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Abstract: Air quality and weather monitoring over large geographical areas is typically performed using expensive equipment, which
limits spatial resolution and coverage. Wireless sensor networks (WSN) technology enables the large-scale deployment of affordable
sensing nodes. However, such networks operate under challenging conditions, including noisy measurements, missing data, faulty
sensor readings, and the absence of reliable noise statistics. These factors significantly degrade the performance of conventional dis-
tributed estimators that rely on accurate stochastic models. Because low-cost sensors are typically not very reliable and inherently noisy,
distributed estimators exploit spatial redundancy to mitigate individual sensor imperfections. In this work, we develop a distributed
unbiased finite impulse response (UFIR) filtering framework to conduct robust ambient temperature estimation in WSNs under real-
istic data-quality constraints. The proposed method combines local UFIR estimation, which does not require prior knowledge of noise
statistics, with a consensus-based information fusion mechanism that enables cooperative estimation across the network. This structure
enhances robustness against missing measurements and allows the evaluation of performance in the presence of faulty sensor readings
and the absence of reliable knowledge about noise statistics while preserving distributed operation. The solution is validated using real
environmental measurements containing missing data, together with an analysis of the influence of network connectivity on estimation
performance. Results demonstrate that the proposed estimator achieves accurate and stable temperature estimation across the network
even under significant data degradation, confirming its suitability for real-world WSN monitoring applications.
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1. Introduction

Large-scale environmental and weather monitoring systems
rely on measurements collected over wide geographic areas using
networks of sensing stations. In many practical deployments, the
high cost of precision instrumentation limits the number of sta-
tions that can be installed, which in turn restricts spatial resolution
and redundancy. To overcome this limitation, wireless sensor net-
work (WSN) technologies have emerged as an effective alternative,
enabling the use of low-cost sensors deployed in large numbers.
However, the reduced reliability of such sensors, together with
harsh environmental conditions, frequently leads to missing data,
corrupted measurements, and uncertain noise characteristics.

From an estimation standpoint, these conditions pose sig-
nificant challenges to classical centralized processing schemes.
Decentralized estimation strategies have gained relevance as they
allow cooperative processing among neighboring nodes while
reducing communication and computation demands by exploit-
ing information redundancy. Among existing estimators, Kalman
filter (KF)–based solutions are widely adopted due to their opti-
mality under ideal assumptions. Nevertheless, their performance
may degrade severely when noise statistics are unknown, measure-
ments are intermittent, or sensor faults occur, which are common
situations in real-world WSN applications.
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To address these limitations, finite-horizon estimators have
been shown to provide improved robustness by avoiding reliance
on precise statistical information and long-term model assump-
tions. In particular, the unbiased finite impulse response (UFIR)
filtering framework has demonstrated strong resilience to model-
ing uncertainties, missing observations, and non-Gaussian distur-
bances. When combined with distributed consensus mechanisms,
UFIR-based methods become especially attractive for WSN sce-
narios, where local processing and limited communication are
essential.

In this work, we develop and analyze a distributed implemen-
tation of the UFIR filter based on an estimate-consensus protocol
(distributed UFIR [dUFIR]) for distributed ambient temperature
monitoring. The proposed framework integrates local finite-
horizon unbiased estimation with a matrix-weighted consensus
correction mechanism, enabling fully distributed operation with-
out requiring prior knowledge of noise covariance statistics. The
formulation explicitly accounts for intermittent measurements and
constrained connectivity, and its behavior in the presence of per-
sistently faulty readings is evaluated experimentally rather than
addressed through explicit fault-detection mechanisms. Using
real-world environmental data, the dUFIR estimator is systemat-
ically assessed in terms of noise attenuation, data reconstruction
capability, and consensus behavior among neighboring nodes.
The results demonstrate that reliable estimation can be achieved
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under realistic operating conditions, highlighting the practical
applicability of the proposed dUFIR framework.

2. Literature Review

The use of WSN technologies for weather monitoring has
become popular in recent years [1–5]. This imposes important
restrictions on the data acquisition techniques, which are due
to limited battery life and processing power [6–9]. This requires
the development of appropriate algorithms to ensure the effi-
cient use of WSN resources [10–13]. From this perspective,
distributed filtering contributes to energy efficiency by reducing
the local computational load while still enabling real-time estima-
tion. Using distributed methods, each node estimates a quantity
Q, and a consensus procedure is used to combine the estimates,
measurements, or information across the network.

The KF is most widely used to fuse sensor data [14–17] pri-
marily due to its optimality and low computational complexity.
Accordingly, we find many efficient KF-based state estimation
algorithms addressing the consensus problem in WSNs. A solu-
tion proposed in Olfati-Saber’s study [18] requires each node to
locally aggregate data and the covariance matrices taken from
the neighbors. At the posterior phase, an estimate is computed
using a KF with a consensus term; for example, in the study con-
ducted by Carli et al. [19], the fusion KF has been developed for
local estimation using a consensus matrix. More recent distributed
observer-based frameworks have extended these ideas to scenarios
involving switching communication topologies, unknown inputs,
and quantized information exchange. For instance, the work con-
ducted by Yang et al. [20] establishes convergence guarantees
under jointly connected communication graphs for linear time-
invariant (LTI) systems, while the study by Yu et al. [21] derives
estimator gains by minimizing upper bounds on the error covari-
ance in the presence of quantized communication constraints.
Additionally, distributed estimation under stochastic communi-
cation failures and energy-aware transmission mechanisms has
been investigated in the study by Chen et al. [22]. These contri-
butions provide rigorous mathematical guarantees under explicit
stochastic modeling assumptions and well-defined system dynam-
ics. Despite their strong theoretical foundation, such model-based
distributed observer and covariance-driven estimation frameworks
rely on explicit system modeling assumptions and structured
statistical descriptions.

It is worth noting that the KF optimality is guaranteed
only under complete knowledge of the Gaussian noise statistics,
accurate process modeling, and initial conditions [23]. If these
conditions are not met, the KF performance may significantly
degrade and become unacceptable [24]. On the other hand, the
filters operating over finite data horizons have better robustness.
For example, an UFIR filter developed in Vazquez-Olguin et al.’s
study [25] with consensus on measurements has demonstrated
better robustness than KF for WSN.

According to Vazquez-Olguin et al. [24], a dUFIR filter
has been developed, implementing the consensus on estimates
and tested over a WSN for a rapidly maneuvering object. Better
performance compared to the KF and H∞ filter was also shown.

One of the most challenging issues in WSN is missing data.
It can be addressed using KF and UFIR approaches augmented
with prediction blocks [26]. For example, a consensus finite-
horizon H∞ filter was developed in the study by Shen et al. [27]
under missing data.

It is worth noting that the real-life sophisticated applications,
such as weather monitoring, often suffer from data loss and false
packets as well as uncertain noise and disturbances. This issue is

Figure 1
Historical temperature measurements from a single node

illustrated in Figure 1 for temperature measurements taken from
a weather station.

To cope with such problems, in this work, we develop and use
the dUFIR filter under unknown statistics. We test this solution
under minimum link requirements and evaluate the robustness and
the ability to reconstruct data in scenarios involving missing or
corrupted measurements.

While existing distributed Kalman-based approaches rely
on explicit stochastic covariance modeling and often assume
reliable communication among nodes, their performance may
degrade significantly in the presence of missing or persistently
faulty measurements. Robust filtering strategies such as H∞
methods address model uncertainties but still require parame-
ter tuning and may increase computational complexity. Previous
dUFIR implementations and consensus-based extensions pri-
marily emphasize the algorithmic decentralization of the finite
impulse response (FIR) structure, with limited analysis of per-
formance under real-world data imperfections and constrained
connectivity conditions. In contrast, the proposed dUFIR-based
distributed framework explicitly examines the behavior of the
estimate-consensus structure under realistic data imperfections
and constrained connectivity conditions, using real environmental
measurements. This distinguishes the present contribution from
prior distributed estimation studies focused primarily on idealized
or statistically well-defined environments.

3. Formulation of the dUFIR Filter for Estimation
with Missing Data

Let Q denote a variable of interest observed by a set
of spatially distributed and interconnected sensing nodes. The
discrete-time state-space representation of the system dynamics is
given in Equation (1), where the n-dimensional state vector xk
evolves according to transition matrix Fk and is corrupted by
process disturbances wk.

xk = Fkxk−1 + Bkwk, (1)

ȳ(i)k = H(i)
k (Fkxk−1), (2)

y(i)k = 𝛾k (H(i)
k xk + v(i)k ) + (1 − 𝛾k) ȳ(i)k , (3)

yk = Hkxk + vk, (4)

Each node performs local measurements of the system state
through an observation model defined by Equations (2) and (3).
In practical WSN deployments, measurements may be intermit-
tently unavailable due to communication failures, sensor faults, or
power limitations. To capture this behavior, a binary indicator 𝛾k
is introduced, which distinguishes between available (𝛾k = 1) and
missing (𝛾k = 0) measurements. If a measurement is unavailable,
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a predicted observation based on a previous estimation is used
instead.

The sensing nodes are modeled as vertices of an undirected
graph, where communication links define neighborhood relation-
ships. Each node acquires a local measurement vector y(i)k , while
the aggregated local observation vector yk is formed by stacking
the measurements received from the one-hop neighboring nodes
j ∈ Ni, where Ni is the set of one-hop neighbors of node i and
Ji ≜ |Ni| is the number of such neighbors. Measurement noise
and process disturbances are assumed to be zero mean, not nec-
essarily Gaussian, and mutually uncorrelated, which reflects the
uncertainty typically encountered in low-cost sensing platforms.

This modeling framework allows the estimation problem to
be formulated in a distributed manner while explicitly accounting
for missing data and uncertain noise characteristics. The resulting
structure serves as the basis for the development of a robust dis-
tributed estimation scheme that does not rely on precise statistical
assumptions and is suitable for real-world WSN applications.

3.1. Predictive dUFIR filter for lost data

In the dUFIR framework, a consensus mechanism is intro-
duced to mitigate discrepancies among local estimates produced
by neighboring nodes. This mechanism is governed by the opti-
mal consensus weighting matrix 𝜆optk ∈ R

n × n, which regulates
the influence of neighboring information on the final distributed
estimate as follows:

x̂ck = x̂k + 𝜆optk Σk, (5)

where x̂ck is the consensus estimate at instant k. The

centralized estimate x̂k and the individual estimates x̂(i)k are
obtained as

x̂k = Km,kYm,k, (6)

x̂(i)k = K(i)
m,kY(i)

m,k. (7)

Using these estimates, a consensus protocol Σk = ∑ j𝜖Ni(x̂( j)k −x̂(i)k ) can be used to minimize the disagreement between the

first-order neighbors [18]. The consensus weighting matrix 𝜆optk is
chosen by minimizing the trace of the estimation error covariance
P(𝜆k) = E{𝜖𝜖T} where 𝜖 = x − x̂c.

𝜆optk = argmin𝜆k {trP(𝜆k)}. (8)

3.2. Design of the batch dUFIR filter

The main goal of the batch dUFIR filter design is to deter-

mine its gain Km,k and the individual gains K(i)
m,k. To this end, we

express the model Equations (1)–(4) in the extended state-space
form over horizon N as described in Shmaliy and Zhao’s study
[23],

Xm,k = Am,kxm +Dm,kWm,k, (9)

Ym,k = Cm,kxm +Mm,kWm,k + Vm,k, (10)

Y(i)
m,k = C(i)

m,kxm +M(i)
m,kWm,k + V(i)

m,k, (11)

where Xm,k = [ xTm xTm+1 . . . xTk ]T, Ym,k =[ yTm yTm+1 . . . yTk ]T, Wm,k = [wTm wTm+1 . . . wTk ]T,
Vm,k = [ vTm vTm+1 . . . vTk ]T, Y(i)

m,k = [ y(i)Tm y(i)Tm+1 . . . y(i)Tk ]T,
V(i)
m,k = [ v(i)Tm v(i)Tm+1 . . . v(i)Tk ]T, and the extended matrices are

defined as follows:

Am,k = [I FTm+1 . . . (Fm+1
k )T]T , (12)

Dm,k =
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

Bm 0 . . . 0 0

Fm+1Bm Bm+1 . . . 0 0

⋮ ⋮ ⋱ ⋮ ⋮
F

m+1
k−1 Bm F

m+2
k−1 Bm+1 . . . Bk−1 0

F
m+1
k Bm F

m+2
k Bm+1 . . . FkBk−1 Bk

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

, (13)

with Cm,k = Cm,kAm,k, Mm,k = Cm,kDm,k, C(i)
m,k = C

(i)
m,kAm,k,

M(i)
m,k = C

(i)
m,kDm,k, where

Cm,k = diag (Hm Hm+1 . . . Hk) , (14)

C
(i)
m,k = diag (H(i)

m H(i)
m+1 . . . H

(i)
k ) , (15)

F
r
l = {FlFl−1. . .Fr, r < l + 1

I , r = l + 1
0 , r > l + 1

. (16)

Equation (5) can now be formulated as

x̂ck = Km,kYm,k + Ji𝜆optk Km,kYm,k − Ji𝜆optk K(i)
m,kY(i)

m,k. (17)

Because the robust UFIR filter does not rely on initial
conditions, the unbiasedness requirement must be explicitly incor-
porated into the distributed, centralized, and local estimation
processes, as expressed by the following relations:

E{x̂ck} = E{x̂k} = E{x̂(i)k } = E{xk} , (18)

where the state model is given by

xk = F
m+1
k xm +Dm,kWm,k, (19)

with Dm,k = [Fm+1
k Bm F

m+2
k Bm+1 . . . FkBk−1 Bk]. The

corresponding matrices can now be computed by

Km,k = GkC
T
m,k, (20)

K(i)
m,k = G(i)

k C(i)T
m,k (21)

where Gk = (CT
m,kCm,k)−1 and G(i)

k = (C(i)T
m,k C(i)

m,k)−1.
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3.3. Optimum consensus matrix 𝜆opt𝑘
The optimal consensus factor 𝜆optk can be found by min-

imizing the trace of the error covariance Pk = E{𝜀k𝜀Tk } as
follows:

𝜕𝜕𝜆k trPk = 0, (22)

where 𝜀k = xk − x̂ck is the estimation error. This gives

𝜆optk = − 1

Ji
(Km,kRm,kKT

m,k − GkG
(i)−1

k K(i)
m,k×R(i)

m,kK(i)T
m,k )(Km,kRm,kKT

m,k − 2GkG
(i)−1

k×K(i)
m,kR(i)

m,kK(i)T
m,k + K(i)

m,kR(i)
m,kK(i)T

m,k )−1

(23)

where the matrices are defined by

Rm,k = E {vm,kvTm,k} = diag (Rm . . .Rk),
R
(i)
m,k = E {v(i)m,kv(i)Tm,k } = diag (R(i)

m . . .R(i)
k ),

R̃(i)
m,k = E {vm,kv(i)Tm,k } = diag (R̃(i)

m . . . R̃(i)
k ).

Although the resulting expression for 𝜆optk involves
covariance-related terms associated with both centralized and
individual estimates, it can be computed offline when time-
invariant models are considered and subsequently embedded
into the sensor nodes. This avoids additional computational bur-
den during online operation and is consistent with the resource
constraints typical of WSNs.

In practical implementations, directly applying Equation (17)
at the sensor nodes may be impractical due to the high dimension-
ality of the involved matrices and the limited memory resources
available in WSNs. For this reason, more efficient recursive formu-
lations of Equation (17) are required. The corresponding iterative
algorithm is developed next.

3.4. Iterative dUFIR filter using recursions

Recursive forms for the batch dUFIR filter were derived
in Shmaliy and Zhao’s study [23]. Based on this result, the iterative
centralized estimator algorithm can be stated as follows. Consider
a n-dimensional state-space model over the horizon [m, k], where
m = k − N + 1. Introduce index variable l, starting at l = k – N
+ n + 1, and ending up at l = k. Use the following recursions:

Gl = [HT
l Hl + (FlGl−1F

T
l )−1]−1, (24)

x̂l = Flx̂l−1, (25)

x̂l = x̂−l + GlH
T
l (yl −Hlx̂

−
l ) . (26)

Compute the starting values Gl−1 and x̂l−1 at s = k −N + n by

Gs = (CT
m,sCm,s)−1, (27)

x̂cs = GsC
T
m,sYm,s. (28)

For the individual estimate x̂(i)k , accordingly write

G(i)
l = [H(i)T

l H(i)
l + (AlG

(i)
l−1A

T
l )−1]−1, (29)

x̂(i)−l = Alx̂
(i)
l−1 (30)

x̂(i)l = x̂(i)−l + G(i)
l H

(i)T
l (y(i)l −H(i)

l x̂
(i)−
l ) , (31)

computing the initial values by

G(i)
s = (C(i)T

m,s C(i)
m,s)−1, (32)

x̂(i)s = G(i)
s C(i)T

m,s Y(i)
m,s. (33)

By integrating Equations (24)–(33), we can summarize the
resulting steps of the iterative dUFIR algorithm with estimate
consensus in Algorithm 1.

The above formulation emphasizes the central contribution
of this work. The conventional finite-horizon UFIR estimator is
extended through the incorporation of a matrix-weighted con-
sensus correction term, resulting in a fully distributed update
mechanism. In contrast to scalar consensus gains commonly
adopted in distributed filtering schemes, the proposed weighting
matrix is obtained by minimizing the trace of the distributed esti-
mation error covariance. This matrix-valued optimization enables
state-dependent adjustment of the consensus contribution while
preserving the unbiased finite-horizon structure of the origi-
nal UFIR estimator. Consequently, the distributed formulation
retains the robustness properties of FIR estimation while allowing
cooperative information fusion over locally connected networks.

Algorithm 1: Iterative Implementation of the Distributed UFIR
Filter

Data: yk, R(i)
k , Rk, 𝜆optk

Result: x̂k
begin
For k = N − 1,N,N + 1, . . . do

m = k − N + 1, s = m + n − 1;
Gs = (CT

m,sCm,s)−1;
G(i)
s = ((C(i)

m,s)TC(i)
m,s)−1;

If 𝛾k = 0 then

y( j)k = H( j)
k Fkx̂

( j)
k−1, ∀ j ∈ Ni;

End if

x̃s = GsC
T
m,sYm,s.

x̃(i)s = G(i)
s C(i)T

m,s Y(i)
m,s.
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For l = s + 1, s + 2, . . . , k do

x̂−l = Flx̂l−1;
x̂(i)−l = Flx̂

(i)
l−1;

Gl = [HT
l Hl + (FlGl−1F

T
l )−1]−1;

G(i)
l = [(H(i)

l )TH(i)
l + (FlG(i)

l−1F
T
l )−1]−1;

x̂l = x̂−l + GlH
T
l (yl −Hlx̂

−
l ) .

x̂(i)l = x̂(i)−l + G(i)
l (H(i)

l )T (y(i)l −H(i)
l x̂(i)−l ) ;

End for

x̂ck = (I + Ji𝜆optk ) x̂k − Ji𝜆optk x̂(i)k .
End for

End
Note: First data y0, y1, . . ., yN−1 must be available.

4. dUFIR Algorithm for Real Environment
Monitoring

This section evaluates the proposed approach using a real-
world dataset of ambient temperature measurements collected at
the Grand St. Bernard pass (2400 m altitude), located at the
border between Switzerland and Italy. The dataset was acquired
during a field campaign conducted in 2007 within the framework
of the Sensorscope project [28, 29], which aimed at developing
large-scale, distributed environmental monitoring systems based
on WSNs. The measurements, gathered independently by low-
cost sensing nodes, are publicly available and were used here
to assess the performance of the proposed filter. The present
work does not address the physical deployment or hardware
configuration of the sensing infrastructure. Instead, the pro-
posed distributed estimation framework is evaluated offline using
recorded real-world measurements. To test the filter, we follow
the scenarios shown in Figures 2 and 3, where the node loca-
tions are indicated as red markers. For the purposes of analysis,
the network connectivity considered in this paper is not physi-
cally implemented but modeled based on geographical distances
between stations. Also, the raw measurements were aggregated
into one-hour averages, and the associated error variances were
computed for each sensor.

Although the temperature profiles reported by the 11 sensing
nodes exhibit comparable overall trends, several stations present
unstable behavior characterized by extended intervals of missing
data. In addition, certain sensors produce erroneous readings,
such as constant values near −1°C, which cannot be interpreted
as data losses and therefore pose additional challenges for the esti-
mation process. Figure 4 illustrates the one-hour averaged temper-
ature measurements corresponding to selected stations, showing
both missing-data segments and abnormal readings. This behavior
exhibits the different impact of missing and faulty measurements

Figure 2
WSN connectivity graph (modeled based on geographical

distance) for a communication range of 350 m

Figure 3
WSN connectivity graph (modeled based on geographical

distance) for a communication range of 200 m

Figure 4
One-hour averaged temperature measurements illustrating

missing-data segments and persistent faulty readings

on the estimation process. While missing data activate the predic-
tion mechanism of the dUFIR filter, persistent faulty values are
treated as valid observations.

Pdf_Fol io:5 05



Archives of Advanced Engineering Science Vol. 00 Iss. 00 2026

Table 1
Sensor-specific variance estimates used in the experiments

Node 2 3 8 9 10 11 12 13 14 15 20

Variance 0.15 0.16 0.11 0.19 0.13 0.17 0.18 0.20 0.13 0.17 0.15

To apply the proposed dUFIR filtering scheme, the system
dynamics described in Equations (1)–(4) are considered with the
following matrices:

A = [1 𝜏
0 1

] , H(i) = [1 0] ,
where 𝜏 = 1 and B is the identity. The original measure-

ments exhibit irregular time stamps at the minute and second
levels. To obtain a consistent characterization of sensor variabil-
ity, measurements were first averaged over hourly intervals. For
each sensor, the empirical variance was computed at the hourly
level and subsequently averaged over the full observation period
to obtain a representative variance value. These values, reported
in Table 1, are used in the offline computation of the optimal
consensus matrix 𝜆optk according to Equation (23). The matrix𝜆optk is determined under time-invariant structural assumptions
and remains fixed during online operation. It is important to
emphasize that, although sensor dispersion is considered in the
consensus weighting computation, the recursive UFIR estimation
structure itself does not rely on prior stochastic noise covariance
modeling.

Since ground-truth temperature measurements are not avail-
able, direct estimation error evaluation is not feasible. Therefore,
the optimal horizon length Nopt was selected following the mean
square value (MSV)-based optimal memory estimation principle
proposed in Shmaliy and Zhao’s work [23]. The trace of the MSV
was used as an internal consistency metric, and the MSV curves
obtained for each node were averaged across the network to pro-
duce a representative aggregated behavior. The selected horizon
Nopt = 37 corresponds to the minimum of this aggregated MSV
curve.

4.1. Network configuration with a 350 m
communication range

Now, we test the scenario shown in Figure 2. The results
related to the 9th and 2nd stations are shown in Figure 5. As we
can see, the filter provides efficient noise reduction and robustness
in the presence of long data gaps.

A relevant distinction between the behavior of the 9th and
2nd nodes can be observed within the interval 540 < k < 780.
During this period, the measurements from the 2nd station are
entirely unavailable, whereas the 9th station reports spurious read-
ings fixed at −1∘C. It is important to emphasize that the proposed
algorithm activates its prediction mechanism exclusively when
data losses are detected, while erroneous measurements such as−1∘C are treated as valid observations. Despite this limitation,
the distributed nature of the dUFIR filter prevents the estimate of
the 9th station from diverging significantly from those of neigh-
boring nodes. This behavior is illustrated in Figure 6(a), where the
state estimates of all stations are shown. Furthermore, Figure 6(b)
reports the corresponding estimation variances, which serve as a
quantitative measure of disagreement among nodes. As expected,
substantially lower disagreement levels are observed when the
measurements are reliable.

Figure 5
Temperature measurements and corresponding dUFIR estimates

under 350 m connectivity for (a) station 9 and (b) station 2

Figure 6
(a) Distributed state estimates under high connectivity
(range = 350 m). (b) Inter-node disagreement metric

illustrating divergence due to persistent faulty measurements

4.2. Network configuration with a 200 m
communication range

The performance of the dUFIR filter is influenced by the
amount of information available from neighboring nodes. In par-
ticular, reducing the transmission power will reduce the number
of communication links, increasing the disagreement in the esti-
mation errors. To examine this effect, we analyze the scenario
corresponding to a 200 m communication range, illustrated in
Figure 3. Under this configuration, the network connectivity is
significantly reduced, and the 9th station is connected through
only a single link, in contrast to the three links available in the
previous case shown in Figure 2.

Due to the reduced information exchange among nodes and
the lack of an explicit mechanism to identify and discard per-
sistent faulty measurements, the estimates produced by the 9th
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Figure 7
(a) Distributed state estimates under reduced connectivity

(range = 200 m). (b) Inter-node disagreement metric
illustrating divergence due to persistent faulty measurements

station progressively deviate from those of the remaining nodes,
as illustrated in Figure 7(a). This deviation propagates through
the network via the consensus process, affecting the estimation
performance of neighboring nodes, such as the 13th station. As
a result, the combined consensus and prediction mechanisms
described in Algorithm 1 are unable to fully mitigate the impact
of persistent faulty data under low-connectivity conditions, lead-
ing to an increasing level of disagreement among node estimates,
as quantified in Figure 7(b).

All simulations were carried out in MATLAB®R2019a on
a PC equipped with an AMD Ryzen 7 processor (2.3 GHz) and
16.0 GB of RAM. The total execution time for the full network
simulation was 34 s.

It is worth noting that the parameters analyzed in this study
are determined by physical and network constraints of the WSN.
The communication range and network connectivity were explic-
itly evaluated, while the horizon length was selected using a
data-driven optimization criterion. Other parameter variations
outside these physically meaningful ranges are therefore beyond
the scope of the present analysis.

5. Conclusions

The dUFIR filtering algorithm developed in this paper
and applied to ambient temperature monitoring has demon-
strated reliable estimation performance in the presence of missing
and incorrect data. The results indicate that, even under low-
connectivity conditions with as few as three links, the dUFIR filter
provides satisfactory estimation accuracy and effective data recon-
struction capabilities. Beyond its empirical validation, this study
contributes to the understanding of distributed FIR estimation
by providing a systematic evaluation of the dUFIR framework
under realistic data imperfections and constrained connectivity
conditions.

A key advantage of the proposed method is its independence
from process noise statistics, which makes it particularly attrac-
tive in scenarios where such information is unavailable or difficult
to model. Compared to conventional distributed Kalman-based
estimators, which rely on accurate stochastic descriptions of
noise processes, the dUFIR filter exhibits enhanced robustness

under uncertain statistical conditions. Its finite-horizon formu-
lation enables stable estimation performance under intermittent
measurements and limited connectivity.

Despite its robustness, some limitations should be acknowl-
edged. The algorithm does not include an explicit mechanism
to detect persistent faulty measurements that are not classified
as missing data, and the consensus factor is computed offline
under time-invariant assumptions, which may limit adaptability
in rapidly changing network conditions. These aspects define the
scope of applicability of the proposed method and motivate future
research on handling delayed observations and colored noise in
distributed estimation frameworks.
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