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Consensus iterated posterior linearisation filter for
distributed state estimation

Ángel F. García-Fernández, Giorgio Battistelli

Abstract—This paper presents the consensus iterated posterior
linearisation filter (IPLF) for distributed state estimation. The
consensus IPLF algorithm is based on a measurement model
described by its conditional mean and covariance given the
state, and performs iterated statistical linear regressions of the
measurements with respect to the current approximation of the
posterior to improve estimation performance. Three variants of
the algorithm are presented based on the type of consensus that is
used: consensus on information, consensus on measurements, and
hybrid consensus on measurements and information. Simulation
results show the benefits of the proposed algorithm in distributed
state estimation.

Index Terms—Consensus, distributed state estimation, iterated
posterior linearisation, nonlinear filtering.

I. INTRODUCTION

Sensors that measure information of a process over a large
area are typically connected forming a network. In this setting,
it is important for scalability and efficiency purposes that
the nodes perform distributed estimation of the process state,
rather than transmitting all data to a sensor fusion center for
centralised estimation. Distributed estimation is performed by
nodes repeatedly exchanging messages with their neighbours
to reach an agreement on the estimated process state [1],
[2]. This agreement can be achieved by consensus algo-
rithms, in which nodes approximately compute the average of
certain values across the network by repeatedly exchanging
information with neighbouring nodes [3]. Distributed state
estimation can be used in many applications such as tracking
in distributed radar and sonar networks [4]–[6], and vehicle-
to-everything networks [7].

In centralised state estimation, where a single processing
center performs all the computations, the Kalman filter is the
optimal solution for linear and Gaussian Markovian systems
[8]. To deal with non-linearities, there are several extensions
of the Kalman filter that differ on how the system lineari-
sation is performed to apply the Kalman filter equations.
For example, the extended Kalman filter (EKF) performs
analytical linearisation of the measurement function at the
predicted mean [9], while the sigma-point Kalman filters, such
as the unscented Kalman filter (UKF), perform statistical linear
regression of the measurement function w.r.t. the predicted
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density [10], [11]. Iterated filters can improve performance by
iteratively taking into account the value of the measurement
in the chosen linearisation. For instance, the iterated EKF
performs iterated analytical linearisations [12], and the iterated
posterior linearisation filter (IPLF) [13]–[15] performs iterated
statistical linear regressions (SLRs) to seek the linearisation
of the measurement function that minimises the mean square
linearisation error given the measurement.

In distributed state estimation, there are different approaches
to perform the information fusion. One option is to perform
consensus on the node estimates [16]. Another approach,
which we refer to as consensus on measurements (CM),
is to perform consensus on the measurement information
vectors and matrices [17]. A third approach is consensus on
information (CI) in which the nodes carry out consensus on
the information vectors and matrices of the posterior [18],
as in the covariance intersection algorithm [19]. A fourth
approach combines CM and CI, hybrid CM CI (HCMCI),
by performing consensus on the prior and the likelihood, and
then combining both results with a weighting factor [20]–[22].
These consensus algorithms either use analytical linearisation
at the prior means [17], [20] or use sigma-points [23]–[26] to
deal with non-linearities in the update.

The contributions of this paper are three. First, we present
a consensus algorithm for measurement models described
by their conditional mean and covariance given the state.
This measurement model is more general than the standard
additive Gaussian noise measurement model and increases
the range of applicability of Kalman-based consensus algo-
rithms. Second, we propose the consensus IPLF algorithm
that performs iterated SLRs to improve performance in the
presence of high measurement nonlinearities. The consensus
IPLF algorithm can work in combination with the CM, CI
and HCMCI consensus methodologies. Third, we show how
the consensus IPLF algorithm reduces to previously proposed
consensus approaches with suitable choices of parameters,
therefore providing a general family of consensus algorithms.

II. PROBLEM FORMULATION AND BACKGROUND

This paper deals with distributed estimation of a state vector
x ∈ Rnx . The state can be time-varying, but we focus on the
update step and drop time indices for notational simplicity.

We consider a network consisting of two types of nodes:
communication nodes, which can communicate with neigh-
bouring nodes, and sensing nodes, which can additionally take
noisy measurements of the state vector [20]. The network
is represented by the triplet (S, C,A) where S is the set



of sensing nodes, C is the set of communication nodes, and
A ⊆ N×N , with N = S∪C, is the set of edges (connections).
That is, (i, j) ∈ A if node j receives data from node i,
with (i, i) ∈ A. In addition, we use N i to denote the set
of neighbours that send data to i (including node i itself).

The belief of each node i ∈ N about x, based on its prior
knowledge, is represented by a Gaussian distribution

pi (x) = N (x;xi, Pi) (1)

where xi is the mean and Pi is the covariance matrix. Ideally,
all nodes have the same prior knowledge about the state, but
this may not be the case as the nodes may not have reached an
agreement on the mean and covariance at previous time steps.

A sensing node i ∈ S takes a measurement zi ∈ Rnz [27]

zi = hi(x) + ηi (x) , (2)

where hi(x) = E [zi|x] is the expected value of zi given
x, and ηi (x) is a zero-mean noise uncorrelated with hi(x)
with covariance matrix Ri (x) = C [zi|x], which denotes
the covariance matrix of zi given x. Given the state x, the
sensor measurements are independent. The function hi(x)
corresponds to the i-th sensor measurement function [20].

In this work, the objective is that each node estimates the
mean and covariance of the posterior of x, by using its own
measurement and information exchanged with its neighbours.

A. Enabling approximation
The standard approach to obtain a Gaussian approximation

of the posterior for nonlinear/non-Gaussian measurements is
to linearise the model (2) as [8, Sec. 9.1] [13], [14]

zi ≈ Aix+ bi + ri, (3)

where matrix Ai ∈ Rnz×nx , vector bi ∈ Rnz and ri is a zero-
mean, white Gaussian noise with covariance Λi ∈ Rnz×nz ,
independent of x, and independent of rj for j ̸= i.

Once each node chooses an enabling approximation of the
form (3), due to the properties of the Gaussian distribution,
the posterior of node i ∈ S

pi (x |zi ) ∝ p (zi |x ) pi (x) (4)

becomes Gaussian with its mean xu
i and covariance matrix

Pu
i , both given by the Kalman filter update [8, Chap. 9].

Specifically, as the consensus algorithms (CI, CM, HCMCI)
work in information form, we write the prior and posterior
information matrices and information vectors as

Ωi = P−1
i , Ωu

i = (Pu
i )

−1
, (5)

qi = P−1
i xi, qui = (Pu

i )
−1

xu
i . (6)

Then, the Kalman filter update in information form is [28]

Ωu
i = Ωi + δΩi, qui = qi + δqi (7)

where the measurement information matrix and vector are

δΩi = AT
i Λ

−1
i Ai, δqi = AT

i Λ
−1
i (zi − bi) . (8)

Under approximation (3), the consensus algorithms also
have closed-form messages [20]. Therefore, estimation per-
formance only depends on the choice of (Ai, bi,Λi) such that
(3) closely approximates (2), and on the consensus algorithm
for the linearised model.

III. CONSENSUS IPLF ALGORITHM

This section explains consensus for affine measurement
models, the concept of SLR, and consensus IPLF.

A. Consensus for affine measurement models

In consensus, each node computes a weighted average of
the information received from its neighbours, and repeats
this process L times. To compute the weighted average, the
consensus weights are πi,j , j ∈ N i with πi,j > 0 and∑

j∈N i πi,j = 1, ∀i ∈ N . The pseudocode of the HCMCI
and CM consensus algorithms with approximation (3) are
provided in Algorithm 1 [20]. HCMCI performs consensus
on the prior information matrices and vectors, (5) and (6),
and also consensus on the measurement information matrices
and vectors (8). In CM and HCMCI, there is also a correction
factor ωi [20] that multiplies the measurement information
mean δqi(L) and covariance δΩi(L), see Algorithm 1, adding
a degree of freedom to the consensus algorithms.

If we set ωi = 1, the HCMCI algorithm corresponds
to CI, in which we perform the consensus on the updated
information matrices and vectors of the sensors. For one
consensus iteration L = 1 and ωi = 1, the resulting algorithm
is the covariance intersection algorithm, which is a robust data
fusion algorithm in the presence of unknown correlations [19],
applied to each sensor neighbours. The CM algorithm only
performs consensus on the measurement information matrices
and vectors, but not on the prior. If we set ωi = |N | and all
nodes have the same prior, CM and HCMCI tend to the exact
Kalman filter update asymptotically as L → ∞. However,
setting ωi = |N | may lead to an overestimation of δΩi when
only a limited number L of consensus steps is carried out.
Therefore, in the simulation examples, ωi in HCMCI and
CM is computed only once offline, before processing any
measurements, using the consensus method in [20, Eqs. (3)-
(4)]. This choice preserves consistency of each local update
(without the overestimation of δΩi).

B. Statistical linear regression

This section provides the optimal approximation (3) by
minimising the mean square error of the linearisation w.r.t.
a Gaussian density on x with mean xi and covariance Pi. The
resulting parameters (Ai, bi,Λi) are given by SLR [14]

A+
i = C [x, hi (x)]

T
P−1
i , (9)

b+i = E [hi (x)]−A+
i xi (10)

where E [·] and C [·, ·] denote the expected value and cross
covariance w.r.t. x. The resulting mean square error matrix is

Λ+
i = E [Ri (x)] + C [hi (x)]−A+

i Pi

(
A+

i

)T
. (11)

The statistical moments required to compute the SLR pa-
rameters

(
A+

i , b
+
i ,Λ

+
i

)
can be approximated using sigma-

points and weights that match the moments xi and Pi [8],
[10]. The standard approach in centralised filtering is to use
SLR w.r.t. the prior, giving rise to sigma-point Kalman filters
[8]. It is also possible to approximate the moments in (9)-(11)



Algorithm 1 Consensus for affine measurement models
Input: Prior information vectors and matrices, qi and Ωi

∀i ∈ N , model parameters (Ai, bi,Λi) ∀i ∈ S, measurements
zi ∀i ∈ S, consensus weights πi,j ,∀i ∈ N , j ∈ N i, correction
factor ωi ∀i ∈ N , number L of consensus steps, type of
consensus (HCMCI or CM).
Output: Posterior means and covariances, xu

i and Pu
i ∀i ∈ N .

- Set Ωi(0) = Ωi and qi(0) = qi ∀i ∈ N . ▷ Initiation
- Compute δΩi(0) and δqi(0) using (8) ∀i ∈ S.
- Set δΩi(0) = 0 and δqi(0) = 0 ∀i ∈ C.
for ℓ = 0 to L− 1 do ▷ Consensus measurements

- δqi(ℓ+ 1) =
∑

j∈N i πi,jδqj(ℓ).
- δΩi(ℓ+ 1) =

∑
j∈N i πi,jδΩj(ℓ).

if HCMCI then ▷ Consensus priors
- qi(ℓ+ 1) =

∑
j∈N i πi,jqj(ℓ).

- Ωi(ℓ+ 1) =
∑

j∈N i πi,jΩj(ℓ).
end if

end for
if HCMCI then ▷ Update

- qui = qi(L) + ωiδqi(L).
- Ωu

i = Ωi(L) + ωiδΩi(L).
else if CM then

- qui = qi(0) + ωiδqi(L).
- Ωu

i = Ωi(0) + ωiδΩi(L).
end if
- Obtain Pu

i and xu
i using (5) and (6) ∀i ∈ N .

by analytical linearisation, that is, using a first order Taylor
series of hi(x) at the prior mean, and evaluating Ri (x) at the
prior mean [14, Eq. (8)].

C. Consensus IPLF
In an ideal centralised setting, we would like to select

(Ai, bi,Λi) in (3) via SLR w.r.t. the posterior, not the prior, as
this takes into account the value of the current measurements
[13]. In practice, this approach requires an iterated procedure
in which we perform SLR w.r.t. the current approximation
of the posterior. The obtained SLR is used to obtain a better
approximation to the posterior, which in turn is used at the
next linearisation iteration, and gives rise to the IPLF.

The extension of the IPLF to distributed settings is as fol-
lows. We start with the prior mean and covariance xu

i (0) = xi

and Pu
i (0) = Pi at each node. At the j-th IPLF iteration, we

perform SLR of the measurement using (9)-(11) w.r.t. xu
i (j)

and Pu
i (j) obtaining (Ai(j + 1), bi(j + 1),Λi(j + 1)) for all

sensing nodes. Then, we can use a consensus algorithm (CI,
CM or HCMCI) based on this linearised model to obtain the
updated mean xu

i (j + 1) and covariance Pu
i (j + 1) for each

node at IPLF iteration j + 1 using Algorithm 1. It should
be noted that these IPLF iterations do not change the prior
information vectors and matrices in Algorithm 1. The IPLF
iterations only change the choice of (Ai, bi,Λi). This proce-
dure is repeated for J iterations, or by using a convergence
criterion [13, Eq. (30)]. The pseudocode of consensus IPLF
is shown in Algorithm 2, which can be used in combination
with the CM, CI and HCMCI consensus strategies, as part of
Algorithm 1.

It should be noted that, with the current description, consen-
sus IPLF with HCMCI and CI performs consensus on priors
at each IPLF iteration, which is not necessary. In practice,
consensus on priors can be done only once before the IPLF
iterations in Algorithm 2. Nevertheless, we present consensus
IPLF via Algorithms 1 and 2 for clarity in the explanation.
As L → ∞, with ωi = |N | and all nodes having the same
prior, both HCMCI and CM tend to the centralised IPLF
implementation. HCMCI usually works better than CM with
few consensus steps, but CM requires less computations [20].

For measurement models with additive Gaussian noise, we
explain the proposed algorithm in Appendix A. In particular,
for SLR approximated via analytical linearisation and J = 1,
the consensus IPLF algorithms become the EKF consensus
algorithms in [20]. In addition, with SLR approximated via
the unscented transform with Λ+

i = 0, the CM approach and
J = 1, the consensus IPLF algorithm becomes the consensus
algorithm in [23]. For SLR approximated via cubature points,
Λ+
i = 0 and J = 1, the consensus IPLF algorithm becomes

the algorithm in [25] for the CI approach, and the algorithm
in [26] for the HCMCI approach. Since for linear models,
the consensus IPLF-HCMCI is analogous to the HCMCI
algorithm, both have the same stability properties [20], [29].
In addition, the computational complexity of consensus IPLF
for each node is O

(
J
(
n3
x + Ln2

x

))
, where n3

x is due to the
matrix inverses, n2

x due to the matrix sums in each consensus
step, and J and L due to the number of iterations.

It should be noted that this paper has presented the update
step. The prediction step is done by each sensor via a Gaussian
prediction step. For instance, each sensor performs the Kalman
filter prediction for linear Gaussian dynamic models, or a
nonlinear Kalman filter prediction, such as the UKF prediction,
for non-linear dynamic models [8].

Algorithm 2 Consensus IPLF update step
Input: Prior means and covariances, xu

i (0) = xi and Pu
i (0) =

Pi ∀i ∈ N , conditional mean and covariance of the measure-
ment hi(x) and Ri (x) ∀i ∈ S, measurements zi ∀i ∈ S ,
consensus weights πi,j ,∀i ∈ N , j ∈ N i, correction factor ωi

∀i ∈ N , number L of consensus steps, and number J of IPLF
steps.
Output: Posterior means and covariances, xu

i and Pu
i ∀i ∈ N .

- Calculate qi and Ωiusing (5) and (6) ∀i ∈ N .
for j = 0 to J − 1 do

- Obtain Ai(j + 1), bi(j + 1),Λi(j + 1) via SLR of the
measurement (9)-(11) w.r.t. xu

i (j) and Pu
i (j) ∀i ∈ S.

- Obtain xu
i (j + 1) and Pu

i (j + 1) via consensus
(Algorithm 1) with inputs:

◦ qi and Ωi ∀i ∈ N (unchanged by iteration j).
◦ Ai(j + 1), bi(j + 1),Λi(j + 1) ∀i ∈ S.

end for

IV. SIMULATIONS

This section analyses the performance of the proposed
consensus IPLF in a distributed tracking example1. The units

1Matlab code is available at https://github.com/Agarciafernandez.



of all quantities are in the international system and are not
given explicitly. The target state at time step k contains
its position [px,k, py,k]

T and velocity [vx,k, vy,k]
T such that

xk = [px,k, vx,k, py,k, vy,k]
T . The dynamic model has a

transition density [9]

p (xk+1|xk) = N (xk+1;Fxk, Q) (12)

F =I2 ⊗
(

1 τ
0 1

)
, Q = qI2 ⊗

(
τ3/3 τ2/2
τ2/2 τ

)
(13)

where ⊗ is the Kronecker product, the sampling time is τ = 2
and q = 16. The prior at time step 0 for all the nodes is
Gaussian with mean x0 = [2000, 15, 4000, 5]

T and covariance

P0 =


σ2 0 ρσ2 0
0 4 0 0

ρσ2 0 σ2 0
0 0 0 4

 (14)

where σ = 1500 and ρ = 0.6.
The i-th sensor is located at coordinates si = [sx,i, sy,i]

T

and measures range zr,i,k and bearings zb,i,k. Let d(xk, si) de-
note the distance from target xk to sensor si, and let u (xk, si)
be the unit vector pointing from sensor si towards target xk.
The range and bearings measurements are independent given
the target state and have conditional densities

p (zr,i,k|xk) = N (zr,i,k; d(xk, si), rr) (15)
p (zb,i,k|xk) = V (zb,i,k;u (xk, si) , κ) (16)

where rr = 100 is the variance of the range measurement and
V (·;u, κ) denotes a von Mises density on the unit circle with
mean direction u and concentration parameter κ = 600 [30].

We evaluate distributed tracking performance by Monte
Carlo simulation with 100 runs. The scenario with the target
trajectory, obtained by sampling the dynamic model, and
network is shown in Figure 2 in Appendix B.

The conditional moments for a von Mises distribution
and the computation of its SLR parameters are explained in
[27]. The SLRs for the range and bearings measurements are
done independently in the simulations. We use the unscented
transform in [10, Sec. IV.A] with weight 1/3 at the mean
to select the sigma points to approximate the SLR. The
consensus weights are the Metropolis weights [31]. We have
also implemented a consensus UKF (Cons-UKF) filter with
range-bearings measurements with additive Gaussian noise,
whose bearings noise has variance 1/κ [27, Sev. V.A]. The
implemented cons-UKF filter is implemented with HCMCI
and selects Λ+

i using SLR w.r.t. the predicted density and uses
angle wrapping to deal with the bearings measurements, as in
[32].

At each time step, each node performs its Kalman filter
prediction, which is then followed by the consensus update.
We then calculate the root mean square error (RMSE) account-
ing for all node estimates. We first test the HCMCI algorithm
with J ∈ {1, 3} IPLF iterations and L ∈ {10, 20} consensus
iterations. The IPLF with J = 1 corresponds to the UKF based
on conditional moments in [33].

The RMSE of the position against time for the considered
algorithms, also including the centralised IPLF (cen-IPLF)
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Figure 1: RMSE against time of the consensus (HCMCI) and centralised
algorithms. Increasing the number of IPLF iterations (J) and the con-
sensus iterations (L) improve estimation performance.

algorithm, is shown in Figure 1. Cons-IPLF outperforms
cons-UKF as cons-UKF does not perform iterations and it
uses an additive Gaussian model to deal with the bearings
measurements, which not a principled model for angular
measurements [30]. It can be seen that increasing the number
of iterations, both at an IPLF level and a consensus level,
increase the estimation performance. The IPLF iterations are
specially useful to lower the estimation error at the beginning
of the simulation, as there is a high uncertainty in the prior, in
relation to the measurement noise, so a UKF-type of algorithm
does not produce an accurate estimation [34]. We can also see
that the consensus IPLF with J = 3 works better than the
centralised IPLF with J = 3 at the start of the simulation.
This suggests that the number of IPLF iterations required
for convergence is lower in the consensus filter than in the
centralised filter. With a higher number of IPLF steps, the
centralised IPLF outperforms the consensus IPLF.

Appendix B shows the RMSE considering all time steps
and the computational times of the algorithms. On the whole,
cons-IPLF iterations improve filtering performance, with an
increase in computational cost.

V. CONCLUSIONS

This paper has presented the consensus IPLF for distributed
state estimation. This algorithm generalises previous consen-
sus filtering algorithms by first considering a more general
measurement model, characterised by the conditional mean
and covariance. This more general model is for example
required to deal with direction-of-arrival measurement in a
principled manner, e.g., via von Mises distributions. The
algorithm also generalises previous consensus algorithms by
enabling iterated statistical linear regressions of the measure-
ments to improve estimation performance. The benefits of the
IPLF iterations are shown via numerical examples.
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Supplemental material: “Consensus
iterated posterior linearisation filter
for distributed state estimation”

APPENDIX A

In this appendix, we explain the consensus IPLF algorithm
when the measurement model has additive Gaussian noise, as
in standard consensus filtering problems [20]. In this case, the
measurement model is

zi = hi(x) + ηi, (17)

where ηi is a zero-mean Gaussian noise with covariance matrix
Ri. Note that compared with the measurement model (2), we
have the same measurement function, and now the covariance
matrix of the noise does not depend on x, such that, Ri (x) =
C [zi|x] = Ri.

The SLR parameters A+
i and b+i are also given by (9) and

(10), and Λ+
i , which is given by (11), simplifies to

Λ+
i = Ri +C [hi (x)]−A+

i Pi

(
A+

i

)T
. (18)

Then, the consensus IPLF proceeds as in Algorithm 2. Note
that, when we use a sigma-point approximation, parameter
Λ+
i considers the original noise covariance Ri plus the terms

C [hi (x)]−A+
i Pi

(
A+

i

)T
, which correspond to the covariance

matrix of the linearisation error [35]. This modification of the
noise covariance matrix for the linearised model is present in
centralised unscented/cubature Kalman filters [10], [11], [36],
[37], as it is required so that each node in isolation performs
its own unscented/cubature Kalman filter. On the contrary,
the distributed sigma-point Kalman filters in [23]–[26] do not
account for this extra term.

APPENDIX B

This appendix provides additional information on the sim-
ulation results. The scenario contains 50 time steps. Figure 2
shows the considered scenario, including the target trajectory
and the network of nodes. The network has a total of 50 nodes,
including 10 sensor nodes and 40 communication nodes.
Samples from the von Mises distribution for the bearings
measurements are obtained with the toolbox in [38].

Table I shows the RMSE considering all time steps for
the IPLF versions of the consensus algorithms HCMCI, CM,
CI, and also the centralised version. As expected the best
algorithm is the centralised IPLF with 5 IPLF iterations.
Among the consensus algorithms, the best algorithm is the
IPLF with CM (L = 20 and J = 5) followed by the IPLF
with HCMCI (L = 20 and J = 5). Increasing the number of
IPLF iterations lowers the RMSE for all algorithms. If only
one IPLF iteration is considered (as in previous distributed
filtering papers), all algorithms have a high error due to the
high nonlinearities at the beginning of the simulation.

The computational times (one Monte Carlo run, each run
consisting of 50 time steps) of the Matlab implementations
of the algorithms on an Intel core i5 laptop are shown in
Table II. Cons-IPLF HCMCI and Cons-IPLF CI have the same

Table I: RMSE across all time steps

IPLF iterations (J) 1 3 5
Cons-IPLF HCMCI (L = 10) 125.47 5.56 5.54
Cons-IPLF HCMCI (L = 20) 133.92 4.40 4.38

Cons-IPLF CM (L = 10) 125.57 5.65 5.62
Cons-IPLF CM (L = 20) 133.96 4.33 4.31
Cons-IPLF CI (L = 10) 97.10 9.04 8.39
Cons-IPLF CI (L = 20) 101.08 7.47 7.10

Cons-UKF HCMCI (L = 10) 71.24
Cons-UKF HCMCI (L = 20) 49.19

Cen- IPLF 148.14 4.93 2.66

computational times, while Cons-IPLF CM is faster as it does
not perform consensus on priors. For all algorithms, as J or L
increases, the computational time increases. It should also be
mentioned that the computational times would be lower with
a distributed implementation in which each node performs its
computations in parallel, as it would be the case in a real
sensor network. In this case, the computational times for each
sensor node would be around 1/50 of the reported times.
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Figure 2: Scenario of the simulations. The network is the same as in [39].
The network edges are shown as blue lines. There are 40 communication
and 10 sensor nodes.

Table II: Computational times of the algorithms in seconds

IPLF iterations (J) 1 3 5
Cons-IPLF HCMCI (L = 10) 0.8 1.6 2.3
Cons-IPLF HCMCI (L = 20) 1.5 3.0 4.6

Cons-IPLF CM (L = 10) 0.4 1.2 2.0
Cons-IPLF CM (L = 20) 0.8 2.4 4.1
Cons-IPLF CI (L = 10) 0.8 1.6 2.3
Cons-IPLF CI (L = 20) 1.5 3.0 4.6

Cons-UKF HCMCI (L = 10) 0.8
Cons-UKF HCMCI (L = 20) 1.5

Cen- IPLF 0.06 0.12 0.17


