (3)

In the experiment, state vector of the MAV is represented as
X = [p, v, q, ab, ωb, g]

T ∈ R19×1, the measured input with
noise is based on IMU reading and indicated as um ∈ R6×1

and w ∈ R6×1 represents the random process noise.

III. METHODOLOGY

In this article, an Auto-encoder based Extended Kalman
filter is demonstrated. A framework of three main layers and
a few sub-layers provides a more accurate and noiseless pose
than the other fusion methods often used for the multi-sensor
fusion, especially when the measurement signals contain
multiple faults and excess noise. Essentially, there are three
layers as depicted in Fig 2: the first module or sensor module
that provides raw measurement data (position and orientation
information of the MAV), secondly, the auto-encoders and
the last layer consist of the extended Kalman filter that
fuses all the reconstructed outputs in a single node appearing
from the second layer (Auto-encoders). This article employs

Fig. 2: Schematic representation of Auto-encoder enabled
Extended Kalman Filter

the supervised auto-encoder to reconstruct the faulty signal
where a Vicon motion capture system provides the ground
truth. Thus, the Vicon motion camera pose is used to train
the auto-encoders, as illustrated in the Figure 3. Once the
neural network of the auto-encoders has adopted the actual
signal pattern’s behaviour, it will eventually be able to
generate more accurate position and orientation signals. Each
Auto-encoder consist of three separate neural network layers
that are the encoders, coders, and decoders. The primary
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Fig. 3: Illustrative training mechanism for a three-layer
auto-encoder structure

objective is to reduce the order of the input data samples by
extracting features with low dimensions. The Auto-encoder’s
input signal can undergo a compression in codes with lower
dimensions when it passes through the encoder section. An
encoder transforms the input into the more abstract feature
vectors, and a decoder reconstructs the information from the
feature vectors and yields the synthetic data samples. Fig. 2
represents the fundamental auto-encoder configuration that
is embedded with the extended Kalman filter and output
synthetic data samples are fed back to the Kalman filter
module for the correction steps. Each auto-encoder is utilized
in Eq. 4 and Eq. 5 to reconstruct the input signal(x). In
Eq. 4 the input(x) is multiplied by the optimal weight z(1)

by using a back-propagation learning algorithm and added
with the bias b(1). These two terms provide the function h(1)

and the output variable z(1) is sent to the second layer of the
activation function, which is denoted as h(2) in Eq. 5. Hence,
The reconstructed estimated signal x̂ is produced with the
help of the second layer of the activation function h(2).

z(1) = h(1)(w(1)x+ b(1)) (4)

x̂ = h(2)(w(2)z(1) + b(2)) (5)

Centralized Extended Kalman filter: In discrete-time
nonlinear dynamical systems, the Extended Kalman Filter
effectively calculates the approximate maximum-likelihood
estimates and eventually, the EKF is employed with a multi-
dimensional input and output framework to remove noise
from the Auto-encoders’ reconstructed poses and combine all
positions and orientations in a single node. Fig. 2 depicts the
input and output signals of the Auto-encoder based extended
Kalman filter. The equations of motion for the manually
flown MAVs are represented mathematically by Equ. 6a and
Equ. 6b
System Dynamics:

xk = fk−1(xk−1, uk−1, ωk−1) (6a)
yk = hk(xk, vk) = [I7×7 | 07×12]xk + vk (6b)

Whereas k represents the discrete-time instants and the
model inaccuracy is addressed by considering a process
noise ωk ∈ R19. Additionally, a measurement noise vector

vk ∈ R7 is introduced in Eq. (6b) to describe a realistic
output model, under the influence of noisy measurements
from embedded sensors. The process and measurement noise
are assumed to follow the Gaussian distribution as:

ωk ∼ N (0, Qk), vk ∼ N (0, Rk) (7)

where Qk and Rk denotes the process noise co-variance ma-
trix and the measurement noise co-variance matrix, respec-
tively. The mathematical operator E denotes the expectation
and the superscript T indicates the transpose. Initiating with
an primary prediction of a posteriori estimate x̂+

0 = E(x0)
and P+

0 = E[(x−x̂+
0 )(x−x̂+

0 )
T ], along with the assumption

in Equation (7), the central node of EKF is described as the
following prediction-correction formalism:
Prediction Steps:

x̂+
0 = E(x0), P

+
0 = E[(x− x̂+

0 )(x− x̂+
0 )

T ] (8a)

x̂−
k = fk−1(x̂

+
k−1, uk−1, 0) (8b)

Kk = P−
k HT

k (HkP
−
k HT

k +RT
k )

−1 (8c)

P−
k = FkP

+
k FT

k + LkQk
Lk (8d)

where the ‘+′ symbol is used to denote an a priori estimate,
the ‘−′ symbol is designated to a posteriori estimate, The
Jacobian matrices are defined as:

Fk =
∂fk−1

∂xk
, Lk =

∂fk
∂uk

, Hk =
∂hk

∂xk
(9)

while the inputs excitation uk (linear acceleration and angu-
lar velocity), used in the prediction process, are essentially
obtained from the IMU measurements.
Correction Steps:

x̂+
k = x̂−

k +Kk[yck − hk(x
−
k , 0)] (10a)

P+
k = (I −KkHk)P

−
k (10b)

where, the measurement vector (yck ) is described as:

yck ∈ R21×1 = [p̂
LIO

, q̂
LIO

, p̂
V IO

, q̂
V IO

, p̂
UWB

, q̂
IMU

]
T

(11)
Since the EKF central node removes the noise from the
Auto-encoder measurements, the reconstructed measure-
ments (p̂, q̂) from the multiple sensors are taken into account
collectively as a multi-output (yck ) in the Eq. 11, In addition,
the measurement noise co-variance matrix Rk, Kalman gain
Kk, and output gradient Hk are reconsidered.

IV. SIMULATION RESULTS

A manually operated MAV equipped with multiple pose
sensors onboard is flown through an approximate rectangular
trajectory. The measurement data collected from various
onboard sensors are used to evaluate the uniquely proposed
localization framework considering the Auto-encoder-based
Kalman filter scheme. In order to demonstrate the resiliency
of the proposed AEKF pose estimation approach, simulated
pseudo faults are considered to be artificially introduced
in different sensor measurement data over multiple time
instants. In this experiment, the absences of the proper
illumination and presence of dust particle in the environment
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creats faults in measurements coming from the sensor like
Real-sense camera whereas Lidar and UWB can provide
the faultless measurement signals. The accuracy of the es-
timated pose obtained from AEKF are compared with the
outcomes from a highly accurate VICON motion capture
system, comprised of 19 cameras, which yields a precision
in the sub-millimetre range, serving as the ground truth.
Moreover, a comparison of the proposed AEKF method
with the recently developed fault-tolerant multi-sensor fusion
approach FROIF [8] is presented. Unlike FROIF, which
explicitly embeds an analytical optimization framework for
fault detection and isolation features, the proposed AEKF
emphasizes neural-network-based autoencoders that have the
capability to reconstruct the signal so that the signal with
fault is regenerated to fix the error. Eventually, it provides
such signals that effectively eliminates underlying fault and
measurement noise. As a result, the fusion with such re-
generated signals essentially provides a pose estimation free
from faulty measurements. Four different realistic situations
are considered in the present analysis to extensively demon-
strate the resiliency of the AEKF in the presence of faulty
measurement as follows:

• Case-1: Without faults No artificially created fault is
introduced in the sensor measurements.

• Case-2: Temporal faults for shorter period of time in
single sensor A pseudo-temporal failure is introduced
between (20 − 20.2)s and (45 − 45.2)s in the Visual
Odometry (VIO) while all other measurements are
unaffected.

• Case-3: Multiple temporal fault with shorter and
longer period of time in multiple sensor mea-
surements Pseudo temporary erroneous measures are
introduced between (20 − 20.2)s, (25 − 25.5)s, and
(30 − 30.5)s in Visual Odometry(VIO). In addition,
UWB is corrupted during (40−40.5)s and (50−50.2)s.
In contrast, the measurements from all other sensors
remain unchanged.

• Case-4: Multiple temporal failure in Multiple sensor
with excess noise Pseudo temporary erroneous mea-
sures are introduced between (20−20.2)s, (25−25.5)s,
and (30− 30.5)s with additional white Gaussian noise.
In addition, UWB is corrupted during (40−40.5) s and
(50 − 50.2)s. In contrast, the measurements from all
other sensors remain unchanged

Thus, the poses appearing from the Vicon camera are
used once to train the neural networks involved in the auto
encoder. Fig 3 depicts the schematics of data flow during
the training process of an Auto-encoder. However when the
auto encoders cope up with the pattern of the measurement
signals, it has been used for generating the synthetic data
samples from raw measurement signals. Afterward, those
synthetic data samples are collectively fused in single node
using the extended Kalman filter, as mentioned in section III.

In the centralized EKF, the process and measurement
noise covariances are considered as Qk = 10× I19×19,
Rk = 1000 × I21×21 respectively. The initial state X0 =

Fig. 4: Case-1: Variation of estimated trajectory obtained
from AEKF, FROIF and Vicon based ground truth

Fig. 5: Case-1: Time history of estimated MAV positions
using AEKF and FROIF

[01×6, 1, 01×11, 9.81]
T and initial error co-variance is consid-

ered as P0 = I19×19. The pose of the MAV is estimated using
AEKF and a comparison with FROIF [8] is presented along
with the ground truth trajectory obtained from Vicon camera.
All raw data measurement samples in Case-1 are considered
almost accurate and faultless, and the estimated trajectory
is shown in Fig. 4. In addition, estimated transnational
position and orientation of the MAV are the component wise
presented in Fig 5 and Fig 6 respectively. It can be observed
from the Figs. 5 6 that the pose estimation from AEKF and
FROIF are fairly comparable when we considered no faults
in the real sensor measurements. Figs 7 and 8 presented semi
logarithmic Root Mean Square Error (RMSLE) between the
pose observed from the Vicon motion capture system and
the associated estimated pose using the proposed AEKF.
Figure 9 represents the performance of AEKF and FROIF
associated with the conditions for Case 2, which deals with
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Fig. 6: Case-1: Variation of estimated orientation of MAV
in Euler angles using AEKF and FROIF

Fig. 7: Case-1: Root Mean Square Error in
semi-logarithmic scale for estimated positions

multiple faults appeared in the raw data measurement in
different operation period. However, the condition depicted
here considers the presence of faults in visual odometry only,
which is appearing at different operating times at (20−20.2)s
and (45−45.2)s respectively. Estimated pose obtained based
on AEKF and FROIF for the above mentioned scenario
is presented in Fig 10. In the sequel the performance is
compared with the ground truth poses, thus Fig 11 and 12
depict the RMSE performance in semi-logarithmic scale. It
can be observed that the performance of proposed AEKF is
comparatively superior when fault occurs in visual odometry
measurements. Apart from the above mentioned scenario the
present analysis have considered two more distinct cases. In

Fig. 8: Case-1: Root Mean Square Error in
semi-logarithmic scale for the estimated orientation

Fig. 9: Case 2: Variation of estimated trajectory obtained
from AEKF, FROIF and ground truth, in presence of

temporary failure in VIO measurements

Case-3, multiple sensor failures (for the present study both
VIO and UWB) are introduced in different operating points.
Figure 13 represent the performance of AEKF and FROIF
for the multiple sensor failure scenarios. Correspondingly,
the variation of RMSLE are presented in Figs. ( 15-18). One
can observe that the estimation errors obtained from AEKF
are more negative compared to the FROIF based estimation.
According to RMSLE analysis, the more negative error in the
logarithmic scale represents relatively accurate estimation.
Eventually, it is evident from the performance( 15-18) of the
proposed AEKF that it can provide a resilient and precise
pose estimation which is very close to the ground truth
under a variety of sensor failure scenarios. A more realistic
condition with highly noisy measurement data along with
multiple sensor failure is considered for the Case 4. Addi-
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Fig. 10: Case-2: Time history of estimated MAV positions
using AEKF and FROIF

Fig. 11: Case 2: Logarithmic Root Mean Square Error in
estimated position, in presence of temporary failure in VIO

tional Gaussian noise with zero mean and vk ∼ N (0, 0.1)
variance is injected artificially into the measurement data to
demonstrate the effectiveness of AEKF in the presence of
high noisy environment. Moreover, it can be concluded from
the simulation results that the AEKF is more resilient than
the FROIF when multiple faults occur in different sensor
measurements along with presence of excess noise.

V. CONCLUSION

In this article, an Auto-encoder based fusion framework
(AEKF) is presented with simulation results. The proposed
framework with three principal layers and a few sub-layers
achieves a more accurate and noiseless pose than with the

Fig. 12: Case 2: Logarithmic Root Mean Square Error in
estimated orientation, in presence of temporary failure in

VIO

Fig. 13: Case-3: Estimated trajectory with temporal failure
in VIO and UWB at different operating points

other fusion method often used for the multi-sensor fusion,
especially when the measurement signals are subject to mul-
tiple faults. However, few failure scenarios in measurement
signals are artificially integrated to prove the effectiveness
of the proposed method. Significantly, the performance of
AEKF is compared with FROIF for checking the resiliency
during situations when the fault occurs in multiple operating
times in a single sensor or multiple sensors corrupted from
heavy noise. Multiple pose information, appearing from the
Auto-encoder, are integrated at a single node using the EKF
to create more accurate and noiseless estimated poses for the
MAV. All the outcomes are integrated using the EKF, and
thus the proposed framework could be called a centralized
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Fig. 14: Case 4: Estimated orientation with temporal
failures VIO and UWB measurements and additive noise

Fig. 15: Case 4: Variation of estimated trajectory with
temporal failure in VIO and UWB and additive noise

Kalman filter based fusion approach. Various possible faults
that can be occurred during the measurements are considered
in this article to evaluate the method’s effectiveness. Hence,
from the comparative results, the proposed Auto-encoder-
based centralized Kalman filter fusion approach (AEKF)
outperforms the Fault resilient optimal information filter
(FROIF) for various anomaly ranges with excess noise.
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