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Abstract: This paper presents the design of a new event-triggered Kalman consensus filter (ET-KCF) algorithm for use over a
wireless sensor network (WSN). This algorithm is based on information freshness, which is calculated as the age of information
(Aol) of the sampled data. The proposed algorithm integrates the traditional event-triggered mechanism, information freshness
calculation method, and Kalman consensus filter (KCF) algorithm to estimate the concentrations of pollutants in the aircraft more
efficiently. The proposed method also considers the influence of data packet loss and the aircraft’s loss of communication path
over the WSN, and presents an Aol-freshness-based threshold selection method for the ET-KCF algorithm, which compares the
packet Aol to the minimum average Aol of the system. This method can obviously reduce the energy consumption because the
transmission of expired information is reduced. Finally, the convergence of the algorithm is proved using the Lyapunov stability
theory and matrix theory. Simulation results show that this algorithm has better fault tolerance compared to the existing KCF and
lower power consumption than other ET-KCFs.
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1 Introduction dizziness, headaches, and other symptoms, even
leading to serious neurological diseases (Li F et al.,
2016; Farag, 2018), which will seriously threaten
flight safety. Therefore, it is quite important to detect
urgent cabin environment issues as quickly as possi-

ble to ensure the life and health of the passengers and

As the civil aviation industry is rapidly devel-
oping, safety and traveling comfort have become a
focus for aircraft environment design, and a hot re-
search topic is the safe and economic use of com-

mercial aircraft. Once the narrow and closed cabin or
cargo hold encounters mechanical failures, pipe rup-
ture, or seal failures, the cabin environment may be-
come contaminated, resulting in passenger and crew
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crew. With the development of wireless sensor tech-
nology, the wireless sensor network (WSN) has
demonstrated great value and broad commercial
prospects in environmental, military, health, agricul-
ture, space exploration, and other fields (Saha and
Majumdar, 2017; Hudhajanto et al., 2018). When
monitoring pollutant concentrations over a WSN, it is
often difficult for the actual operating system to detect
pollutant concentrations accurately due to the envi-
ronmental interference such as dusts and other
communication factors such as data packet loss and
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network bandwidth limitation. Therefore, it is nec-
essary to develop an effective concentration estima-
tion algorithm to quickly and accurately monitor
sudden environmental problems in the aircraft to
reduce the false alarm rate.

Distributed networks have been applied in wide
areas such as WSN applications and fault-tolerant
cooperative controls for unmanned aerial vehicle
systems (Yu et al., 2019a, 2019b, 2020). Specifically,
distributed estimation algorithms in WSNs are fo-
cused on network systems with interference. The
distributed Kalman consensus filter (KCF) algorithm
is widely used because of its fast convergence, high
fusion precision, and strong robustness. Olfati-Saber
et al. studied the problem of distributed consensus
estimation systematically (Olfati-Saber and Shamma,
2005; Olfati-Saber, 2007, 2009). In Olfati-Saber and
Shamma (2005), a distributed filter based on average
consensus was introduced; it plays a crucial role in
solving the data fusion problem of distributed Kalman
filtering in sensor networks. Convergence analysis
was provided. Olfati-Saber (2007) proposed three
new distributed Kalman filter (DKF) algorithms for
sensor networks, and the high estimation accuracy of
these algorithms was verified by simulation results.
To effectively track and estimate dynamic networks, a
DKF algorithm for sensor networks with a variable
topological structure was presented in Olfati-Saber
(2009). In practical applications, packet loss and path
loss are inevitable in the process of data transmission
due to the network bandwidth limitation, node energy
limitation, adverse environments, and other influ-
encing factors. Furthermore, packet loss and path loss
affect mainly the accuracy of the filter algorithm and
the stability of the system for practical applications.
Liu YG et al. (2013) designed a Kalman filter algo-
rithm that can tolerate continuous packet losses, and
the simulation results proved that the algorithm has
good robustness. Fan et al. (2017) obtained a state
prediction consensus mechanism for linear discrete
systems with packet loss, and provided a sufficient
condition for the convergence of the error estimation
system. Sun SL et al. (2016) designed a predictor to
compensate for packet or path loss, and proposed an
optimal linear estimation based on the packet arrival
rate in the sense of linear minimum variance. Liu XD
et al. (2017), Paul et al. (2018), and Shi et al. (2018)
also discussed the stochastic stability of an extended
Kalman filter under intermittent observations.

When considering the real communication lim-
itation, event-triggered mechanisms in KCF are in-
troduced and studied by researchers. Amini et al. (2018)
proposed a distributed guaranteed-performance event-
triggered average consensus (GP-ETAC) algorithm
for WSNs (i.e., the agent selectively restricts or
transmits state updates to the locally adjacent region),
and the algorithm stability theorem was given using
the Lyapunov method. To reduce data transmission in
the sensor network, Li WL et al. (2016) designed a
KCF with an event-triggered communication protocol,
which allows each sensor to deliver its local estimates
to its neighbors only when the difference between the
latest transmitted estimate and the current estimate
exceeds the tolerable threshold, and verified the ef-
fectiveness of the filter algorithm. Wang et al. (2019)
analyzed the influence of the triggering threshold on
the energy consumption of the algorithm and pro-
posed that the triggering threshold can be adjusted
according to practical needs to control the power
consumption and the accuracy of the algorithm.
Zhang and Zhang (2018) focused on the Kalman filter
algorithm based on the activation strategy of the fully
distributed event-triggered sensor, and proposed a
node-detection activation strategy based on the event-
triggered mechanism, to save energy on the premise
that each node has a small tracking error. It is known
that timely delivery of sampling information over the
network is quite crucial for the aircraft cabin pollutant
monitoring system. However, in reality, because of
system delay or transmission policy, some infor-
mation arrives so late that it no longer correctly es-
timates the real information at that moment—the
information is not “fresh.” Sometimes, however, even
if the information is delayed, it is still effective and
can be used. The concept of age of information (Aol)
was first proposed by Kaul S et al. (2011) to quantify
the freshness of system state information. Because the
average Aol for all packets in the network affects the
real-time performance of the system, and because of
the freshness limitation, the transmission of expired
information is reduced. Considerable studies have
concentrated on measuring information freshness.
Among them, Kaul SK et al. (2012) employed a
time-averaged age metric (i.e., Aol) to characterize
the performance of such state updating systems and
evaluate the freshness of information carried by
packets. The relationship between the average Aol of
the system and the real-time performance of the
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system has been studied. Talak et al. (2018) presented
the minimum value calculation of the network aver-
age Aol under double-interference constraints for
time- varying channels and pointed out that the net-
work average Aol is most efficient in providing in-
formation updates when it is the smallest. In an em-
bedded system with energy constraints, Zhou et al.
(2020) obtained the minimum average Aol of the
whole network by determining whether to transmit,
discard, or save the real-time data update sequences.
With regard to designing a sampler, Sun Y and Cyr
(2019) developed a method for extracting samples
from data sources to remotely improve the freshness
of received data samples; i.e., the Aol of sampled data
is small. Tang et al. (2019) measured the freshness of
data from the central controller perspective and de-
veloped a scheduling algorithm that decouples mul-
ti-user scheduling into a single-user constrained Mar-
kov decision process to realize minimum Aol perfor-
mance. In Wang et al. (2019), each sensor transmitted
its local estimates to its neighbors only if the differ-
ence between the most recent transmitted estimate
and the current estimate exceeded a tolerable thresh-
old. This approach can reduce the network energy
consumption, and the accuracy and energy consump-
tion of the system are related to this threshold. In
addition, in Song et al. (2018), each sensor node
transmitted its latest measurement update to the cor-
responding remote estimator based on its measure-
ment value as an event-triggered condition. This
method can significantly reduce the average com-
munication rate. Although these event-triggered
mechanisms can reduce the energy consumption to a
certain extent, no exact threshold has been developed
in the existing research to minimize the energy con-
sumption while ensuring system accuracy. In this
study, an event-triggered mechanism is presented
based on judging the freshness of packet information,
and an algorithm is proposed to determine the accu-
rate triggering threshold. This algorithm requires
additional calculation of the Aol of each packet,
which reduces the convergence speed of the algorithm
to some extent, but has no influence on the stability of
the algorithm.

In this study we develop a new event-triggered
KCF (ET-KCF) algorithm that relies on information
freshness constraints to effectively estimate pollutant
concentrations in an aircraft, and the proposed
freshness constraints of the Aol-based ET-KCF algo-

rithm (FCET-KCF) reduce the system energy con-
sumption. Network energy consumption, system us-
age extension, and the correctness of the detection
and stability of the system in the case of packet loss
and path loss are considered to further reduce the false
alarms.

2 Preliminaries: integrated monitoring net-
work and Kalman consensus filter

2.1 Integrated sensor structures

In the authors’ previous work (Wang et al., 2017),
three integrated sensor structures were introduced and
compared, and it was concluded that feedback cor-
rection can reflect the real dynamic process of system
errors more accurately. However, when considering
aviation system safety requirements, the output cor-
rection method is the best choice. Therefore, in this
study we adopt the output correction structure for
each integrated sensor node; the corresponding
scheme is shown in Fig. 1. It can be seen that the
measurement result of the primary sensor is z;, and
the measurement result of the secondary sensor is zg.
The difference between two measurements, z;, is
fused with the estimated values of the neighbor nodes
by KCF. The optimal state estimate of the sensor error,
X., is obtained. Finally, the error estimate is used to

correct the measured value of the primary sensor to
obtain an optimal estimate of the concentration, z,,.

) Cabin air
) z z AQI
B A
- monitoring
X,
Seconda = Z
v KCF
sensor
Zsj

Fig. 1 Schematic of the output correction structure for an
integrated sensor node (Wang et al., 2017)

2.2 Kalman consensus filter algorithm

The topology diagram of the WSN is defined as
G=(V, E, A), where V={v|, vy, ..., v,} is the set of
sensor nodes and E=VxV is the set of edges between
nodes. N; represents the set of neighbor nodes for
node i, i.e., N={vjv;eV, (v;, vj)eE}. Define the adja-
cency matrix A=[a;] to indicate whether any two
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sensors are connected. If node i can receive infor-
mation from node j, a;=1 (i#f); otherwise, a;=0.

We consider a WSN G with m cluster-head
nodes and » member nodes in the cluster, where the
cluster-head nodes in the network use the output
correction structure mentioned above. The state
model of the target system and the observation model
of the sensor are shown as

X ., =Ax,, +Bw. ,
{ i,k+1 ik ik (1)

T =H  x  +F,v,,,

where x;, and w;, represent the error state vector and
process noise vector of the integrated error system,
respectively. z; is the observation vector and v; is the
observed noise vector of the primary sensor. 4 and B
are the system matrices with appropriate dimensions.
H;; and F; are the measurement matrix and the fault
matrix respectively, both assumed to be invertible. It
is assumed that w;; and v;; are independent zero-
mean Gaussian white noises, and their covariance
matrices satisfy

E[wkwlT] =00 E[vll( (V/)T] = R/if5kl’

where Jy; is an impulse response function. When £=l,
o takes a value of 1, otherwise 0. @ and R,‘;j are the
corresponding noise covariance matrices. When i=j,
R/ is denoted as R,.

3 Information freshness constraints of the
Aol-based event-triggered Kalman consen-
sus filter algorithm

In this section the average Aol is minimized to
optimize the real-time performance of systems and
regarded as the threshold for the FCET-KCF algo-
rithm, to reduce the measurement error and system
energy consumption. The assumptions for the algo-
rithm over the WSN are as follows:

Assumption 1  For each node in the network, all
packet sizes obtained by sampling are the same.

Assumption 2 In the absence of the external inter-
ference and the failure of sensors deployed on each
node in the WSN, each packet is of the same size. The
average Aol of all packets during the sample interval

(0, 7)) is the same as that during the left interval (77, 7)
for a whole period (0, 7), where 0<7'<T.

3.1 Measurement method for information freshness

In a multi-cluster-head WSN, once all the cluster
heads confirm the head identity, they can receive data
transmitted from the member nodes in a cluster and
information connected to adjacent cluster heads.
When the sampled information is transmitted over the
network, each sensor node packs the sampling in-
formation as one packet and transmits it to the cluster-
head node. The information in the packet arriving at
the cluster head contains the current environment
information and information freshness. The average
Aol for all packets in the network affects the real-time
performance of the measurement system; the smaller
the average Aol is, the stronger the real-time perfor-
mance of the system will be (Kaul SK et al., 2012).

Consider a cluster containing n source nodes and
one destination node for a WSN, where n is the
number of member nodes in a cluster, and the cluster-
head node corresponds to the destination node (Fig. 2).
The source node observes the cabin environment
parameters and extracts samples. The communication
link transmits the samples collected from the source
nodes to the destination node for Kalman filter con-
sensus calculation. At the transmit terminal of the
source node, there is a buffer zone which stores the
samples that contain measurements and timestamp
U(¢) as a packet. Packets are sent along the source-
destination communication link, and each packet
arriving at the destination provides a status update for
the cluster-head node. The packet transmission model
in the cluster with energy harvesting satisfies the
M/M/1 queue mode.

Sensor (i.e., source) node in a cluster: Each
sensor node with energy harvesting transmits the
environment information to the cluster head, and {u;,
U;} represents the packet formed on the buffer in
cluster i. Because there are many different sensor
nodes in the cluster and the position of each node
changes continuously, it can be assumed that the
process of sending packets from each source node to
the destination node follows a Poisson distribution
with parameter 4 (4 represents the packet generation
rate, 1/1 is the time interval for packet generation, and

A" is the packet generation rate on source node n for

cluster 7). Because the time-varying availability of
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Fig. 2 Packet transfer model with energy harvesting in a cluster

energy harvesting at the transmitter limits the sampling
rate at the source, it can be assumed that the process
of energy harvesting energy supply to the source node
obeys the Poisson distribution with parameter / (Zhou
et al., 2020). Here / represents the energy harvested
rate, also called the energy supply rate of the source
node, T'represents the total time of energy supply, and
N is the total number of node samples. As T increases,
I=NIT.

Buffer zone: This zone stores sampling infor-
mation from the source nodes, including state meas-
urements and their associated timestamps. Because
the transmission time between the source node and
the destination node depends mainly on the size of the
packet and the channel state, it can be assumed that
the packet service process from the source node to the
destination node follows an exponential distribution
with an exponent of x, and 1/u is the average service
time (Farazi et al., 2018).

Cluster-head (i.e., destination) node: The cluster-
head node receives sample data from the source nodes
and records the arrival time of the packet.

It is assumed that the Aol of the packet for the
transmission model mentioned above is represented
by 1/A7 +1/u,, where i=1,2, ..., mand g=1, 2, ..., n.
Definition 1 (Zhou et al., 2020) The Aol is the time
elapsed since the generation of the last sample packet.
At sampling time ¢, if the latest packet generation has
a timestamp U(¥), the Aol is A(¢)=t—U(¥).

Based on Definition 1, the average Aol of the
real-time data during interval (0, 7) is obtained as

A = % jOTA(z)dz. )

Fig. 3 shows the evolution of the Aol of each
packet in a cluster. Without loss of generality, assume
that at =0, the queue is empty and the Aol of each
source node is 4(0)=0. It is assumed that in a time
order, the packets formed by any source node in a
cluster after the w™ sampling are generated at moment
t,, and received by the destination node at moment 7.
In time interval (0, 7), sampling number w satisfies
well, 2, ..., N(T)}, where N(T)=max{w|T,,<T}. In
addition, assume that #,=0 Vwe{l, 2, ..., MT)}.
Between T, and T,,, if the destination node does not
receive the packet, the Aol increases linearly with
time. Otherwise, if it receives the packet, the Aol is
reset to the time period that the packet has experi-
enced in the communication link represented by the
area during this period, marked as Q,,. Therefore, the
evolution of the Aol in a cluster with continuous
samplings is shown as a sawtooth in Fig. 3. Set X, as
the packet consuming time in the link, where
X,=~T,—t,. Set Y,, as the time interval when two con-
secutive packets arrive at the destination node, where
Y,=T,,—T,-1. O, represents the Aol of the system at
time interval Y,,.

It is known that the calculation of the integral of
a function is determined by the area enclosed by the
function in an interval. For example, for calculation of

J‘TT3 A(t)dt, the area enclosed below the line A(f) in
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Fig. 3 The evolution of a packet for Aol

interval [T,, T3] is calculated, that is, the area of a
trapezoid Os. The total Aol is then calculated as the
sum of the areas of these disjoint geometric parts, as

shown in Fig. 3. For the convenience of interpretation,

time interval (0, 7) is selected. During this period, the
area of the disjoint geometric region can be consid-
ered as the sum of the areas Q,, (1<w<N(T)). Let S be
the sum of the area of the regions represented by

§=2.0, )

The region Q,, (Ww>2) is a trapezoid, and its area
can be calculated by the following formula:

0, =X, + X =3 XL =3 V4 X, Y, (@)

Because the average Aol A7 is defined as

1 N(T)

sifofe o

as T increases, Q1/T><0, N(T)/T><l. Then

4. = lim

T—+0

0 NI 1 W
(T T N(T)ZQJ - ©

Because X, and Y,, are independent, the following
formula can be derived:

E[0,]= E[XY]+ %E[W 1 ™

Therefore, the average Aol of packets generated by
all nodes in a cluster is

A= Z(E[XY] + %E[YZ]J. (8)

3.2 Threshold selection for ET-KCF by minimiz-
ing the average Aol

In this study we specifically present a threshold
selection method for the ET-KCF algorithm. We de-
sign an effective method for calculating the minimum
value of the average Aol. To minimize the average
Aol (4) in Eq. (8), it is necessary to obtain X and Y
first. Denote the time elapsed from packet generation
to packet arrival at the destination node for the packet
generated by the wh sampling as X,,. We have

Xw = Sw + Ww’ (9)

where S,, represents the service time of the packet and
W, is the time of the packet waiting in the system.
The interval between two consecutive packets
arriving at the destination node is Y,, and Y,,=T,,—T,,-.
To describe the calculation of the minimum av-
erage Aol, Theorem 1 is presented as follows:
Theorem 1  Suppose that the packet generated by
the w" sampling of the source node is sent to the
destination node immediately after it is generated at
any time. Then the delay of the packet in the system is
0, i.e., X,=S,.
Proof Suppose that there is a delay when the packet
travels to the destination node. The time traveling to

the destination node, 7,, has been changed into 7

(T, >T,) (Fig. 4). Compared to Q,, Q. contains two
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Fig. 4 The evolution process of packet Aol with transmission delay

additional portions, O,, and 4,,. O, is the portion that
overlaps with 0,11, and A4,, is the other additional
portion that is added due to the packet delay. There-
fore, Q! increases by 4,, compared to Q,, and Q! ,

reduces by O,, compared to Q,,+;. The variation of the
average Aol, 4', in the whole cluster can be calculated
by the following equation:

A’=%[(Q{—QJ+(Q;—Qz)+---
+(0, _Qw)+'”+(Q1,V(T) = Oyl
=%[(A.+01)+<A2+02—0,)+(A3+03—02)+---

+ (Aw + Ow - Ow—l) tet (AN(T) + ON(T) - ON(T)—I )]
1 (D
== Z; A, + Oy |

If delay exists so that 4,>0 and Oyy>0 as shown
in Fig. 4, A" will continue to be accumulated as the
number of samplings increases. Thus, the average
Aol increases continuously. This is in contradiction to
the goal of minimizing the average Aol. Therefore,
the packets generated through sampling are sent im-
mediately after generation, i.e., X,,=S,,.

According to Theorem 1, Eq. (8) is changed into

A:l[lE[Y]+%E[Y2]j. (10)

y7,

To minimize the average Aol, the sum of Y, is
equal to the total energy supply time 7 (Zhou et al.,
2020). Because 7=N/I, E[Y]=1/l. Thus, the average

Aol can be obtained by minimizing ZZ:(?YWZ ac-
cording to the Cauchy inequality (Steele, 2004).

According to the Cauchy inequality, when Y, is
close to the mean value of Zfi? Y? such that E[Y]=

1/1, the minimum average Aol value 4" is

A*l[lE[YHlE[YZ]j <L gy
2 u

y7, 21

where E[Y] is close to 1/I, and E[Y*] approaches 1//.
The parameters 4 and / of different clusters in the

system are not the same, so the minimum value of the

average Aol in different clusters can be represented

.11
by 4 =—+—,
Y 2

o 2

i=12,..,m.

3.3 Event-triggered Kalman consensus filter al-
gorithm based on information freshness con-
straints of the Aol

In this subsection, the FCET-KCF algorithm is
presented. The event-triggered function is given first:

(12)

where i=1, 2, ..., m and ¢g=1, 2, ..., n, A" is the min-
imum value of the average Aol in cluster i, and
1/ A7 +1/ p, represents the Aol of the packet gener-

ated at a sampling on source node g.

Suppose that within the same cluster, the average
service time of each packet is the same, and equal to
1/u. The difference value of Aol between each packet
and the event-triggered threshold can be expressed as

(/A0 +1/ ) - A",
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According to Eq. (11), the Aol difference is
1/A7=1/(2l). Because 1/ A7 represents the time

interval of the packet generated in node ¢ within
cluster i, / represents the energy harvested rate, /=N/T,

in a sampling time 7. As the value of 1/ 47 —1/(2])

can be positive, negative, or zero during communica-
tion, the proposed event-triggered method can avoid
the Zeno behavior.

The event-triggered principle: When a member
node in a cluster sends a packet to the cluster head, the
cluster-head node determines the Aol value of this
packet and the minimum average Aol (4°). If it is
smaller than A*, then & =1. This means that the
measured environmental information contained in the
packet is fresh and can reflect the real-time pollutant
concentrations. At this time, the event is triggered,
and the cluster head transmits the updated estimate to
other connected neighbor nodes. Otherwise, it indi-
cates that the packet information is not fresh, the
cluster head does not transmit the update, and the
consensus algorithm continues to use the previous
estimate for calculation.

In each cluster of the network, the member nodes
of the cluster periodically collect target information
and send the information m={u;, U;} to the cluster-
head node. Next, each cluster-head node performs
KCF to estimate the target state depending on the
information of other connected neighbor cluster-head
nodes. Here, L={L,, L,, ..., L,,} represents the set of
network cluster heads, and m is the total number of
cluster-head nodes.

In addition, in this study we consider the packet
drop phenomenon, which often occurs due to random
factors such as network delays, network blockage,
sensor failures, and path loss of wireless signal
transmission caused by the dimensions of different
materials. The existence of packet loss reduces the
accuracy of algorithm estimation and even leads to
divergence. Packet loss can be divided into two types:
loss of measurement data for each node in the net-
work and loss of communication information between
nodes in the network. The Bernoulli process is used
here for packet receiving. Binary variables o, and S«
are defined to describe the packet arrival process on
cluster-head node i at time k. a;;,=1 indicates the ob-
served packet successfully received; f;,=1 indicates
that the communication packet is received success-

fully. Furthermore, Pl{a,, =1} =@, P{B,=1}=a,.

When considering wireless signal transmission path
loss, assume that 6; is the path loss rate between
cluster-head nodes i and j. From the practical point of
view, we will design an ET-KCF algorithm based on
the information freshness constraints of the Aol under
packet and path loss scenarios.

The procedures for the FCET-KCF algorithm
(Algorithm 1) are as follows:

Step 1: initialization, P = P, X, = X,,.

Step 2: All cluster member sensor nodes measure
the target state information z;.

Step 3: Each cluster member node sends mes-
sage m={u;, U;} and the corresponding Aol to the
cluster-head node.

Step 4: Each cluster-head node fuses the infor-
mation sent by the member nodes and the adjacent
nodes:

U= H:kR;af,kzi,kn

1

VieN, Yy, = Z ﬁi,kuj,k Tug,,

JeN;
U,= HszRijliai,kHi,k’
VjeN,S, =) B.U,,+U,,.

JeN;

Step 5: Check the packet information freshness

N {&,k > Siw =1,
Xik =9 4
) X G =0
The latest estimate is transmitted when & ;=1;
otherwise, for consensus calculation the previous
estimate will be used to reduce the network energy
consumption.
Step 6: According to the classical KCF algorithm
shown in Olfati-Saber (2007), the estimated values

based on FCET-KCF are (the detailed introduction to
the consensus strategy is given in Appendix A)

of x,,:

-’zi,kﬂ = A-’}i,k + wlAKlié:li (Z,, - Hi,k-’}i,k)
no A 13
+@,ACE, Y [1-6)%, - %01 1)

JeN;

where X7, is the broadcast estimate at time k.
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Step 7: Each cluster-head node updates matrices
M, and P;y:

M, = (P;kl + Si,k)q’
F,.= AMi,kAT + BQi,kBT'

Step 8: Return to step 2.

The aim of the optimal event-triggered KCF is
to minimize the following mean squared error:
E{(x, - ﬁi,k )Nx, — )zi,k )T}

For further analysis, we define the estimation
error of node i at each time instant & as

€l =X~ X, (14)

and the corresponding estimation error covariance
matrices are

Ej,k =E{ez ke/Tk}a Pz/ak =E{ezake,Tk}’
i?/,k :E{~z kE/Tk}a ﬁ;‘/’,k :E{"ezk&}-k}’
é:),k :E{ Azkka}s IA)sz :E{-’Acf)kka}’
IA);/( :E{&ok-’:}?,k}-

The optimal gain matrix, K;, can be obtained by
solving
orPL)

oK,

>

where the estimation error of node 7 is
tr(P,,) = E{(x, = %, )(x, —%,)"}.

Then the optimal gain can be derived and the detailed
proofs are presented in Appendix B.

3.4 Stability analysis of the FCET-KCF algorithm

Without considering noise, the estimated error of
cluster-head node i in the network is defined as
n,=%,-x.,ie{l, 2, -, mj. Combined with
step 6 in Algorithm 1, the dynamic error can be ob-
tained as

Wo=An,-o K, & H n, +o,C ¢ (1- aij)ui,k )

(15)
where u,, = AZ,EN,(”f.k -n,, /(1 —49,].)). Select the
Lyapunov function as

m

Vi) =>.n' M n,,.

i=1

(16)

From the forward difference formula AV (#,) =
V(n,,,)—V(n,) of the Lyapunov function for discrete

systems, one can obtain

AV (n;)
= Mt 1M,
=D nl(A-o &, K H ) M,
(A-o& K H ,)-M 1,
+2 i (A-a & K H, ) M,
@, (1=-6,)C,  Ju,,
+ > mil@,é, (1-0)CI M,
(A-o &, K H, )u,
+> ul @8, (1-6,)C M, .C. u, .

(17

To prove the stability of the proposed algorithm,
the discrete Kalman filter equation and two lemmas
are given below (Olfati-Saber, 2009):

%, =X, +K,(z, — Hx),
K,=PH"(R,+HPH")",

M, =P, -PH" (R, +HP.H") ' HP,
P =AM A" + BQ,B",

X = AX,.

(18)

Lemma 1 For the discrete Kalman filter (18), define
F=I-K,H and information matrix S, =H'R,'H.
The following conclusions can be drawn:

(1) F, =I-M,S, :MkP/fil’

M, = FkaFkT’
where G, =AM, A" + BQ_B" + P.S P]. If the in-
formation matrix § is positive definite, then G is also
positive definite, and vice versa.
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Lemma 2
0, =X,
tion error and prediction error, respectively. If the
information matrix § is positive definite at any time,

For the discrete Kalman filter (18),

—x, and n, =X, —x, represent the estima-

choose the Lyapunov function as V(y,)=n, M,'n,,

and then AV (n,)=-n,@n, <0,Vy, #0; that is, the

error of the filter is globally asymptotically stable.
Among them,

D =M'M,'"+AW'4)"'M,
W,=BO,B+PS,P, >0.

Theorem 2 Consider an undirected connected
network with the number of cluster-head nodes m.
Each cluster-head node estimates the state of noise
system (1). This estimation employs Algorithm 1,
given the Kalman filter gain I(,-,k:AP,»,k}Ii,k(Hi,kP,»,kIJ,-,kT
—i—R,;k)f1 and the consensus gain C[,k=yA71F,;kG,;k,

where Fi;=I-M;S:, G=AM;;A"+BQ;,B"+P,;S;,P;;".

When the number of iteration steps k>0, select a suf-
ficiently small number y (y>0). If

A —y’A"LN,LA>0 (19)

is also satisfied, where A, = diag(A,, /£ ,---, A4;) and

N, =diag(N,,N/,---,N') are partition diagonal

matrices, the correlation expression is

-4, :(A_wlg' ,k) ,k+1 20)
(A wl§ KlkHlk) lk’
N, =@, ,(1- QI]')CLT/( i, k+1C (21)

Therefore, the error of FCET-KCF is globally as-
ymptotically stable, and the estimated values of all
cluster-head nodes are approximately equal, that is,
X =X, =
and (21) is as shown in Eq. (12).

Proof According to Lemma 1, if F;;=I-M;;S;;=
Mi,k})i,_kl <0, then (A-o¢ K Hi,k)TMi_,klﬂwzfi,k
(1-6,)C,, <0, and the second and third terms in

Eq. (17) are negative semi-definite. So, it is necessary
~y?A"LN,, LA > 0. The filter
error dynamics of FCET-KCEF is globally asymptoti-

to make sure that /L.,k

--=x, = x. The expression & in Egs. (20)

cally stable. At the same time, note that the value of
A, —yzflTlA,N,.’klA,/ﬂl is related to the value of the

event-triggered function, &, packet arrival rates @,

and @,, path loss rate 0;, and consensus gain C;.

When no clusters meet the information freshness
requirement, that is, & ;=0 (=1, 2, ..., m), we have

A

X, = Ax,,. This means that there is no sufficient

i,k+1
information exchange between cluster heads, and
Algorithm 1 will not converge.

When & =1 (i=1,2, ..., m), N, denotes N;; and
A, denotes A,,; therefore, Eq. (17) can be further

simplified as

AV('lk)=Z,-’7iT,k[wlAF M1k+1F A- M,k]'llk
+22,~’7[,kwl’4 F M 1@,C (1-6,)u,
+Ziw2(l 9)” CTMzkHCzkuzk’

ik+

(22)

where F; i =I-K; H; ;=I-M; ;S 1.
From the conclusion in Lemma 2, the following
can be derived:

A'F M, F,A-M

(23)
=-M_[M +(A'W A" M ]<0,

where M,k:BQ,»,kBTﬂLPi,kSi,kP i,kT>0-
According to the consensus theory (Godsil and
Royle, 2001), any undirected network G satisfies

> Y6 -6 X ¢, -¢[ --¢"ie @9

i=l jeN; (z J)EE

where ¢ =col({,¢,,...,¢,), L= L ®L.
Thus, the following can be obtained from
Egs. (22) and (24) when C,, = y(A'F, TM;;H)’ :

Z”kalA FTWQClk(l 0 ) zk+l

=ymw,(1- eif)i Z (”;)T[”Ik ~1,/ (1-6;)]

g (25)
2
w @,(1-0,) Y | —m. /-0,
(i,))ekg
=—ym,a,(1-0,)n; L.
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Similarly, @,(1-6,)C},M,.,C,, of the third term in

ik+110,

Eq. (22) can be derived as

w, (I- etj)CiTkMi_J:-v-lCi,k = N;

=w,(l- Qj)(yAflKi,kGi,k)T M;,l+l (j/AflK[.,kG,.,k) 26)

=w,(l- 6’1./.)72 (AAT)fl(AMl.‘kAT + BQ,.’,(BT
+E,kSi,kB£).

As concluded from Lemma 1, if the information ma-
trix S is positive definite, then G=AMA"+BQOB"+
PSP is also positive definite, and thus the last term in
Eq. (22) is positive definite. Combining the first and
third terms in Eq. (22), AV(#5;) can be obtained as

AV () =14, —7 A'LN, LAln, o
— yo,@,(1-0,)n; Ly,

So, for all #,;#0, as long as the coefficient y is small
enough to make A, —y/zflTlA,N,:lAA >0, there is
AV(n)<0. Meanwhile, it is necessary to prevent y from

being too small to affect the convergence of V(#y).
The upper bound of y is shown as

o_((min, 2,40 )" 1
r=y _(max./i (N,.*)j o i) 2P

1 max

where 4,(L) is the maximum eigenvalue of Laplacian
matrix L for graph G.

Similarly, as long as the data packets generated
at any sampling time meet the freshness requirements
and the system guarantees to meet

A —y*A"LN;LA >0, (29)
the filter error dynamics of FCET-KCF is globally
asymptotically stable.

4 Energy consumption analysis of a WSN
based on FCET-KCF

In this study, the energy consumption model is
adopted from Heinzelman et al. (2002). When the
sensor node sends an /-bit packet to the neighbor node
at a distance of d, the energy consumption of the

transmitter and receiver and the total energy con-
sumption of radio frequency are

ETx (l’ d) = ETx-elec (l) + ETx-amp (l’d)
Eelecl + gmpld2 2 d < dO’
C|E l+g ld*, d>d,

ER)( (l) = ERx-elec (1) =E l’

elec

Etotal = l(zEelec + gmpdz) + EDA’

where Eg.. represents the energy consumption for a
1-bit packet sent by the transmitter or received by the
receiver, gmpal2 or gmpd4 represents the energy con-
sumption of the amplifier, ¢y, represents the power
consumption when the transmitting amplifier trans-
mits packets for 1 mszit, dp 1s the critical distance,
and Epa represents the energy required for data fusion.
In this study it is assumed that the process of packet
transmission from the cluster member node to the
cluster-head node does not consume energy, and the
energy consumed by the cluster-head node in calcu-
lating the Aol of packets is ignored.

When the event is not triggered, the sensor node
uses the previous estimation value for consensus
calculation, the current estimation value is not
transmitted, and the energy consumption is only
Eeclec/+Epa. Therefore, the energy consumption of
cluster-head node i at time & can be expressed as

E=¢ (B, + gmpdz) +E

elec

I+E,,. (30)

The value of & is as shown in Eq. (12). According to
Eq. (30), it can be seen that the consumption of net-
work energy is affected by the packet freshness con-
straint. Therefore, the monitoring system can greatly
reduce the network energy consumption with the
FCET-KCF algorithm on the premise of ensuring the
stability of the system.

5 Performance analysis of FCET-KCF

Fig. 5 describes the node configuration of a
distributed integrated sensor network for monitoring
pollutant concentrations for aircraft, and the
following simulations are performed based on this
configuration.
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Primary 2,

+
sensor + . ;@
Zi FCET- x; =
KCF
Secondary -

sensor

Primary Zpj X;
sensor +
il FCET-
KCF
Secondary ' -

sensor

Fig. 5 Simulation configuration of the distributed moni-
toring sensor network

As shown in Fig. 5, z,; and z; are the measured
values of pollutant concentrations in the aircraft
measured by primary and secondary sensors, respec-
tively. Correspondingly, the measurement error is z;.
The output value x, of the distributed filter modifies

the measurement value of the primary sensor through
the FCET-KCF algorithm (Algorithm 1) to obtain the
final measurement values. The Monte Carlo method
is used in the simulation process to carry out a large
number of independently repeated experiments. Us-
ing the statistical mean value of each time, we analyze
the error response of the monitoring network, by
adopting the following performance indexes given in
Wang et al. (2017).
Mean estimation error (MEE):

, 1S+ R
MEE, = ;Z(ei,kei,k)’ € =Xip — Xy
P

Mean consistency error (MCE):

1& N 1 & .
MCE, = \{;Zafkéi,k s 0, =X, _;zxi,k‘
im1 im1

Here £ is the instantaneous time, and m is the number
of cluster-head nodes.

For comparison with the existing methods, the
ET-KCEF algorithm in Wang et al. (2019) and KCF, we
select the same parameters for our proposed FCET-
KCF algorithm. The error dynamic equation is se-
lected as

Xkl =
0.9995 —0.003 +0.0001 - rand
0.003+0.0001 - rand 0.9995 o
0015 0
Wik
0 0.015| "
_[|1+0.005sinj  —0.003cos j
St =1 0.003c0sj  1+0.005sin
0 1
+0.0001-rand- X,
1 0])"
N 1+0.5sinj —0.03cosj
0.03cosj 1+0.5sin

0 1
+0.001-rand - V..
1 0f)"

The initial measurement error is set as xo=(15,
10)", and the initial prediction error matrix is Py=101,.
The process noise and observed noise are independent
Gaussian white noises with covariances of 10i and
100, respectively, where i is the node indeX. Egjec=
50 nJ/bit, Epp=50 nJ/(bit-signal), ¢yny=100 pJ/(bit-m®).
The communication radius of the cluster-head node is
7 =~/2 m. The number of bits k&=5000 and the initial
energy of each node is 4 J. The path loss rate ; be-
tween nodes i and j is 0.2, and the observed packet
loss rate @, and communication packet loss rate @,

are 0.6. u=0.5, [=0.8 (i=1, 2, ..., m). A is a random
number in (0, 1).

As shown in Fig. 6, when packet loss and path
loss exist, KCF will diverge, while the ET-KCF al-
gorithm proposed in Wang et al. (2019) and our pro-
posed FCET-KCF algorithm can still converge stably.

According to Fig. 7, the average consensus error
performance of FCET-KCF is nearly the same as
those of ET-KCF and KCF. In addition, in the case of
packet loss and path loss, the average consensus error
of the system is much lower than that of the local
Kalman filter.

Figs. 6 and 7 show that ET-KCF and FCET-KCF
converge and have smaller estimation errors and
consensus errors in practical systems with packet loss
and path loss, so the pollutant concentrations in the
aircraft can be monitored more effectively.

Fig. 8 compares the energy consumption of
FCET-KCF and ET-KCF. FCET-KCF consumes node
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energy after about 350 sampling steps, while ET-KCF
consumes energy after about 100 steps. Simulation
results demonstrate that FCET-KCF can reduce the
bandwidth pressure and save system energy while
ensuring the stability of the estimation algorithm.

Fig. 9 presents the relationship between the
system energy loss and the number of sampling steps
for ET-KCF and FCET-KCF. The simulation results
show that FCET-KCF has less energy loss and better
energy saving performance when the system has the
same number of sampling steps.

Figs. 8 and 9 demonstrate that FCET-KCF can
effectively reduce the network energy consumption
and extend the service life of the system compared
to ET-KCF when monitoring aircraft pollutant
concentrations.

30y
1.0 ? — ETKCF
£ /\/ [ —.— FCET-KCF
25 0.9 ‘L N \\ — — - KCF
’é 20 08 s ' 1
2 0.7 b0 92— —
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Fig. 6 Comparison of the average estimation error for
different filters under packet loss and path loss

—— ETKCF
— - — FCET-KCF
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Mean consistency error
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Fig. 7 Comparison of the average consensus error for
different filters under packet loss and path loss
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Fig. 8 Comparison of residual energy for the two filter
algorithms
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Fig. 9 Relationship between system energy loss and the

number of sampling steps for the two filter algorithms

6 Conclusions

In this paper, we have proposed a new event-
triggered Kalman consensus filter based on freshness
constraints of the Aol algorithm to monitor pollutant
concentrations in aircraft cabins. The algorithm
comprehensively considers the observed packet loss,
communication packet loss, and path loss in wireless
sensor networks. Compared to the traditional KCF,
this algorithm has better convergence in real detection
systems. To enhance the real-time performance of the
estimation system and reduce the system energy
consumption, we have introduced a method to opti-
mize the freshness of the sampled information for an
event-triggered mechanism, so that a suitable thresh-
old can be selected. The FCET-KCF algorithm also
reduces the transmission of expired packets and saves
energy. Finally, the stability of the algorithm is proved.
Simulation results showed that the algorithm can
accurately estimate pollutant concentrations in air-
craft cabins in the presence of packet loss and path
loss while greatly reducing network energy loss.
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Appendix A: KCF-based consensus algorithm

The consensus strategy is a key tenet in the
Kalman filter algorithm, and can make the estimation
value of each sensor converge to the true value con-
sistently. Olfati-Saber (2007) proposed the classical
Kalman consensus filter algorithm:

x,=x,+K ,(Z,-H, X )+C, Z(xk X,),

JEN;

K', tkHtTk(Rk+Htk l/{Hk)7

ik

M, =(I-K, H )P, ,(I-K H,) +K, R K,
P, =AM, AT+BQI.‘,(BT,
lkH—Ax
(AT)

The sensor nodes in the algorithm do not need to
exchange information with all other nodes. The node
measured value can achieve a global consensus es-
timation by exchanging information with only a few
neighbor sensor nodes. In the classical Kalman con-
sensus filter algorithm (Al), substituting the inter-

mediate variable M, into P;;; and substituting fcl.,k
into x,,,,, the compact form of the filter algorithm

can be obtained:

zk+1 _Ax +Asz( _Hi,k'%i,k)
+AC, D (%, —X,,),

JeN;
Ki,k_ k(Rzk+sz zkH k)7
llf+1 (A AKtkHlk) k(A AKlkH )
+AK, R K' A" +BO, B".

Appendix B: Derivation of optimal gain K;x

For simplicity, the notation P;;=P;; when i=j.
Substituting Eq. (13) into Eq. (14) yields:

€ = Xign—X

ik+1

_Axlk+wlAK k§ (Z HI lk)

+@,4C;, 5, z [(1-6,)x],—X,,]-Ax,, —Bw,
JeN,

=Ae, +w AK, ¢, (H,,x,, —H,

i,

ik+1

WX )

+@,AC,, ¢ D [(1-6,)%, —(1-6,)x,,
JeN;
+(1-60,)x,, — X, ]1-Bw,,

=(A- wlAKi,ké:i,kHi,k )ei,k + wlAKi,k i,kFi,kvi,k
+@,AC, &, Y [(1-60,)x7, —(1-6,)x,,

JeN;
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+(1-6,)x,, —-x,, ]-Bw,,

=(A-w AK, ¢ H, e, +@,AK, & F v,
+@,AC 8,0, (1-0))é,,
+@,AC 5,0, (1-0,)e,, —e,)
~@,AC 5D L 0%~ Bw,,.

Then, we can obtain the covariance matrix Py

P, =E {ei,kﬂe;/wl}

=(A-w AK, ¢, H, )P, (A-@ AK ¢ H, )
+@. AK, & F, v, v, F,K A

+@,AC,&, DY (1-0,)1-0,)P, ,C A"

reN; seN;

+wzzA C.Cix z Z (1-6,)(1- 9,19 )

reN; seN;

'(Prs,k _Prj,k _Pis,k +Bf,k)ClTkAT

+@; AC,E, Y. > 0,0 P, Cl A" +Bw, w B

ir” jsT ik,
reN; seN;

+w2<A—w1AKi,kéf,kHi,k)ZN (1-0,)(P;)" -P,)C A
+@,(A-@ AK, ¢ H, ) ZN (1-60,)P,,—P,)C A"
~@,(A-@,AK, & H,),) EN“ 0,(P,—(P,))CLA"
+@,AC,, &, zN:(l—e” )(P;’k/—P,j,k NA-w AK, & H,,)"

+@,AC, &, Z z (1-6,)1-06,)

reN; seN;

P +P.

0 0 T T
‘(Prs,k _Prj,k T sk 1k )C[,kA

_wzzACi,kéti,k Z Z (1-6,)0, (i)/;k _i)rj,k )CZkAT
reN; seN;

+@,AC,,C, Z (-6,)(P,, — B, N(A-@ AK, C H,, )'
reN;

'HUZZA CiCi Z z (1=6,)1-6;)

reN; seN;

((Pﬁk )T -P - Pﬁk + Bv,k )CZkAT

rs,k

—ZU22 ACi,kéfi,k Z Z (1 - eir )0,:; (ﬁr;k - Isl;),k )C,'TkAT

reN; seN;

_szCi,kgi,k Z 0, (éjk - é:;k NA-@ AK, ¢ H, )
reN;

—ZU22 A Ci,kf ik z Z 6,(1-6 s )((IA);k )T - ﬁis,k )CS/{AT

reN; seN;

_ZU;ACi,kéfi,k Z Z eir (1 - fo )(i),gk - i)if,k )C:kAT .

reN; seN;

Therefore, the optimal gain matrix K;; can be ob-
tained by solving the following equation, where
the estimation error of node i is tr(Pij1)=

E{(xk - -’2',-,/( )X, — "}i,k )' } :

T

or{(A-o,AK, & H, )P, (A-@,AK,¢ H,,)"
+o,AK & F, v, v, F K A
+o,(A-o,AK, ¢ H,,) z (1-60,)(P;) = P,)C A

1,

o
+a,(A —wlAKl.‘kf,.’kHl.‘k)zN:(l -0,)P,,—P,)C A"
-, (A—wlAKi,kéi,kH[,k)%0,-,‘(1% ~(B, )" AT
+@,4C, &, ZN:(I—@W)(R‘;’;—PM)(A—wlAKi’kfi,kH[’k )
+@,4C, &, ZN’a—e[r)(Pﬂ,k ~-P, )NA-@,AK, ¢ H,,)"
~@,4C, &, ZNe,-,u%-,k -B,)

(A- wlAKi,ké:i,kHi,k )T 3/ aKi,k =0.

As the matrix calculus theory illustrates, for any two
matrices X and ¥, the following two properties hold:

T
atr(XY):XT’ otr(X YX):(Y+YT)X.
oY oX

Therefore, we have

_2wlff,kAPi,kHszAT + wafi,kATHszPi,kHi,k AK,
+2wlzézi,kARf,kATK ik
0\, z (1 - eir )A((Prz)k )T - E,k )THiTkCi,kAT

ren,

—0,@, Z (1 - eir)A(I)r?,k - Pi,k )THiTkCi,kAT
ren,

tow, Z HirA(i)i,k -(P, ) )THsz Ci,kAT
ren,

—w,w, z (1-6,)A(P;, - P, HiTkCi,kAT
ren,

—0,w, z (1- eir)A(I)ri,k - sz) iTkCi,kAT
ren,

tww, Z HirA(i:,k - i)t;k )HIka,kAT =0.

reN;
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The following equation can be obtained by  Thus, we have
reorganization:

K., =[2oc, (ATHI'TkI)i,kHi,kA + ARf,kAT)]il
2wlész(ATHiTkR kHikA+ARikAT)Kik -
' T ’ ’ |24P H A +w@., 1-6,)4
2P H A + 5,5, Y (1-0,)4 HLAT 7 2

reN,
' 2P’ +P°, -2P,—P. )H"C. A"
. (Z(Ri”k )T + I)r?,k _21)i,k _ I)ri,k )HiTkCi,kAT ( ( rl,k) rik ik rz,k) ik ik

- wsz,/f 2 Qi)'A(zﬁi,k - Zi)ali,k )HiTkCi,kAT‘ _wzfi,k z 9i;~A(2f)i,k - 2130,1',/{) iTkCi,kAT .

reN; reN;
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