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ABSTRACT State estimation has long been a fundamental problem in signal processing and control areas.
The main challenge is to design filters with ability to reject or attenuate various disturbances. With the arrival
of Big Data era, the disturbances of complicated systems are physically multisource, mathematically het-
erogenous, affecting the system dynamics via isomeric (additive, multiplicative, and recessive) channels, and
deeply coupled with each other. In traditional filtering schemes, the multisource heterogenous disturbances
are usually simplified as a lumped one so that the “single” disturbance can be either rejected or attenuated.
Since the pioneering work in 2012 (Guo and Cao, 2012), a novel state estimation methodology called com-
posite disturbance filtering (CDF) has been proposed, which deals with the multisource, heterogenous, and
isomeric disturbances based on their specific characteristics. With CDF, enhanced antidisturbance capability
can be achieved via refined quantification, effective separation, and simultaneous rejection and attenuation
of the disturbances. In this article, an overview of the CDF scheme is provided, which includes the basic
principle, general design procedure, application scenarios (e.g., alignment, localization, and navigation), and
future research directions. In summary, it is expected that CDF offers an effective tool for state estimation,
especially in the presence of multisource heterogeneous disturbances.

INDEX TERMS Composite disturbance filtering (CDF), disturbance separation, multisource heterogenous
disturbances, simultaneous rejection and attenuation, state estimation.

I. MOTIVATION AND BACKGROUND
State estimation is a fundamental issue in a wide range of
applications including integrated navigation, remote sensing,
target tracking, and cyber-physical systems [2], [12], [64],
[87], [95], [105], [137]. It has been recognized that state
estimation also plays a key role in control and even artificial
intelligence (AI) fields, as the next generation of AI largely
relies on estimation and perception of the motion informa-
tion [135]. With the arrival of Big Data and big model era,

practical systems and information flows have become ever
more complicated. In the general case, the complicated
systems inevitably suffer from disturbances that are physi-
cally multisource, mathematically heterogenous, affecting the
system via isomeric (additive, multiplicative and recessive)
channels, and deeply coupled with each other. Therefore,
state estimation in the presence of multisource, heteroge-
neous, and isomeric disturbances is an important research
topic.
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The celebrated Kalman filter (KF), established in the 1960s,
is arguably the most widely used approach due to its optimal-
ity in the linear minimum mean-square error sense, simplicity
in structure, and ease of implementation [70], [71]. Follow-
ing the Bayesian principle, primitive results on the KF have
mainly concentrated on the systems with Gaussian noises.
However, even in view of stochastic processes, the optimality
of the classical KF can no longer be guaranteed for sys-
tems with nonlinear dynamics or non-Gaussian noises [25],
[46], [107]. Several variants of the KF have been developed
to address the nonlinear state estimation problem. Among
them, the extended Kalman filter (EKF) utilizes Taylor series
expansion to transform the nonlinear system model into an
approximate linear one, and the common KF procedure is ap-
plied [64], [103]. The unscented Kalman filter (UKF) exploits
the unscented transform to calculate the mean and covariance
of the state variable [69]. For the quadrature KF and the cuba-
ture Kalman filter (CKF), the Gauss–Hermite quadrature rule
and the spherical–radial cubature rule are, respectively, em-
ployed to calculate the Gaussian weighted integrals [3], [4],
[63], [100]. Moreover, several robust KF [90], [91], [136] and
adaptive KF [11], [62], [102] algorithms have been proposed
to effectively deal with the inaccurate noise statistics.

When it comes to the systems with strong non-Gaussianity,
the entire probability density function (PDF) is required to be
tracked with the filter. To this end, two representative schemes
have been developed: the Monte-Carlo-sampling-based filter
and the stochastic distribution filter (SDF). The ensemble
Kalman filter (EnKF) and the particle filter (PF) both utilize
random samples to globally approximate the posterior PDF,
thereby belonging to the former [5], [10], [38], [98]. The
difference between them is that the EnKF employs a linear
shift to propagate the random samples [32], [88], [113] while
the PF uses reweighting [76], [79], [80]. On the other hand,
the SDF scheme, first established in the 2000s, is capable of
achieving non-Gaussian state estimation via PDF shape ap-
proximation and error entropy minimization [44], [45], [46],
[110], [114]. Recently, the B-spline expansion has been used
in [52] and [77] to transform the non-Gaussian stochastic sys-
tem into a deterministic one, based on which the non-Gaussian
disturbances are attenuated. In [49], an entropy optimization
filtering scheme has been proposed, where the target signal
and the non-Gaussian noise are separated according to the
different ways they affect the output signal. Meanwhile, the
SDF has been successfully applied in many industrial fields
such as the paper-making and chemical processes [58], [129].

The abovementioned schemes are mainly applicable to the
stochastic disturbances and customarily referred to as the
stochastic filters. Nevertheless, sometimes, it is difficult to
obtain the statistical information of disturbances, whereas the
upper bound on the norm of the disturbance can be quanti-
fied. Targeting at the norm-bounded disturbances, the robust
design tool (e.g., H∞ technique) has been employed for filter
design without noise statistics [25], [74], [124]. For exam-
ple, the mixed H2/H∞ filtering problem has been studied in
[34] and [48], where both the norm-bounded and stochastic

disturbances are taken into account. In [118], the norm-
bounded disturbance has been considered jointly with time
delays and packet dropouts, and a robust H∞ filter has been
designed to ensure the prescribed disturbance attenuation per-
formance. Subsequently, this elegant result has been extended
in [26] to deal with both stochastic and norm-bounded distur-
bances and in [27] to handle variance constraints, uncertain
coefficient matrices, and multiple missing measurements. The
H∞ technique has been incorporated into the sequential parti-
cle generation procedure in [94] and [133] to design a robust
filter in the absence of noise statistics. The statistical refer-
ence in the conventional PF is replaced by a user-defined cost
function that measures the quality of state estimate.

In addition to the statistical and norm-bound information
utilized in the aforementioned stochastic and robust filter-
ing methodologies, the mass data that come with the big
data era have made it possible to extract dynamic features
of the disturbances. With various time-series analysis tools,
the disturbances can usually be described as time-varying
signals with partially known dynamical information, which is
especially true for the motion systems. Therefore, a natural
idea is to exploit such dynamic characteristics to construct
a disturbance observer (DO) for real-time disturbance rejec-
tion. The primitive results on DO have mainly focused on
the frequency-domain design [96], while the corresponding
time-domain design has been restated in [15] for a class of
nonlinear systems. Up to now, the DO has become a popular
method to enhance antidisturbance capability in the fields of
control theory and engineering [16]. In [43], the DO-based
composite controller has been first designed to achieve si-
multaneous disturbance rejection and attenuation, and a linear
matrix inequality condition has been rigorously established
for the closed-loop stability. In order to overcome the de-
pendence on the accurate dynamic model, a robust DO has
been developed in [119], where the dynamic uncertainties are
treated as a norm-bounded variable. Parallel with the DO, the
unknown input observer (UIO) techniques have been devel-
oped, where the goal is to make the effect of input disturbance
completely decoupled from the state estimation errors [13],
[37]. Recently, many elegant fault estimation schemes have
also been proposed [1], [35]. Since fault can be regarded as
a kind of abrupt or severe disturbances, the fault estimation
techniques can also be adopted for the disturbance estimation
purposes. Notice that most reported results relevant to the DO
have been concerned with the control issues, and the corre-
sponding state estimation problems have not been thoroughly
investigated.

In most of the existing literature on estimation problems,
the disturbances have been merged as a single-type one. Such
simplification may lead to unsatisfactory estimation perfor-
mance as the specific characteristics of disturbances have not
been sufficiently exploited. In fact, the complicated systems
in practical engineering are always subject to multisource het-
erogeneous disturbances, which highlight the need for refined
antidisturbance estimation methods. In this article, we will
give three examples in which the multisource heterogeneous
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TABLE 1 Typical Applications of the CHADC

disturbances are deeply coupled: initial alignment; indoor
localization; and integrated navigation systems. A represen-
tative example is the rotor unmanned aerial vehicle (UAV)
indoor localization, where the information of ultrawideband
(UWB) and UAV dynamics needs to be fused. As shown in
Section II-A, the disturbances in the localization system are
physically multisource, mathematically heterogenous, and en-
tering the localization model in different ways. If not properly
tackled, such disturbances would cause severe degradation to
the localization performance. In this sense, there is an urgent
need to develop a refined filtering scheme by fully exploiting
the specific disturbance characteristics.

Fortunately, the refined control problems under multisource
heterogeneous disturbances have been tackled via a novel
methodology called composite hierarchical antidisturbance
control (CHADC). Motivated by the pioneering work in [43],
the theoretical framework of CHADC has been established
and developed since the early 2000s [40], [41]. Generally
speaking, the CHADC is based on the explicit characteriza-
tion and treatment of heterogeneous disturbances and can be
realized with a composite “X-DO plus Y-controller” structure
[43], [119]. According to specific properties of the distur-
bances, the “X-DO” can be designed as a standard linear
DO [43] or other elegant results on DOs, such as robust DO
[60], [119], adaptive DO [47], [84], adaptive sliding-mode
DO [142], adaptive switching DO [143], iterative learning DO
[92], fuzzy DO [122], neural network (NN)-based DO [109],
fixed-time DO [139], and predictive DO [121] according to
different characteristics of the disturbances. Meanwhile, the
“Y-controller” can be proportional–integral–derivative (PID),
robust, adaptive, sliding-mode, active disturbance rejection
control (ADRC), intelligent, or other advanced controllers
based on various performance objectives; see [53] and [54]
for examples. The CHADC can enhance the antidisturbance
capability via three key tools, including refined quantification,
separability analysis, and simultaneous compensation and at-
tenuation of the multisource heterogenous disturbances. So
far, the CHADC has been successfully applied to a broad class
of practical systems (see Table 1 for typical application cases).

The CHADC is a refined antidisturbance control method,
where the separation of multiple disturbances (rather than
the estimation of single disturbance using the extended state
observer (ESO) [75], [123] or UIO [21], [22]), disturbance

controllability (rather than state controllability), and adaptive
variance principle (rather than invariance principle) have been
addressed [41], [42], [50], [51], [53], [54]. Following the de-
velopments of CHADC theory, the safety, green, and immune
control problems have been addressed for unmanned systems
under disturbance and confrontation environments, where the
three antidisturbance control layers of methodology, system,
and behavior are proposed [51], [53], [54]. More recently, an
optimal reconstruction scheme has been proposed in [132]
based on performance degradation analysis in the presence
of disturbances. A disturbance utilization scheme has been
presented in [67], where the estimated aerodynamic drag is
used as a damping term in the flight control law of rotor
UAVs. In [20], a “green” antidisturbance control scheme with
maximum velocity constraints is developed for gimbal servo
systems.

The composite antidisturbance strategy in the CHADC can
also be used to deal with estimation problems. Following this
idea, the composite disturbance filtering (CDF) scheme has
been put forward to address the state estimation problem for
systems with multisource heterogeneous disturbances [40].
The analogy between the control and filter design has been
illustrated in Fig. 1. Specifically, the CDF is a refined fil-
tering methodology, which aims at simultaneous disturbance
rejection, attenuation, and absorption via a DO-based com-
posite hierarchical antidisturbance estimation architecture. Up
to now, a series of composite filter structures have been pro-
posed within the CDF framework, which include composite
DO+robust filter, composite DO+KF, composite DO+SDF,
and composite DO+PF. It should also be pointed out that the
hierarchical disturbance compensation and state stabilization
design in the CHADC has been replaced in the CDF by re-
fined error quantification and optimization for joint state and
disturbance estimation [7], [8], [42], [81], [82], [83], [84].

In comparison with the existing methods, the distinctive
features of the CDF scheme can be summarized as follows.

1) Different from the existing filtering schemes, which
can either reject (e.g., DO-based filtering [21], [22])
or attenuate (e.g., the KF [70] and H∞ filtering [124])
a single-type disturbance, the CDF is capable of si-
multaneous rejection and attenuation of heterogeneous
disturbances via a well-designed composite filter struc-
ture.

2) Based on the refined quantification of multisource het-
erogeneous disturbances, the CDF can realize effective
separation of deeply coupled disturbance signals, which
is especially desirable in signal identification and abnor-
mity diagnosis.

3) By resorting to the generalized observability analysis
and explicit error quantification rather than the existing
methods for brute-force disturbance rejection, the CDF
enables disturbance utilization, optimal reconstruction,
and performance redesign.

In this article, advances and prospects of the CDF will
be discussed. The rest of this article is organized as fol-
lows. Refined quantification and separability analysis of the
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FIGURE 1. Analogy between control and filter design.

multisource heterogeneous disturbances are discussed in Sec-
tion II. The general design framework and typical realizations
(composite DO+robust filter and composite DO+stochastic
filter) of the CDF are elaborated in Section III. In Section IV,
the effectiveness of the CDF is illustrated via application re-
sults in initial alignment of inertial navigation systems (INSs),
indoor localization of rotor UAVs, and skylight polarization
(POL)-aided integrated attitude determination. Finally, Sec-
tion V concludes this article.

II. COMPOSITE DISTURBANCE FILTERING: MODELING
AND ANALYSIS
The major advantage of CDF is that the characteristics of dis-
turbances can be sufficiently utilized. Hence, a prerequisite of
CDF design is refined quantification and separability analysis
of the multisource, heterogeneous, and isomeric disturbances,
which are deeply coupled. In this section, the modeling and
analysis of systems with multisource, heterogeneous, and iso-
meric disturbances will be introduced.

A. DEEPLY COUPLED MODELING AND REFINED
QUANTIFICATION
In the age of Big Data and big models, practical systems
and information flows become extremely complicated. It is
quite common that the disturbances affecting a practical sys-
tem are physically multisource, mathematically heterogenous,
and affecting the system dynamics via isomeric (additive,
multiplicative, and recessive) channels. Furthermore, there
may exist complex interactions between different disturbance
signals and between the system state and the disturbances.
Hence, novel modeling and analysis methods are required to
deal with the resultant deeply coupled disturbances.

For ease of illustration, let us take the UWB-based local-
ization problem for rotor UAV working in narrow spaces as
an example. It will be shown that many complex systems
can be handled in the similar way. Typically, the data from
UWB sensors need to be fused with the UAV dynamics so
as to generate more accurate localization results [6], [65].
Hence, the fusion algorithm should be able to handle both
UAV dynamic uncertainties and UWB measurement errors.

As described in [65], the localization system of rotor UAVs
is subject to multisource disturbances. Specifically, the aero-
dynamic drag force induced by external wind, which can be a
prominent issue in narrow spaces where the proximity effect is
significant. Besides, the loss of efficiency (LoE) of the motor,
arising from damage or aging of the motor components, con-
stitutes another factor that leads to model uncertainty. In the
measurement equation, the UWB noises are skew-t instead of
Gaussian due to non-line-of-sight propagation and multipath
effects. Furthermore, the interactions among different sources
of disturbances cannot be ignored. For example, the aerody-
namic drag force depends on the attitude and position of the
UAV, which is accordingly related to the LoE of the motor.
Conversely, when the external wind becomes larger, greater
motor torque is required to maintain stable flight, accelerating
the aging process of the device and inducing a more severe
LoE. In view of the aforementioned factors, there is no doubt
that the localization problem is essentially a state estimation
problem with multisource deeply coupled disturbances.

The localization model is a special case of the following
generic one where multiple disturbances coexist:⎧⎨

⎩
Eẋ = f�(x, �u) + Bω0 + B1ω1 + B2ω2

y = h�(x) + Dω0 + D1ω1 + D2ω2

ω̇0 = g�(x, �u)ω0 + E1ω1 + E2ω2

(1)

where x and y are the state and output variables, respectively.
B, B1, B2, D, D1, and D2 are coefficient matrices that de-
scribe the input channels of disturbances. E is a coefficient
matrix that is not necessarily full ranked so as to allow for
algebraic equations. In (1), the disturbances are of heteroge-
neous and isomeric nature. Specifically, ω0 is the unknown
dynamic signal (UDS), which can represent the aerodynamic
drag force. Moreover, ω1 ∼ pω1 (�) is the white noise with
unknown statistics represented by �, ω2 is the disturbance
with bounded L2-norm, and f�(·, ·), h�(·), and g�(·, ·) are
nonlinear mappings with parameter uncertainty denoted by�.
Note that f�(·, ·) may be required to satisfy certain conditions
(i.e., the Lipschitz condition) so as to ensure error bound-
edness of the filter [73]. � is the uncertainty term, which
can describe the LoE of the actuator. According to the way
they inject into the system, the disturbances in (1) can be
categorized into:
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1) additive ones, including the UDS ω0, random noise ω1,
and the norm-bounded disturbance ω2;

2) multiplicative ones, including the uncertain coefficient
� that describes the LoE of the actuator;

3) recessive ones, including the parameter uncertainty �
and the unknown noise statistics �.

Remark 1: For systems described as (1) where multisource,
heterogeneous, and isomeric disturbances are deeply coupled,
the conventional approaches are to merge the disturbances as
a lumped one and design rejection or attenuation methods
based on the assumed characteristics of the lumped distur-
bance. For example, the lumped disturbance can be taken
as an extended state and estimated via DO or ESO, or de-
scribed as a norm bounded variable and attenuated via the
H∞ techniques. However, it is difficult for the existing results
that rely on lumped disturbance assumption to characterize
the coupled relationships of the multisource heterogeneous
disturbances. Specifically, the causality, manifold structure,
complex constraints (dynamic, static, probabilistic, or mixed),
interconnections (static or dynamic), and topological separa-
bility of the disturbances are partially or completely neglected
in the existing estimation schemes focusing on single-type
disturbances, which may result in performance degradation or
filter divergence.

B. GENERALIZED OBSERVABILITY AND SEPARABILITY
ANALYSIS
Observability analysis is essential to quantifying the capabil-
ity or performance bound of the state estimator. Traditionally,
the observability analysis is conducted by calculating the rank
of the so-called observability matrix, which reflects the in-
ternal characteristics (e.g., the system invertibility). In this
sense, the conventional observability analysis is usually re-
ferred to as the internal observability analysis. For systems
with multisource, heterogenous, and isomeric disturbances,
the estimation performance is not only determined by system
invertibility but also dependent on the possibility and degree
of disturbance separation. Therefore, it is necessary to extend
the existing observability analysis and establish more gener-
alized observability and separability results for systems with
multisource heterogenous disturbances.

Since the disturbance observability condition was discussed
in [43], the antidisturbance controllability analysis has been
carried out in [131] and [141] for systems with multiple
disturbances. In a similar way, generalized observability and
separability results can be established by explicitly figur-
ing out which types of disturbances need to be and can be
rejected/attenuated. In fact, it is found that certain random
noises are beneficial to the performance of PF. In this case,
the noise rejection is not needed [10]. To date, only few at-
tempts have been made toward the generalized observability
analysis for systems like (1), despite its practical importance.
In [33], a new observability result has been presented for the
integrated microelectromechanical system/global positioning
system (MEMS/GPS) system with specific constraints on the
state trajectories. In [57], the optimized UAV flight trajectories

have been designed to improve the observability of the sensor
calibration model.

As the key of generalized observability analysis, the sepa-
ration of heterogeneous disturbances can be realized via either
rejection or attenuation of the unfavorable signals. In both
the cases, a prerequisite is that the prior knowledge about
the disturbance signals, including the generation, propagation,
and interaction mechanisms, is exploited. For example, a si-
nusoidal signal can be separated from the stochastic noises by
utilizing the sinusoid frequency and the moment information
of noise to design a so-called whitening filter [84]. As a major
difficulty in disturbance separation, the partial knowledge (ei-
ther dynamical or stochastic) about the disturbances is often
incomplete, giving rise to the problem of simultaneous distur-
bance identification and separation [84].

Different from the internal observability results depending
only on the coefficient matrices of system model, the general-
ized observability and separability conditions also depend on
the actual state trajectories as well as the type, magnitude, and
input channel of the disturbances. Therefore, the generalized
observability of can be improved via:

1) deploying additional sensors or reallocating the sensing
resources to collect more information;

2) exploiting more prior knowledge and coupled relation-
ships on the disturbances;

3) designing excitation signal to obtain an optimal state
trajectory for disturbance identification and estimation.

III. COMPOSITE DISTURBANCE FILTERING: DESIGN AND
OPTIMIZATION
A. GENERAL FRAMEWORK
For practical systems with multisource heterogenous distur-
bances, the classical filtering schemes designed under the
single-type disturbance assumption may fail to meet the task
requirements. Inspired by the CHADC theory [40], [41], the
CDF framework has been established to explicitly handle the
multisource heterogenous disturbances [7], [8], [42]. In this
subsection, we are dedicated to elaborate the principle and
architecture of the CDF scheme.

The principle of the CDF is illustrated in Fig. 2. Based
on deeply coupled modeling, refined quantification, and sepa-
rability analysis of heterogeneous disturbances, a composite
filter can be designed by combining disturbance rejection
and/or attenuation strategies. Furthermore, the optimal recon-
struction and performance redesign of the filter are carried
out to tackle the case where the system is unobservable or
different types of disturbance signals are inseparable.

When the heterogeneous disturbances are described as
in (1), they can be separated and explicitly handled ac-
cording to their specific characteristics. Roughly speaking,
the practical disturbances can be classified into three types:
UDS, norm-bounded variable, and Gaussian/non-Gaussian
stochastic variables. With respect to the UDS, the disturbance
rejection strategy can be adopted. Specifically, various DO
schemes can be employed to estimate the UDSs according to
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FIGURE 2. Principle of the CDF scheme.

their dynamic characteristics. On the other hand, the classi-
cal filtering techniques, such as H∞ filtering (for unknown
signal with bounded L2-norm), KF (for Gaussian stochastic
variable), and PF and SDF (for non-Gaussian stochastic vari-
able), can be used to quantify and optimally attenuate the
effects of UDS estimation errors as well as other types of
disturbances. Moreover, adaptive techniques can be adopted
to handle the multiplicative or recessive disturbances without
sufficient prior information. By combining the DO and the
classical filtering schemes, a composite “X-DO plus Y-Filter”
structure is constructed, as illustrated in Fig. 3, which enables
simultaneous rejection and attenuation of the multisource het-
erogeneous disturbances.

B. COMPOSITE DO+ROBUST FILTER
As the rudiment of CDF scheme, a composite fault diag-
nosis observer has been proposed in [7], where the DO is
combined with H∞ optimization techniques to separate the
disturbance and fault signals. In [8] and [42], the composite
DO+H2/H∞ filter has been first developed to enhance the
antidisturbance capability for the initial alignment of INS. In

FIGURE 3. Composite “X-DO plus Y-Filter” structure.

the proposed scheme, the drifts of inertial sensors, modeled as
the first-order Gaussian Markov process, have been estimated
via the DO. Moreover, the random noises of inertial sensors
(described as Gaussian stochastic variables) and the model un-
certainties (described as norm-bounded variables) have been
dealt with via the robust H2/H∞ filtering technique according
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FIGURE 4. Composite DO+H2/H∞ filtering scheme.

to a prescribed disturbance attenuation level. For the dis-
tributed state estimation problem in the simultaneous presence
of UDS, norm-bounded disturbances, and false data injection
(FDI) attacks, a novel composite filter has been proposed in
[55], which is comprised of the DO for UDS estimation, the
H∞ filter for attenuation of norm-bounded disturbances, and a
detection-triggered attack estimation and rejection module for
enhanced resilience against FDI attacks.

With the composite DO+robust filter, the following non-
linear system with the UDS, stochastic disturbance, and
norm-bounded disturbance is addressed:⎧⎨

⎩
x(k + 1) = f (x(k)) + Bω0(k) + B1ω1(k) + B2ω2(k)
ω0(k + 1) = Wω0(k) + E1ω1(k) + E2ω2(k)

y(k) = Cx(k) + Dω0(k) + D1ω1(k) + D2ω2(k)
(2)

where f (·) denotes a known nonlinear mapping and W and
C are known coefficient matrices. Note that the above sys-
tem can be regarded as a simplification of (1), where the
second equation represents the relationship among different
types of disturbances. The schematic diagram of the compos-
ite DO+robust filtering scheme is illustrated in Fig. 4, where
a DO is constructed to estimate the UDS in real time and
the H2/H∞ mixed optimization is utilized to attenuate the
stochastic and norm-bounded disturbances. It is noted that the
composite DO+robust filter enables a refined quantification of
the filter errors via deeply coupled modeling. In consequence,
the joint behavior of state and disturbance estimation errors
can be optimized according to a prescribed performance cri-
terion.

C. COMPOSITE DO+STOCHASTIC FILTER
1) COMPOSITE DO+KF
The composite DO+KF scheme can be employed against UDS
and Gaussian random noises. Specifically, the DO is utilized
to estimate UDS and the KF is used to quantify and optimize
the error statistics. In [29], a recursive three-step information
filter has been proposed for linear discrete-time systems with
additive disturbances. On the basis of the traditional infor-
mation filter for state estimation, an additional estimator is
exploited to obtain unbiased estimate of the disturbance with
minimum variance. In [30], the composite DO+KF scheme

has been developed for fast initial alignment of strap-down
INSs. Within the composite filtering scheme, the KF is em-
ployed to estimate the horizontal misalignment angles, and the
DO is designed to estimate the azimuth misalignment angle,
where the steady-state output of the KF is used as an input.
On the other hand, when the measured data are corrupted
by outliers, the measurement noise usually obeys a skew-t
distribution instead of the Gaussian distribution. To this end,
the so-called variational Bayes skew-t filtering, generalized
from the KF, has recently been investigated in the literature.
For example, the DO combined with the variational Bayes
skew-t filter is able to handle the joint effects of additive
UDS and recessive statistical parameter of skew-t noises [65].
A composite DO+learning-based KF scheme is presented in
[120] for the contact force estimation of robot manipulators.
The uncertainties in the robot manipulator model and the
force generative model are effectively separated by employing
Gaussian process regression and variational Bayes inference
techniques for statistical parameters learning.

2) COMPOSITE DO+NON-GAUSSIAN FILTER
Stochastic noises following non-Gaussian distribution widely
exist in practical systems, and the separation of non-Gaussian
noises constitutes a key issue in signal identification and
abnormity diagnosis. Nevertheless, the filter design in the
presence of non-Gaussian noises has long been a challenging
problem, especially when the noises are mixed with other
unknown signals. Although the Bayes recursion formula has
provided a generic solution to the stochastic filtering prob-
lem, it relies on an underlying assumption that the noises are
independent and have identical distribution. Hence, coupling
between the UDS and stochastic disturbances needs to be
addressed by developing novel filtering methods capable of
separating UDSs and non-Gaussian noises.

To this end, composite DO+non-Gaussian filtering is pro-
posed for effective separation of UDSs and non-Gaussian
noises. In [9], the fault detection problem has been addressed
in the simultaneous presence of non-Gaussian noises, UDS,
and norm-bounded disturbances. Specifically, non-Gaussian
PDFs have been approximated in terms of the dynamic
weights of B-spline NN, and the effective separation of fault
signal has been achieved via a composite DO+H∞ filter for
simultaneous UDS rejection and norm-bounded disturbance
attenuation. Note that the filtering method proposed in [9]
does not rely on memoryless assumption on the noise se-
quence due to its capability of identifying and separating the
dynamic components from the non-Gaussian noises. For the
system with both UDS and non-Gaussian noises, a composite
DO+SDF scheme has been proposed in [130], where the UDS
is estimated via the DO, and the non-Gaussian PDF is approx-
imated by using the fuzzy basis functions and the associated
weights. As the joint PDF of the state and output variables can
be tracked directly, the random noises in [130] are not limited
to be independent identically distributed ones. Moreover, the
information-theoretic learning-based CDF method has been
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FIGURE 5. Composite DO+PF approach.

studied in [111] for the non-Gaussian system with unknown
noise PDF. Composite DO plus minimum entropy filtering has
been proposed in [112], where the UDS is estimated by the
DO, and the effect of non-Gaussian noises is attenuated based
on the minimum entropy principle.

As a powerful tool to deal with non-Gaussianity, the PF re-
lies on accurate statistical information for particle generation.
When the system suffers from UDS and other types of model
uncertainties, the so-called particle degeneracy problem will
occur. That is, due to the pollution of statistical character-
istics, the particles generated according to the nominal state
transition model will fall into the unimportant regions of the
state space, which may lead to poor approximation capability
or even divergence of the filter [5], [78]. To overcome this
limitation, the composite DO+PF scheme has been developed
within the CDF framework [81], [82], [83]. The architecture
is displayed in Fig. 5. In the composite DO+PF scheme, the
estimated value of the UDS is used to construct a compensa-
tion term in the state transition equation, thereby correcting
the sample deviation caused by the inaccurate state transition
model. A distinctive feature of this scheme is that the DO
module consists of a bank of Kalman-type filters running
in parallel, each associated with a particle that represents
a possible realization of system states. In addition, for the
more complicated case where statistical characteristics of the
noises are inaccurate, a composite variational Bayes adaptive
KF (VBAKF) plus PF scheme has been developed in [81],
where the VBAKF is employed for the adaptive estimation of
UDS and the online identification of noise statistics. In [83],
a composite DO plus variational Bayes adaptive PF approach
has been proposed to enhance the robustness against outliers,
where the variational Bayes method is utilized to estimate the
statistical parameters of heavy-tailed measurement noises. To
tackle the inaccurate dynamic information of UDS, a com-
posite student’s t DO plus PF scheme has been designed
in [82], where a student’s t filter is employed to track the
model-inaccuracy-induced heavy-tailed posterior distribution.

IV. COMPOSITE DISTURBANCE FILTERING:
VERIFICATIONS AND APPLICATIONS
Filter design is a key technology in the areas such as au-
tonomous navigation and control, where the major challenge

is to handle the multisource, heterogeneous, and isomeric
disturbances. So far, the CDF has been applied into a wide
range of practical systems with significantly improved antidis-
turbance capability (see Table 2 for a brief summary). In this
section, we will introduce three typical application scenarios
of the CDF.

A. INITIAL ALIGNMENT OF INS: COMPOSITE DO+H2/H∞
FILTER
Due to the remarkable merits in terms of high autonomy, high
accuracy in short time, good continuum, and insusceptibility
to climate conditions, the INS has become one of the most
commonly used navigation modes. The accuracy of INS de-
pends largely on the performance of initial alignment. Hence,
it makes practical sense to apply state estimation schemes
to effectively solve the initial alignment problem. The state
estimation model for the initial alignment of INS can be es-
tablished as follows [8], [42]:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎡
⎢⎣φ̇E (t )

φ̇N (t )

φ̇U (t )

⎤
⎥⎦ = F0

⎡
⎢⎣φE (t )

φN (t )

φU (t )

⎤
⎥⎦ +

⎡
⎢⎣εE (t )

εN (t )

εU (t )

⎤
⎥⎦ + f0(φ) + Bd (t )

⎡
⎢⎣ fE (t )

fN (t )

wE (t )

⎤
⎥⎦ = H

⎡
⎢⎣φE (t )

φN (t )

φU (t )

⎤
⎥⎦ +

⎡
⎢⎣∇E (t )

∇N (t )

εE (t )

⎤
⎥⎦ + g0(φ) + Dd (t )

(3)

where φ =
[
φE (t ) φN (t ) φU (t )

]T
are the misalignment

angles; ε =
[
εE (t ) εN (t ) εU (t )

]T
are the gyroscope bi-

ases expressed in the navigation frame; ∇E (t ) and ∇N (t ) are
the accelerometer biases expressed in the navigation frame;
fE (t ), fN (t ), and wE (t ) are, respectively, the measurement
outputs of east accelerometer, north accelerometer, and east
gyroscope; f0(φ) and g0(φ) are the state-dependent nonlinear
terms; the disturbance term d (t ) is used to account for the
modeling errors, which is assumed to be an unknown signal
with bounded L2-norm; the coefficient matrices

F0 =

⎡
⎢⎣ 0 �U 0

−�U 0 0

0 0 0

⎤
⎥⎦ , H =

⎡
⎢⎣ 0 g 0

−g 0 0

0 −�U 0

⎤
⎥⎦

with g and �U being the gravity acceleration and the up
component of the earth rate, respectively; and B and D are
coefficient matrices with compatible dimensions.

Denote ω(t ) =
[
εE (t ) εN (t ) εU (t ) ∇E (t ) ∇N (t )

]T
.

The evolution of the inertial sensor biases is described by the
following first-order Gauss–Markov process:

ω̇(t ) = Wω(t ) + Ed (t ) (4)

where W = diag{− 1
τ1
, . . . ,− 1

τ5
}, with τi (i = 1, . . . , 5) being

the correlation times, and E is a known coefficient matrix with
compatible dimension.

It is clear from (3) and (4) that the initial alignment of INS is
essentially a state estimation problem with both the UDS (the
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inertial sensor biases) and norm-bounded disturbances (the
modeling error d (t )). In [42], a composite DO+H2/H∞ filter-
ing method has been proposed, where the DO is designed to
compensate for the inertial sensor biases, and the multiobjec-
tive H2/H∞ optimization technique is employed to attenuate
the norm-bounded disturbances. Within the proposed method,
the attenuation degree of the UDS can be explicitly evaluated
via

γatt =
∫ ‖ eω(t ) ‖2

2 dt∫ ‖ d (t ) ‖2
2 dt

which offers a quantitative criterion for the antidisturbance
capability of the filter. When comparing to the traditional UKF
method, the standard deviations of the misalignment angle
estimation errors have reduced by 85% (leveling x), 92%
(leveling y), and 54% (azimuth) (see [42, Table 1]).

Besides the initial alignment, the composite DO+H2/H∞
filter is also suitable for the online calibration of MEMS
gyroscopes equipped on the guided projectiles. It should be
mentioned that the guided projectiles are featured by high
mobility and strong overload, which would induce nonnegligi-
ble cross-coupling errors, scale-factor errors, and acceleration
sensitivity errors in the calibration model [108], [115]. Con-
sidering the fact that these errors are of heterogenous nature,
the traditional filtering schemes can be replaced by the CDF
ones to achieve simultaneous rejection and attenuation.

Remark 2: The refined quantification of estimation errors
is an important prerequisite for parameter selection and per-
formance evaluation. Generally speaking, the error behaviors
can be described from two aspects. First, the asymptotic or
finite-time convergence needs to be evaluated by neglecting
the disturbance terms in the error dynamic equation. Second,
the effect of stochastic or deterministic disturbances on the
estimation errors needs to be characterized. For stochastic
disturbances, the H2 norm of the system or the entropy of
estimation errors can be used as performance measure. For
deterministic disturbances, the H∞ norm of the system can be
adopted to characterize the boundedness of estimation errors.
In the simultaneous presence of stochastic and deterministic
disturbances, hybrid performance measures, such as the mixed
H2/H∞ norm, can be employed to provide a refined error
quantification. Furthermore, there are other means of error
quantification, such as Cramér–Rao lower bound computa-
tion, which quantifies the capacity of the filter in attenuating

stochastic disturbances, and significant analysis, which gives
a post hoc validity test for the estimation results.

B. INDOOR LOCALIZATION OF ROTOR UAVS: COMPOSITE
DO+ KALMAN-TYPE FILTER
As mentioned in Section II-A, the indoor localization of rotor
UAV (by fusing UWB and UAV dynamical information) is a
typical application scenario where multisource heterogeneous
disturbances need to be dealt with in the filter design. Using
small-angle assumption and neglecting the higher order terms,
the localization model can be expressed as [65]⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎡
⎢⎣ẍ

ÿ

z̈

⎤
⎥⎦ = F

⎡
⎢⎣φθ
ψ

⎤
⎥⎦ + 1

m

⎡
⎢⎣0

0

f

⎤
⎥⎦ +

⎡
⎢⎣ 0

0

−g

⎤
⎥⎦ + 1

m

⎡
⎢⎣dω,1

dω,2
dω,3

⎤
⎥⎦

⎡
⎢⎣φ̈θ̈
ψ̈

⎤
⎥⎦ = H

⎡
⎢⎣τφτθ
τψ

⎤
⎥⎦ + H

⎡
⎢⎣−kd4φ̇

−kd5θ̇

−kd6ψ̇

⎤
⎥⎦

ri j = ‖p − pi‖ − ‖p − p j‖ + ni j

(5)

where the coefficient matrices

F =

⎡
⎢⎣ 0 g 0

−g 0 0

0 0 0

⎤
⎥⎦ , H =

⎡
⎢⎣I−1

xx 0 0

0 I−1
yy 0

0 0 I−1
zz

⎤
⎥⎦

are derived via linearization at the hovering equilibrium, and
Ixx, Iyy, and Izz denote the rotation inertia.

The main challenge of filter design arises from two aspects:
1) the aerodynamic drag forces contribute to the major un-
certainty in the state transition equation; and 2) the multipath
effect and the non-line-of-sight propagation of UWB signals
in the irregular indoor space may result in skewed measure-
ment noises with inaccurate statistical parameters.

Aiming at tackling the multisource disturbances in UWB
localization, a composite DO plus variational Bayes skew-t
filtering (DO+VBSTF) scheme has been developed in [65],
where the DO is used to compensate for the uncertainties
in UAV dynamics and the variational Bayes skew-t filter is
employed to handle the skew-t measurement noises by adap-
tively identifying the statistical parameters. With the proposed
method, the dynamic uncertainties and stochastic noises can
be effectively separated according to their specific charac-
teristics (as illustrated in Fig. 6). Experimental results on
rotor UAV platform (as shown in Fig. 7) demonstrate that
the proposed scheme achieves the lowest localization errors
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FIGURE 6. Separation of heterogeneous disturbances in UAV localization.

FIGURE 7. Flight test of UAV indoor localization.

as compared with composite DO+EKF (which takes the mea-
surement noises as Gaussian) and VBSTF (which ignores the
uncertainties in the UAV dynamics). See [65] for detailed
analysis.

C. SKYLIGHT POL-AIDED INTEGRATED ATTITUDE
DETERMINATION: COMPOSITE DO+PF
In the natural world, some insects are born with the ability to
sense the POL pattern of the skylight for autonomous naviga-
tion. Motivated by such a mechanism, the skylight POL-based
navigation has emerged as an effective supplement to the
traditional navigation approaches, especially in the unstruc-
tured and GPS-denied environments. Consider the following
INS/POL fusion model for attitude and heading reference
system (AHRS) [128]{

θ̇n = ωn
in × θn − Cn

b db
g + w

y = arctan
(

pb[2]
pb[1]

)
+ v

(6)

where the definition of symbols can be found in [83].
The major challenge with INS/POL fusion lies in the co-

existence of INS sensor bias and heavy-tailed POL noises
arising from the occlusion of POL sensors. In this sense,
the data fusion for POL-aided AHRS can be boiled down

FIGURE 8. Vehicle test.

FIGURE 9. Application to “CH”-series UAV.

to a filter design problem with UDS, non-Gaussian noises,
and unknown noise statistics. In [83], a composite DO plus
variational Bayes adaptive PF (DO+VBAPF) scheme has been
proposed, where a variational Bayes procedure is conducted
for the online estimation of noise statistics. With the esti-
mated UDS and noise statistics, the disturbances stemming
from sensor bias and occlusion can be effectively absorbed by
reconstructing the particle generation mechanism according
to the updated information. The results of vehicle tests (see
Fig. 8) have shown that with the composite DO+VBAPF ap-
proach, the standard deviation of heading angle estimation has
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reduced by over 70% as compared to those of the composite
DO+PF and the robust PF approaches. Due to the superior
antidisturbance capability, the POL sensor together with the
composite DO+VBAPF algorithm has been applied to the
“CH”-series UAV for integrated attitude determination (see
Fig. 9) with satisfactory accuracy and robustness.

V. CONCLUSION
A large number of practical problems in the fields of nav-
igation and control can be formulated as state estimation
problems under multisource heterogenous disturbances. Nev-
ertheless, the existing filtering schemes, such as Kalman-
type filtering, H∞ filtering, and particle filtering, have made
an assumption of single-type disturbances and ignored the
heterogeneity of disturbances, which may lead to unsatisfac-
tory estimation performance in complicated task scenarios.
In this article, we provided an overview of the CDF scheme,
which is able to realize the refined state estimation by using
explicit characterization, separability analysis, and a compos-
ite “X-DO plus Y-Filter” structure. The most significant merit
of the CDF lies in the simultaneous rejection, attenuation, and
absorption of multisource heterogeneous disturbances. Differ-
ent from the CHADC, the CDF does not rely on a hierarchical
design procedure for disturbance compensation, but instead
focuses on quantizing the behavior of disturbance estimation
errors. Thanks to its capability of separating disturbance and
fault signals, the CDF can be regarded as a safety-enhancing
methodology for systems with persistent disturbances and
abrupt faults [50]. Due to its refined quantification rather than
brute-force treatment of the heterogeneous disturbances, the
CDF can lower the sensing and computational cost in the state
estimation process. Therefore, the CDF can also be viewed
as a “green” state estimation scheme from the perspective of
system resource allocation [54]. Furthermore, as indicated in
the generalized observability theory, the state estimator can
be made “immune” to disturbances by both passive rejection
and active excitation [51]. Hence, the development of CDF
is also a motivation of shifting the paradigm of filter design
from system theory toward behavioral theory. Up to now,
the effectiveness of the CDF has already been verified in a
series of practical applications, including the initial alignment
of INS, the UWB-based indoor localization, and the attitude
determination of integrated bioinspired/INS system.

On the basis of this article, several potential research direc-
tions can be highlighted as follows.

1) Conduct quantitative analysis on the generation, prop-
agation, interaction, and influence mechanisms of mul-
tisource heterogeneous disturbances, and establish cer-
tain refined disturbance separability results for the CDF.
On this basis, enrich the “X-DO plus Y-Filter” frame-
work by incorporating disturbance prediction and dis-
turbance preview techniques [85] into feedforward dis-
turbance rejection schemes and by investigating fuzzy
DO, NN-based DO, and other elegant results on adap-
tive or learning-based DOs [61], [109].

2) Design risk-awareness filters within the CDF frame-
work to endow the information acquisition and fusion
systems with immune intelligence against various ac-
tive/passive disturbances including FDI attacks [23],
[24], [59], eavesdroppers [72], [99], [116], and denial
of services [89], [104], [134]. Furthermore, improve the
utilization efficiency of sensing and computational re-
sources by developing event-triggering [14], [36], [138],
intelligent switching [56], [68], distributed processing
[28], [97], [101], and active information seeking [17],
[93], [106] schemes.

3) Apply the CDF into the development of smart sen-
sors with embedded vehicle dynamics, spatiotemporal
constraints awareness, and environmental adaptability.
Furthermore, conduct closed-loop uncertainty quantifi-
cation based on the CDF theory to improve fault-
tolerance and safety of the systems.
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