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Abstract—In smart ocean, unmanned surface vehicles (USVs)
are deployed to monitor the marine environment in a coordinated
manner. The ubiquitous situation awareness of marine environ-
ment can be achieved by state estimation with the sensory data
collected by USVs. Therefore, the transmission performance in
terms of packet loss and delay of sensory data plays an impor-
tant role in the state estimation of marine IoT systems. However,
it is challenging to achieve the high-reliable and low-latency
transmission for sensory data due to the path loss, spectrum
scarcity and transmit power limitation. In this article, we intro-
duce the Age of Information (AoI) to mathematically characterize
the impacts of packet loss and transmission delay on the state
estimation error. We first explore the relationship between the
state estimation error and the AoI of sensory data. We then
investigate the co-design of state estimation and sensory data
transmission for marine IoT systems. Specifically, a mother ship
(MS)-assisted cooperative transmission scheme is proposed to
mitigate the impact of limited resources and path loss on the
estimation performance. Then, the MS location, channel allo-
cation, and transmit power are jointly optimized to minimize
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the mean-square error of state estimation, which is achieved
by formulating a constrained minimization problem and solving
it with the decomposition method. Simulation results demon-
strate that the proposed scheme has superiorities in reducing the
estimation error and the power consumption.

Index Terms—Age of Information (AoI), cooperative transmis-
sion, marine Internet of Things (IoT) systems, state estimation.

I. INTRODUCTION

W ITH the rapid deployment of wireless communication
technologies, the emerging Internet-of-Things (IoT)

system has a wide range of applications in smart ocean,
such as marine environment monitoring, offshore explo-
ration, and maritime search and rescue [1]–[5]. Recently,
unmanned surface vehicles (USVs) have attracted many atten-
tions from both the industry and academia, due to the
advantages of on-demand deployment and flexible network
architecture [6]. Take the marine environment monitoring for
example, where multiple USVs cooperatively monitor the
environment state and transmit the sensory data via wire-
less channels to the onshore base station (OBS). The OBS
estimates the state of the marine environment based on the
received sensory data [7]. However, USV-based marine IoT
systems suffer from some practical constraints, such as limited
transmit power, limited sensing range, and limited spectrum
resource. These constraints restrict the wireless transmission
performance, i.e., increasing packet loss and prolonging trans-
mission delay [8]–[12]. If the OBS cannot successfully receive
the sensory data within the prescribed deadline, it has to con-
jecture the current state based on previous sensory data, which
enlarges the estimation error and deteriorates the monitoring
performance. Therefore, it is crucial to provide the high-
reliable and low-latency data transmission for the monitoring
performance in marine IoT systems.

As the estimation error depends on the transmission
performance of sensory data, many related works have
paid attentions on how to minimize the mean-square error
(MSE) under the constraints of packets loss and transmission
delay [13]. Rana et al. [14] investigated the interconnected
optimal filtering problem for distributed dynamic state esti-
mation considering measurement losses caused by unreliable
wireless communications. On this basis, the problem of the
distributed federated Kalman filter fusion for a class of mul-
tisensor unreliable networked systems is studied in [15].
Moreover, due to the limited battery capacity of sensors,
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Ren et al. [16] jointly designed the transmit power control rule
and the remote estimation scheme to guarantee the estimation
performance with minimized energy consumption. The afore-
mentioned works mainly focus on the optimization of state
estimation to alleviate the adverse impact of harsh wireless
environments and limited energy resource on the transmis-
sion reliability and latency, which could be regarded as a
passive manner to tolerate the packets loss and transmission
delay. In fact, this passive manner may restrict the improve-
ment of estimation performance, since the path loss and the
limited transmit power make the received signal strength not
sufficiently large to be decoded successfully.

From the perspective of wireless transmission, many works
have investigated how to achieve the high-reliable and low-
latency transmission in a proactive manner. Cooperative trans-
mission [17] could improve the transmission reliability by
taking advantage of the spatial diversity gain to enhance
the received signal strength and spectrum utilization. The
performance of a series of cooperative transmission schemes
are compared in terms of maximum outage probability and
end-to-end throughput [18]. Considering the energy limita-
tion, Hiraguri et al. [19] proposed a cooperative retransmission
control scheme to achieve high reliability and transmission
efficiency. On this basis, Shi et al. [20] investigated a coop-
erative transmission scheme to maximize average throughput
and spectral efficiency by jointing designing the interference-
aware rate selection and power allocation. Moreover, for the
system control over shared wireless channels, Lyu et al. [21]
proposed a hybrid-mode cooperative transmission scheme to
provide the required transmission reliability for wireless con-
trol systems. Due to the advantages of high diversity gain and
spectrum utilization, cooperative transmission is employed in
this article to proactively provide a reliable data transmission
for the state estimation in marine IoT systems. However, the
aforementioned works could not be directly applied to the
data transmission in marine IoT systems, since the mother-
ship (MS) mobility makes the cooperation scheme and the
location optimization tightly coupled.

In order to incorporate the effect of packet loss and trans-
mission delay on the state estimation, Age of Information
(AoI) is introduced [22]. AoI is regarded as an emerging
performance metric to measure the timeliness and freshness
of state information available at the destination [23], thus it
is quite suitable for IoT applications with time-sensitive and
high-reliable data. Due to random characteristics of wireless
channels, the average AoI is generally used to describe the
integrated effect of packet loss and transmission delay on the
sensory data [24]. Recently, a great deal of works have focused
on minimizing average AoI for machine-type applications [25].
Wang et al. [26] optimized the average AoI under the con-
straints of available spectrum and energy resources. Moreover,
Kadota et al. [27] investigated the scheduling algorithm for a
number of nodes to minimize the expected weighted sum of AoI
within the budget of energy consumption. Wang et al. [28] and
Zhou et al. [29] investigated the energy-efficient heterogenous
network association and resource allocation under the stringent
quality of service requirements. Abdel-Aziz et al. [30] studied
the transmission power minimization problem under constraints

of probabilistic AoI for both deterministic and Markovian traf-
fic arrivals. Moreover, this work analyzes the tradeoff between
average AoI and total average transmitted power in simulation.
From this result, it can be seen that the total average trans-
mitted power decreases with the increasing of average AoI.
Inspired by the superiorities of average AoI in characterizing
the impact of packets loss and transmission delay on the IoT
applications, we aim to integrate the metric of average AoI
into the performance evaluation of state estimation in marine
IoT systems. In order to achieve the aim, it is essential to
explore the relationship between estimation performance and
average AoI.

In this article, we investigate the co-design of state estima-
tion and sensory data transmission for marine IoT systems. We
first present a two-hop cooperative transmission architecture,
where the MS relays the sensory data of USVs to the OBS
for estimating the state of the marine environment. Under this
architecture, the average AoI of sensory data is adopted to
characterize the impact of packets loss and transmission delay
on the MSE of state estimation. On this basis, we design an
MS-assisted cooperative transmission scheme, which jointly
optimizes the MS location, channel allocation, and transmit
power to minimize the average AoI for state estimation. The
contributions of this article are summarized as follows.

1) We mathematically characterize the effect of packet loss
and transmission delay on the average AoI of sensory
data, which makes it possible to design an effective AoI-
penalty-aware state estimation for marine IoT systems.

2) We explore that the MSE of state estimation increases
exponentially with the growth of the average AoI of
sensory data. Based on this exploration, an MS-assisted
cooperative transmission scheme is proposed to mini-
mize the MSE of state estimation.

3) The proposed scheme effectively reduces state esti-
mation error and power consumption for environment
monitoring in marine IoT systems. Specially, many-to-
one matching theory and Karush–Kuhn–Tucker (KKT)
conditions are adopted to optimize MS location and
USV-MS association in an iterative manner. Moreover,
a heuristic channel allocation algorithm and a water
filling-based power allocation algorithm are designed to
minimize the average AoI of sensory data.

The remainder of this article is organized as follows. The
system model is presented in Section II. Section III presents
the cooperative transmission design for AoI-penalty-aware
state estimation. In Section IV, the MS location, channel allo-
cation, and transmit power are jointly optimized to improve the
transmission performance and reduce the estimation error for
marine IoT systems. Simulation results and main conclusions
are shown in Sections V and VI, respectively.

II. SYSTEM MODELS

The considered marine IoT system is shown in Fig. 1.
Multiple USVs are deployed on the sea surface to collect the
sensory data of the marine environment in a coordinated man-
ner. USVs deliver the sensory data to one MS over assigned
channels, and MS forwards the received data to OBS (see
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Fig. 1. USV-based marine IoT system.

Fig. 2. Network architecture for the considered marine IoT system.

Fig. 2). MSs work in the out band full-duplex mode acting as
the relay in cooperative transmission. Based on the received
sensory data, the OBS performs the state estimation to monitor
the marine environment. As a result, the performance of state
estimation is restricted by the transmission rate in the USV-
MS and MS-OBS transmission stages, which is determined by
the MSs’ location, USV association, channel allocation, and
transmit power.

A. System Model

The state of the considered marine environment evolves over
time based on the following discrete time dynamics [31]:

xn(t + 1) = Axn(t)+ vn(t) (1)

where xn(t) is the system state obtained by the nth USV at
the time step t, the system noise vn(t) is Gaussian with zero
mean and covariance matrices Qn � 0, and A denotes the
system matrix. Without loss of generality, we assume that the
control system is controllable but unstable, i.e., ρ(A) > 1 and
the control pair is stabilized,1 where ρ(·) is the spectral radius
of a matrix. The initial state xn(0) is a Gaussian random vector
with the mean xn(0) and covariance matrix Wn(0).

1If the system (1) is stable, the analysis, designed scheme, and optimization
method given in this article are still applicable.

B. Communication Model

The considered cooperative transmission system includes N
USVs, S MSs, and one OBS. In practice, USVs performing
different monitoring missions are equipped with different types
of sensors. Let ln(t) denote the length of data packet generated
by the nth USV at the tth time step. Moreover, if the nth USV
is associated to the sth MS at the tth time step, the binary
variable δs,n(t) = 1. Otherwise, δs,n(t) = 0. Each USV can
be associated to only one MS, i.e.,

∑S
s=1 δs,n(t) = 1. The

set of USVs associated to the sth MS is denoted by Ns(t) =
{n|δs,n(t) = 1}, whose cardinality is Ns(t).

The available bandwidth is evenly split to K independent
wireless channels, and the bandwidth of each channel is B. Let
the binary variable θn,k(t) denote that whether the channel k is
assigned to the nth USV at the tth time step. If so, θn,k(t) = 1;
otherwise, θn,k(t) = 0. For simplicity, the integration of sth
MS and its associated USVs Ns(t) is denoted by the sth group
Ms(t). Let ks(t) = {k|δs,n(t) = 1, θn,k(t) = 1 ∀n ∈ Ns(t) ∀k ∈
K} denote the set of channels allocated for all devices in the
sth group, and ‖ks(t)‖1 = Ks(t) and

∑S
s=1 Ks(t) ≤ K.

III. COOPERATIVE TRANSMISSION DESIGN FOR

AOI-PENALTY-AWARE STATE ESTIMATION

A. Location-Dependent Two-Hop Date Rate

The most important and distinctive characteristics of mar-
itime wireless channels are the location-dependent property.
The horizontal location of MS and USV is denoted by zs(t) =
[as(t), bs(t)] and zn(t) = [an(t), bn(t)] by assuming that alti-
tude intercepts among devices are negligible [32]. The path
loss of wireless transmission between the nth USV and the
sth MS is by ds,n(t) =

√
(an(t)− as(t))2 + (bn(t)− bs(t))2.

The horizontal location of each MS can be optimized, and
each USV is fixed in the monitoring area. According to [33],
the wireless channel between MSs and USVs experiences
heavy reflection from sea surface, resulting in the severe
multipath effects. For notation simplify, the channel power
gain of the kth wireless channel between the nth USV and
the sth MS is denoted as gs,n,kum(t). On the contrary, the
dominant path loss of wireless channel between the OBS and
MSs can be considered as the light-of-sight path. The channel
power gain of the kth wireless channel between the sth MS
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and OBS is denoted as gs,kmo(t). For the offshore USV-MS
transmission stage, the Rayleigh fading is adopted to charac-
terize the reflection from the sea surface, which is given by
gs,n,kum(t) = [(Gs,ntxGs,nrxς)/(16π2(ds,n(t)/d0)

2)] · hs,n,kum,
where ds,n(t) is the transmission distance, d0 is a far field
reference distance, ς is carrier wavelength, and the small-
scale fading hum

s,n,k is Rayleigh distributed. Furthermore, the
Rician fading is adopted to characterize the wireless chan-
nel for the near-shore MS-OBS transmission [34], which is
given by gs,kmo(t) = [(Gs,0txGs,0rxς)/(16π2(ds,0(t)/d0)

2)] ·
hmo

s,k , where hmo
s,k obeys the Rician distribution, and ds,0(t) =√

(as(t)− a0(t))2 + (bs(t)− b0(t))2 is the transmission dis-
tance between the sth MS and OBS.

The achievable data rate between the nth USV and the sth
MS is expressed as

Rs,n,kum(t) = B log2

(

1+
K∑

k=1

θn,k(t)pn,k(t)γs,n,kum(t)

)

(2)

where pn,k(t) is the transmit power of the nth USV on the
kth channel. γs,n,kum(t) = gs,n,kum(t)/N0 is the signal-to-noise
ratio (SNR) of unit power between the nth USV and the
sth MS. N0 is the noise power. Similarly, for the nth USV,
the achievable data rate between the sth MS and OBS is
expressed as

Rs,kmo(t) = B log2

(

1+
K∑

k=1

θn,k(t)qs,k(t)γs,kmo(t)

)

(3)

where qs,n,k is the transmit power on the kth channel for the
sth MS. γs,kmo(t) = gs,kmo(t)/N0 is the SNR of unit power
between the sth MS and OBS. Putting all mentions together,
the achievable two-hop data rate of nth USV can be written as

Rn(t) =
S∑

s=1

K∑

k=1

δs,n(t) ·min
{
Rs,n,kum(t), Rs,kmo(t)

}
. (4)

B. AoI-Penalty-Aware State Estimation

At the remote end, OBS receives the sensory data and
then estimates the system state such that the transmission
performance of sensing data directly affects the estimation
performance. In this regard, the concept of AoI is introduced to
capture the delay experience for the application of state esti-
mation due to the imperfect wireless transmission. Take the
end-to-end transmission between the nth USV and the OBS
for example. The binary variable χn(t) is introduced to indi-
cate that whether the end-to-end transmission of the nth USV
at the time step t is successful or not. If the data packet is
delivered in the time step t, χn(t) = 1. Otherwise, χn(t) = 0.
Correspondingly

χn(t) =
{

1, if Rn(t)	 ≥ ln(t)
0, otherwise

(5)

where 	 is the duration of one time step. It can be seen that
χn(t) depends on the achievable end-to-end data rate Rn(t),
which, in turn, is determined by the transmit power p and q,
association relationship, channel allocation θ , and MSs’ loca-
tions zs. If the transmission of data packet is accomplished

before the end of time step t, the AoI is the transmission
delay 	[(ln(t))/(Rn(t)	)]
, where the value of Rn(t)	 denotes
the delivered data volume at time step t. Then, the AoI of data
packet generated by the nth USV at time t is

τn(t) =
{⌈

ln(t)
Rn(t)	

⌉
, if χn(t) = 1

τn(t − 1)+ 1, if χn(t) = 0.
(6)

The expectation of AoI is used to emulate the experienced
delay (i.e., average AoI of sensory data), which is given
by E{τn(t)} = Pr{χn(t) = 1}	[ln/(Rn(t)	)]
 + Pr{χn(t) =
0}(E{τn(t−1)}+1). The state estimation is convergent [35], if

Pr{χn(t) = 0} ≤ 1

ρ(A)2
. (7)

Assuming that the latest received state information at the
OBS is xn(t − τn(t)), (1) could be written as

xn(t) = Aτn(t)xn(t − τn(t))+
τn(t)∑

m=1

Am−1vn(t − m). (8)

According to [31], the OBS estimates the system state with
received sensory information, and the estimate is given by

x̂n(t) = Aτn(t)xn(t − τn(t)) (9)

where xn(t− τn(t)) is the latest state information received by
OBS. The estimation performance is evaluated by the estima-
tion distortion, which is expressed as a function of AoI-based
estimation error

en(t) = xn(t)− x̂n(t) =
τn(t)∑

m=1

Am−1vn(t − m). (10)

From the perspective of state estimation, the MSE is employed
to evaluate the estimation performance and given by

E

{
‖en(t)‖22

}
= E

⎧
⎨

⎩

τn(t)−1∑

m=1

Tr
((

AT)mAmQn

)
⎫
⎬

⎭
= G(τn(t))

(11)

where τn(t) is the only time-dependent variable. Note that
G(τn(t)) is an increasing function with respect to τn(t) when
the spectral radius of plant A is larger than one. This motivates
us to investigate how to reduce the average AoI of sensory data
with limited resources to enhance the estimation performance.

C. Problem Formulation

In order to improve the adaptability of monitoring mis-
sions to the system dynamics and resource limitation, the MS
location, USV association, channel allocation, and transmit
power are jointly designed to reduce the estimation distor-
tion for all USVs. In the duration of T time steps, the
interested problem about the communication resources and
estimation convergence constrained problem is mathematically
reformulated as

P1 : min{zs,δ,θ,p,q}
1

T

T∑

t=1

N∑

n=1

ln
[
�E{τn(t)} · G(τn(t))

]
(12)
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s.t.
S∑

s=1

δs,n(t) = 1 ∀n ∈ N (12a)

N∑

n=1

θn,k(t) ≤ 1 ∀k ∈ K (12b)

K∑

k=1

θn,k(t)qs,n,k(t) ≤ qmax ∀n ∈ N ∀s ∈ S

(12c)
K∑

k=1

θn,k(t)pn(t) ≤ pmax ∀n ∈ N (12d)

Pr{Rn(t) ≥ ln(t)/	} ≥ 1− 1

ρ2(A)
∀n ∈ N

(12e)

where qmax and pmax are the maximum transmit power of MS
and USV, respectively. The sum of logarithmic function ln(·)
in the objective function guarantees both the fairness and the
overall performance; (12a) denotes one USV can be associated
to no more than one MS; (12b) denotes that a channel can be
allocated to at most one USV; (12c) and (12d) are the transmit
power constraint of MS and USV, respectively; and (12e) is the
estimation convergence condition that is heavily effected by
the transmission performance. �E{τn(t)} is employed to adjust
the penalty degree of experienced delay. As � approaches to
one, the scheduler has the similar preferences for young and
old AoI, which could be regarded as the finite-time average
estimation distortion. On the contrary, when � is much larger
than one, the scheduler weights more on the penalty of old
AoI. It means that the considered network system has more
stringent requirement on the old AoI of sensory data.

IV. JOINT OPTIMIZATION OF MS LOCATION, CHANNEL

ALLOCATION, AND TRANSMIT POWER

It is of importance to note that the formulated problem (12)
is a mixed-integer nonlinear programming (MINLP) problem,
since it includes the binary association indicator δ, binary
channel allocation variable θ , and continuous transmit power
variables p and q. The nonlinear objective function cannot
be expressed explicitly with decision variables. Thus, the
effective decomposition and iterative methods are employed
to solve (12) effectively. Therefore, we investigate the joint
optimization of location and association by ignoring the
heterogeneities of wireless channels and transmit power.
Subsequently, the channel allocation and transmit power are
designed to further reduce the end-to-end transmission latency
for enhancing the state estimation performance.

Let Tn = Tr (ATAQn), then (11) is equal to G(τn(t)) =
[((Tn)

E{τn(t)} − 1)/(Tn − 1)]. The objective function is
rewritten as ln((�)E{τn(t)} · [((Tn)

E{τn(t)} − 1)/(Tn − 1)]) =
E{τn(t)} ln(�) + ln((Tn)

E{τn(t)} − 1) − ln(Tn − 1), which
approximates to E{τn(t)} ln(� · Tn) − ln(Tn − 1). In
this regard, the objective function is approximated to
(1/T)

∑T
t=1

∑N
n=1 E{τn(t)} ln(� · Tn) − ln(Tn − 1), where

time accumulated objective function makes it challenging to
solve this mixed-integer nonlinear problem effectively. For

the convenience of tackling this problem, we focus on the
subproblem at each time step with the objective function∑N

n=1 E{τn(t)} ln(� · Tn) − ln(Tn − 1). Moreover, it can be
seen that the objective function linearly increases with the
growth of AoI. Hence, we will pay effort to reduce the AoI
by jointly optimizing the MS location, USV association,
channel allocation, and transmit power.

A. Joint Design of MSs’ Location and USV Association

In particular, the joint optimization subproblem of MS
location and USV association at the tth time step is given by

P2 : min{zs,δ}

N∑

n=1

E{τn(t)} ln(� · Tn)− ln(Tn − 1)

s.t. (12a), (12e) (13)

where E{τn(t)} = Pr{Rn(t) ≥ ln(t)/	} + (1 − Pr{Rn(t) ≥
ln(t)/	})(E{τn(t − 1)} + 1) = −E{τn(t − 1)}Pr{Rn(t) ≥
ln(t)/	} + (E{τn(t − 1)} + 1) and E{τn(t − 1)} is a con-
stant known at the tth time step. Since E{τn(t − 1)} >

0, it can be seen that this objective function decreases
with the growth of the rate of packet success transmission
(RPST). Moreover, the RPST is proportional to the end-to-
end data rate Rn(t), which could be expressed as Rn(t) =
{min{Rs,n,kum(t), Rs,kmo(t)}|δs,n(t) = 1, θn,k(t) = 1}.

1) USV Association With Given MSs’ Location: Since the
path loss depends on the propagation distance, the association
between USVs and MSs is determined by the distance between
them. Moreover, because USVs have different effects on the
estimation performance, the MS will select USVs in terms of
Tn that is constrained by the MS-OBS transmission capacity.
The transmission capacity depends on the assigned channels,
which is elaborated in the next section. In order to determine
the association between USVs and MSs at the tth time step, we
design a heuristic algorithm based on the many-to-one match-
ing theory [36], [37], shown as Algorithm 1. The main idea of
Algorithm 1 is to obtain the better matching between USVs
and MSs. In particular, we first obtain the preference lists for
each MS and each USV, respectively. Then, the best ωs USVs
are added into the candidate set of associated USVs for the
sth MS. Finally, we assess whether a USV is associated to
multiple MSs. If the USV is added into more than one can-
didate set, it will be removed from the candidate sets of MSs
that does not have the largest preference factor.

Theorem 1: The complexity of Algorithm 1 is polynomial.
Proof: We first obtain the preference lists for each MS

and each USV according to steps 4–6 and steps 7–9, respec-
tively. The time complexity of steps 4–6 and steps 7–9 is
O(SN log(N)) and O(NS log(S)), respectively. Then, we add
the best ωs USVs into the candidate set of sth MS, and the
time complexity of steps 10–17 is O(S). If the USV is added
into more than one candidate set, it will be removed from the
candidate sets of MSs that does not have the largest preference
factor. The time complexity of steps 18–28 is O(NS). In sum-
mary, the time complexity is O(SN log(N)), and the designed
heuristic algorithm is a polynomial time algorithm.

2) MSs’ Location Optimization for the Associated USV: In
this problem, the locations of MSs determine the channel gain,
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Algorithm 1 Each MS Selects the Associated USVs
1: Input: the MS-OBS transmission capacity Rs for

each MS, the number of associated USVs ωs =∑
n∈N

∑
k∈K I(θn,kqs,n,k(t)), and the location of OBS,

MS, USV are z0, zs, zn, respectively;
2: Output: the USV association relationship δ;
3: Initialize the association indication δ = ∅;
4: for Each MS s ∈ S do
5: Sort all USVs in the nondecreasing order with respect to

Tn, and the indicator of the M-th element in the ordered
nondecreasing sequence ls is Is(M);

6: end for
7: for Each USV n ∈ N do
8: Sort all MSs in the nondecreasing order with respect to

the distance ‖zs − zn‖22, and the ordered nondecreasing
sequence ln;

9: end for
10: for Each MS s ∈ S do
11: Fs ← 0, Ls ← ∅, Js ← ∅ and Ms ← |Js|;
12: while Ms < ωs − |Js| do
13: Ms ← Ms + 1;
14: Ls ← Ls ∪ ls(Ms);
15: δs,ls(Ms)← 1 ;
16: end while
17: end for
18: for Each USV n ∈ N do

19: if
∑

s∈S

N∑

ls(Ms)=1
δs,ls(Ms) > 1 then

20: [sn, ns]← arg min
s∈S
{‖zs − zn‖22};

21: δsn,ns ← 1;
22: for Each MS s ∈ S do
23: if ls(Ms) �= ns then
24: Ls ← Ls\ls(Ms) and δs,ls(Ms)← 0 ;
25: end if
26: end for
27: end if
28: end for
29: for Each MS s ∈ S do
30: Ls ← Js;
31: end for
32: if

∏

n∈N
(
∑

s∈S δs,n) �= 1 then

33: Go to step 4;
34: else
35: Return δ;
36: end if

which further effects the USV-MS transmission capacity and
the MS-OBS transmission capacity. The MS location is opti-
mized by maximizing the sum rate of all associated USV with
given channel allocation and power control. The MS location
optimization problem is given by

P3 : min{zs}

N∑

n=1

E{τn(t)} ln(� · Tn)− ln(Tn − 1)

s.t. (12e) (14)

where the complicated relationship between E{τn(t)} and the
MS location zs makes it difficult to solve this problem directly.
As a solution, the upper bound of the objective function is
studied to obtain the worse case solution of this problem. This
worse case problem is formulated as

min{zs}

N∑

n=1

1/Rn(t) ·
(

1− 1/ρ2(A)
)
(ln(t)/	) ln(� · Tn)

+
(

1/ρ2(A)
)
(E{τn(t − 1)} + 1) ln(� · Tn)− ln(Tn − 1).

(15)

According to (2)–(4), it yields that Rs,n,kum(t) =
B log2(1 + [(pn(t)hs,n,kumGs,ntxGs,nrxςd2

0)/(16π2N0)] ·
[1/(‖zs(t)− zn(t)‖22)]), which is approximated to
Rs,n,kum(t) = [(Bκs,n,kum(t))/(‖zs(t)− zn(t)‖22)] with
κs,n,kum(t) = [(pn(t)hs,n,kumGs,ntxGs,nrxςd2

0)/(16π2N0)].
Similarly, Rs,n,kmo(t) is approximated to
[(Bκs,n,kmo(t))/(‖zs(t)− z0(t)‖22)] with κs,n,kmo(t) =
[(qs,n,k(t)hs,kmoGs,0txGs,0rxςd2

0)/(16π2N0)].
For the case that Rs,n,kum(t) ≤ Rs,n,kmo(t), Rn(t) =

Rs,n,kum(t) and 1/Rn(t) = [(‖zs(t)− zn(t)‖22)/(Bκs,n,kum(t))].
Then, (15) is reformulated as

P4 : min{zs}

N∑

n=1

‖zs(t)− zn(t)‖22
Bκs,n,kum(t)

· ζ1 + ζ2 (16)

where ζ1 = (1 − 1/ρ2(A))(ln(t)/	) ln(� · Tn) and ζ2 =
(1/ρ2(A))(E{τn(t − 1)} + 1) ln(� · Tn)− ln(Tn − 1).

If Rs,n,kum(t) > Rs,n,kmo(t), then we can obtain Rn(t) =
Rs,n,kmo(t) and 1/Rn(t) = [(‖zs(t)− z0(t)‖22)/(Bκmo

s,n,k(t))]. In
this case, (15) is transformed to

P5 : min{zs}

N∑

n=1

‖zs(t)− zn(t)‖22
Bκs,n,kmo(t)

· ζ1 + ζ2. (17)

As the objective functions of (16) and (17) are in 2-norm, P4
and P5 are unconstrained convex programming. Therefore, the
KKT conditions are used to obtain the optimal solutions of P4
and P5.

As the MS location adjustment may change the clustering
result, it is necessary to execute the USV association and the
MS location optimization in an iterative manner.

B. AoI-Aware Channel Allocation With Power Control

In this section, we design the channel allocation among
USV-MS links in each group to achieve the reliable and
low-latency data transmission for multiple sensing missions
simultaneously.

1) Channel Allocation With Power Control Among the
Associated USVs for Each MS: The optimization problem is

P6 : min{θ,q}

N∑

n=1

E{τn(t)} ln(� · Tn)− ln(Tn − 1)

s.t. (12b), (12c). (18)

Algorithm 2 is designed to solve the problem (18) with
given transmit power q. The main idea of Algorithm 2 is to
allocate each channel to the best MS and USV in terms of
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Algorithm 2 Channel Allocation Among Associated USVs
1: Input: The USV association δn,s, the number of associated

USVs for each MS υs =∑n δn,s, and the SNR of the kth
channel for USV-MS link and MS-OBS link γn,s,kum(t)
and γs,kmo(t);

2: Output: the channel allocation θ ;
3: Initialize the channel allocation indication θ = ∅, and

ςs = 0;
4: Each MS s ∈ S sorts all channels in the nonincreasing

order with respect to Rs,kmo(t) (shown as (3)), the ordered
nonincreasing sequence is denoted as Ks;

5: for Each channel k ∈ K do
6: for Each MS s ∈ S do
7: if k == Ks(1) and ςs < υs then
8: ϑs,k = 1;
9: if

∑
s ϑs,k > 1 then

10: sk = arg max
s∈S

Rs,kmo(t)

11: ϑs,k = 1 for s == sk, and ϑs,k = 0 for s �= sk;
12: Ks = Ks\Ks(1);
13: ςs = ςs + 1;
14: end if
15: end if
16: end for
17: end for
18: for Each MS s ∈ S do
19: for The channel {k|ϑs,k == 1, k ∈ K} do
20: kn = arg max{n|δn,s=1}Rn,s,kum(t) ;

21: for Each USV n ∈ N do
22: if n == kn then
23: θn,k = 1;
24: else
25: θn,k = 0;
26: end if
27: end for
28: end for
29: end for
30: Return θ ;

the available data rate. In particular, to choose the best MS
for each channel, each MS choose the first element of the
ordered nonincreasing sequence Ks. If more than one MSs
choose the kth channel, we will choose the best MS (sk) in
terms of the available data rate (Rs,kmo(t)), and remove the
kth channel from the ordered channel list Ks. Moreover, in
order to choose the best USV for the kth channel, we search
all USVs that are associated to the MS (sk) , and find out the
best USV (kn) in terms of the available data rate (Rn,s,kum(t)).
The detailed algorithm is shown as below. In Algorithm 2,
the computational complexity of sorting all channels in the
nonincreasing order in step 4 is O(S log(S)). As the complexity
of finding out the UVS with the largest throughput in step 10
is O(S), the complexity of steps 5–17 is O(S2K). Similarly,
the complexity of steps 18–29 is O(SNK). In summary, the
complexity of Algorithm 2 is O(SNK). In order to further
decrease the value of the objective function, the transmit power
is optimized on the assigned channel with the water-filling

Fig. 3. Diagram of solution process.

algorithm. The channel allocation algorithm and the power
control algorithm are executed iteratively until the gap between
adjacent iterations is small enough.

2) Transmit Power Optimization for USVs: As
Rn(t) = {min{Rs,n,kum(t), Rs,kmo(t)}|δs,n(t) = 1, θn,k(t) = 1},
the maximum value of Rn(t) will be reached, if
{Rs,n,kum(t) = Rs,kmo(t)|δs,n(t) = 1, θn,k(t) = 1}. According
to (2) and (3), this condition is mathematically equivalent to
pn,k(t)γs,n,kum(t) = qs,n,k(t)γs,kmo(t). It yields that

d2
s,0(t)

d2
s,n(t)

= qs,n,k(t)

pn,k(t)

Gs,0txGs,0rxhs,kmo

Gs,ntxGs,nrxhs,n,kum
. (19)

Equation (19) indicates that the adjustment of MSs’ locations
depends on the relative transmit power of MS and its asso-
ciated USV. The maximum value of qs,n,k(t) and pn,k(t) is
qmax and pmax, respectively. Then, we can obtain the transmit
power of the associated USV with given qs,n,k(t), which is
expressed as

pn,k(t) = qs,n,k(t)
d2

s,n(t)

d2
s,0(t)

Gs,0txGs,0rxhs,kmo

Gs,ntxGs,nrxhs,n,kum
. (20)

If
∑K

k=1 θn,k(t)pn,k(t) > pmax, the value of qs,n,k(t) is reset
to be qs,n,k(t) = [(d2

s,0(t))/(d
2
s,n(t))] [(Gs,ntxGs,nrxhs,n,kum)

/(Gs,0txGs,0rxhs,kmo)] [pmax/(
∑K

k=1 θn,k(t)pn,k(t))].
The initial values of USV’s transmit power are set to be

pn,k(t) = (pmax/K) ∀n ∈ N , and the initial values of MS’s
transmit power are set to be qs,n,k(t) = (qmax/K) ∀n ∈ N ∀s ∈
S, where K is the number of channels. The initial values of
channel allocation are set based on the random scheme. In
particular, the USVs in set N randomly choose an available
channel in sequence. If the channel is chosen by an USV,
this channel is considered to be unavailable for subsequent
USVs. The original problem is solved by solving two prob-
lems iteratively. One problem is to optimize channel allocation
and power control, and the other is to jointly design the MS
locations and UAV association.

The diagram of solution process is shown as Fig. 3. The
complexity of USV’s power control is O(S3.5), when the inte-
rior point method is applied for convex programming [38].
After the initialization, Algorithm 1 and power control algo-
rithm alternately perform the USV association algorithm and
location adjustment algorithm, until the convergence condition
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Fig. 4. Network topology.

TABLE I
MAIN PARAMETERS

Fig. 5. Diagram of convergence.

is met or the maximum number of iteration M1 is achieved.
The computational complexity of this iteration process is
O(S4.5N log(N)M1). Similarly, Algorithm 2 and power control
algorithm alternately perform the channel algorithm and power
control algorithm, until the convergence condition is met or
the maximum number of iteration M2 is achieved. The com-
putational complexity of this iteration process is O(S2NKM2).
After optimizing channel allocation and power control, the MS
locations and UAV association should be adjusted. The orig-
inal problem is solved by solving two problems iteratively,
until the convergence condition is met or the maximum num-
ber of iteration M0 is achieved. Therefore, the computational
complexity of the overall scheme is O(S4.5N log(N)M1M0 +
S2NKM2M0).

V. PERFORMANCE EVALUATION

In this section, we conduct extensive simulations to eval-
uate the performance of the proposed location-dependent
cooperative transmission (LDCT) for AoI-plenty-aware state
estimation in marine IoT systems. Two other schemes are

Fig. 6. Energy consumption comparison among different schemes.
(a) Estimation error. (b) Mean AoI. (c) USVs’ energy consumption. (d) MSs’
energy consumption.

Fig. 7. Energy consumption comparison among different schemes.
(a) Estimation error. (b) Mean AoI. (c) USVs’ energy consumption. (d) MSs’
energy consumption.

implemented in the following simulations for comparison
purpose. One is called the the randomly located coopera-
tive transmission (RLCT) scheme for AoI-plenty-aware state
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Fig. 8. Performance comparison with different numbers of USVs. (a) Estimation error. (b) Mean AoI. (c) Energy consumption of USVs’ data transmission.
(d) Energy consumption of MSs’ data transmission.

estimation, wherein MSs are randomly located in the monitor-
ing area and the location adjustment of MSs is not considered.
The other is called the minimized experienced delay coopera-
tive transmission (MDCT) scheme, which aims to minimize
the sum age of sensory data collected by all USVs. For
more convincing, we consider another compared scheme,
called the strong signal first cooperative transmission (SFCT)
scheme [39], [40]. With the SFCT scheme, MS adjusts the
location based on the average strength of the signals received
from all associated USVs. Moreover, the random channel
allocation-based cooperative transmission (RACT) scheme is
also considered for AoI-plenty-aware state estimation, wherein
the subchannels are randomly allocated to USVs without
considering the channel allocation optimization.

The case study considered in this article is the seawater
temperature monitoring, which is a typical case of the marine
environment in smart ocean. The scheme performance is evalu-
ated according to the network topology covering a rectangular
area [0, 10]km × [0, 10]km, wherein N = 20 USV and S = 4
MS are placed, shown as Fig. 4. In simulation, the number of
channels is set to be 20, and other main parameters used are
shown in Table I. Set the initial state covariance matrix and
the initial error covariance matrix as W0 = 10I and Q = 10I,
respectively, where I is a unit diagonal matrix [21].

A. Performance Evaluation Among Three Compared Schemes

Although the channel allocation and power control problem
is a mixed-integer optimization problem, Fig. 5 validates that

the iteration is converged. The proposed LDCT scheme is
almost convergent when the number of iterations is 30. The
convergence rate is acceptable.

The MSE of state estimation and the mean AoI for all mon-
itoring applications is shown as Fig. 6(a) and (b), respectively.
We can find that the MSE and AoI with the RLCT scheme
are much larger than that with the other three schemes. It ver-
ifies the superiority and shows the significance of joint design
of cooperative transmission and location adjustment for the
considered marine IoT system. Furthermore, it can be seen
that the mean AoI with the MDCT scheme is lowest, but the
MSE of state estimation with it is larger than that with the
LDCT scheme. It reveals that although the AoI of received
sensing data has impact on the estimation performance, it is
not quite suitable to directly employ the AoI to evaluate the
estimation performance for monitoring applications. Instead,
the integration of classic MSE and mean AoI could appropri-
ately characterize the impact of transmission delay and packet
loss on the estimation performance.

Considering the limitation of energy resource, the transmit
power consumption caused by the data transmission of all
USVs and MSs is shown as Fig. 6. It reveals that the power
consumption of data transmission with the SFCT scheme is
better than that with the RLCT scheme, but worse than that
with the LDCT scheme. Moreover, the transmit power con-
sumed by the data transmission of all USVs and MSs with
the RLCT scheme is much larger, mainly because that the MS
location is not optimized together with the data transmission.
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Fig. 9. Energy consumption comparison with different numbers of MSs. (a) Estimation error. (b) Mean AoI. (c) Energy consumption of USVs’ data
transmission. (d) Energy consumption of MSs’ data transmission.

In a worse case that all MSs are far from the USVs and OBS,
due to the location adjustment is out of consideration, the
RLCT scheme has to increase the transmit power to com-
pensate the effect of path loss and fading on the strength
of received signal to meet the transmission requirements of
monitoring applications.

Fig. 7 shows that the proposed channel allocation scheme
is better than the random channel allocation scheme, in
terms of the state estimation error, mean AoI, and the power
consumption of data transmission.

B. Performance Comparison With Different Numbers of
USVs and MSs

In Fig. 8, we evaluate the impact of the number of USVs
on the scheme performance in terms of MSE, mean AoI, and
power consumption. As shown in Fig. 8(a) and (b), the MSE
of state estimation and AoI with LDCT and MDCT schemes
increases slowly with the growth of the number of USVs. This
is because that the larger the number of USVs is, the more
transmit power will be consumed. Although the mean AoI with
the MDCT scheme is lowest, the MSE of state estimation with
LDCT is alway smaller than that with MDCT. As shown in
Fig. 8(c) and (d), both the LDCT and MDCT schemes could
reduce the increase rate of transmit power consumption by
optimizing the MS locations.

As shown in Fig. 9, we evaluate the impact of the num-
ber of MSs on the scheme performance in terms of MSE,

mean AoI, and power consumption. As shown in Fig. 9(a)
and (b), the MSE of state estimation and mean AoI with LDCT
and MDCT schemes is always much lower than that with
the RLCT scheme. Moreover, the transmit power consump-
tion with the MDCT scheme is much larger than that with the
LDCT and RLCT schemes as the location adjustment is out
of consideration, as shown in Fig. 9(c) and (d).

C. Estimation Performance Comparison With Different
Maximum Transmit Power of USVs

The effect of maximum transmit power on the estimation is
shown as Fig. 10. We can find that no matter what the num-
ber of MSs is, the estimation error with the LDCT scheme is
always the smallest one, when the estimation error with the
RLCT scheme is the largest one. Furthermore, the decreas-
ing rate with the RLCT scheme is lower than that with both
the LDCT and MDCT schemes. This performance improve-
ment benefits from the joint design of cooperative transmission
and location adjustment, making it possible to enhance the
transmission performance for state estimation with limited
resources. In particular, Fig. 10(b) and (c) clearly shows that
the estimator error decreases with the growth of transmit power
at the start, and then tends to be stable. The major reason is
that the limited transmission capacity between MS and the
OBS restricts the decreasing the AoI of information suffers
over the MS-OBS link. Take the case of three MSs for exam-
ple, the growth of the USV’s transmit power make it possible
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Fig. 10. Estimation error comparison with different maximum power. (a) Number of MSs = 1. (b) Number of MSs = 2. (c) Number of MSs = 3. (d) Number
of MSs = 4.

to adjust the location of MSs to reduce the distance between
MS and OBS. This action will increase the MS-OBS transmis-
sion capacity, and then decrease the estimation error. However,
the superiority of increasing USV’s transmit power will gradu-
ally disappear, especially, when the maximum transmit power
is large. It means that only increasing the maximum trans-
mit power of UVSs cannot always reduce the estimation error
under the constraint of transmit power.

VI. CONCLUSION

In this article, we have investigated the cooperative trans-
mission for state estimation to achieve a high-reliable and
low-latency data transmission for the environment monitor-
ing in marine IoT systems. In particular, we have proposed a
two-hop network architecture for marine IoT systems, where
the MSs play the role of relay in the cooperative transmis-
sion. Under this architecture, the average AoI of sensory data
is employed to characterize the impact of packets loss and
transmission delay on the state estimation. Moreover, we have
explored the relationship between MSE of state estimation
and average AoI of sensory data. The AoI-plenty-aware state
estimation and the MS-assisted cooperative transmission have
been jointly designed and optimized to effectively reduce the
effect of limited resources and path loss on the state estima-
tion. Simulation results have demonstrated that the proposed
LDCT scheme realizes smaller estimation error and lower
power consumption, which is suited for the environment moni-
toring applications in marine IoT systems. For the future work,

we will investigate the problem of remote control for marine
IoT systems over lossy wireless channels.
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