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Abstract
Underwater data collection is an importance part in the process of network monitoring, network management and intrusion
detection. However, the limited-energy of nodes is a major challenge to collect underwater data. The solution of this
problem are not only in the hands of network topology but in the hands of path of autonomous underwater vehicle (AUV).
With the problem in hand, an energy-efficient data collection scheme is designed for mobile underwater network.
Especially, the data collection scheme is divided into two phases, i.e., routing algorithm design for sensor nodes and path
planing for AUV. With consideration of limited-energy and network robustness, Q-learning based dynamic routing
algorithm is designed in the first phase to optimize the routing selection of nodes, through which a potential-game based
optimal rigid graph method is proposed to balance the trade-off between the energy consumption and the network
robustness. With the collected data, Q-learning based path planning strategy is proposed for AUV in the second phase to
find the desired path to gather the data from data collector, then a mode-free tracking controller is developed to track the
desired path accurately. Finally, the performance analysis and simulation results reveal that the proposed approach can
guarantee energy-efficient and improve network stability.
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1 Introduction

Underwater cyber-physical system (UCPS) is a new
complex system with high efficiency communication and
effective control. It is widely used in various underwater
engineering and research fields, such as resource protection,

ocean environment monitoring, and early warning system
of natural disaster (Gong et al. 2020; Lin et al. 2019; Wang
et al. 2015). In order to support these applications, the data
acquisition of underwater environment becomes a primary
task to be solved. To handle this problem, internet of un‐
derwater things (IoUT), as the core components of UCPS,
has attracted the interest of researches, which has advan‐
tages of low cost, rapid deployment, and self-organization
(Cashmore et al. 2018; Li et al. 2019; Yan et al. 2020a).

Different from ground environment, the underwater en‐
vironment has many special characteristics, which poses a
substantial challenge to the underwater data acquisition.
Firstly, the robustness of networks is more demanding
since IoUT is a sparse network. To improve the network
robustness, a common method is to improve network con‐
nectivity. However, a good connectivity can increase the
energy consumption of network, which leads to shorten
network lifetime. Secondly, the power of nodes in IoUT is
difficult to recharge since the nodes are powered by batter‐
ies (Lin et al. 2016; Yan et al. 2021a, 2021b). Thirdly, the
high-frequency radio waves are strongly absorbed in un‐
derwater environment, which cannot used in underwater
scenario. Till now, the acoustic wave as the only available
signal for underwater communication, but the transmission
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rate of acoustic wave is 1.5×103 m/s, which is much slower
than radio wave (Li et al. 2016b; Su et al. 2019; Yan et al.
2020b). Due to these challenges, the data collection schemes
proposed for terrestrial sensor network are no longer suit‐
able for IoUT.

Up to now, underwater data collection schemes can be
divided into two categories: data collection by multi-hop
transmission and data collection by autonomous underwa‐
ter vehicle (AUV). To be specific, multi-hop transmission
mainly transmits the data to the receiver (or sink node) on
the water surface through a series of routing mechanisms.
However, the nodes that near to the receiver consume ener‐
gy quickly. Thereby, there is an imbalance of energy con‐
sumption in multi-hop transmission, which is easy to lead
to the emergence of energy voids (Ren et al. 2016). For in‐
stance, Xie et al. (2006) firstly designed a vector-based for‐
warding (VBF) protocol, which can provide robust, scal‐
able and energy-efficient routing. Besides that, a power-
aware data collection algorithm was developed (Dhurand‐
her et al. 2009). However, these literature were not suit‐
able for sparse networks due to substantial energy con‐
sumed by this protocol via flooding. To reduce energy con‐
sumption, Wu et al. (2021) provided a Hierarchical Adap‐
tive Energy-efficient Clustering Routing (HAECR) strate‐
gy to prolong the network lifetime. In Ali et al. (2014), a
novel routing strategy named Layer by layer Angle-based
flooding (L2-ABF) was provided under the constraints of
movement of nodes, delays and energy consumption. In‐
spired by Xie et al. (2006), an adaptive hop-by-hop vector-
based forwarding routing (AHH-VBF) protocol was de‐
signed (Yu et al. 2015). Some other multi-hop transmission
based data collection schemes were presented (Jin et al.
2017; Wei et al. 2013). Although these schemes can achieve
energy efficient, the robustness of the network is not con‐
sidered. For the second category, the data collection task is
completed by assistance of AUV. In Khan and Cho (2014;
2016), multiple AUVs assisted data collection method was
proposed. Besides that, Han et al. (2019) developed a pre‐
diction-based delay optimization data collection method to
solve the issue of data collection delay. In Duan et al.
(2020), the value of information was utilized as a metric to
measure the quality of information. In view of this, a reli‐
able hierarchical information collection system was con‐
structed for data collection. In addition, Cai et al. (2019)
applied the mobile edge elements into data collection algo‐
rithm, whose results were helpful to solve the problem of
unbalanced energy consumption. In Han et al. (2018), a
stratification-based data collection algorithm was pro‐
posed for underwater data collection with constraints of
water delamination and limited-energy. Although these al‐
gorithms help to improve the energy efficient, how to im‐
prove the robustness of network has not been well studied.
We notice that topology is a good way to balance network
connectivity and energy consumption. Referring to Shames

and Summers (2015), we found that the rigid characteris‐
tics of the network are closely related to its algebraic prop‐
erties. In Luo et al. (2018), the potential-game based opti‐
mally rigid topology control algorithm was proposed to
improve the network performance. The rigid graph based
topology optimization algorithm was employed to balance
the trade-off between energy consumption and network
connectivity in Yan et al. (2016). Although the works in
Luo et al. (2018) and Yan et al. (2016) demonstrate a good
trade-off between energy consumption and connectivity
maintenance, the relationship between topology optimiza‐
tion and routing strategy has not been studied. With re‐
gards to limited-energy and network connectivity, how to
adopt the topology optimization technology to balance the
trade-off between the energy efficient and network connec‐
tivity for routing algorithm is still an open issue.

With the assumption of the data is collected by data col‐
lector, some path planning schemes have been proposed
for AUV. For instance, the path planning problem of multi‐
ple robots was studied for data collection in Bhadauria et
al. (2011). In McMahon and Plaku (2017), the sampling-
based motion planning were incorporated into constraint-
based solvers to achieve autonomous data collection. Nev‐
ertheless, the methods in Bhadauria et al. (2011) and Mc‐
Mahon and Plaku (2017) only consider the effect of geo‐
graphical location on AUV data collection, the validity of
the data is not considered. Since the data generated by the
nodes has associated values that decay over time, it is nec‐
essary to consider the value information of the collected
data. Based on this, the timeliness of the data was used to
plan the path of AUV in Gjanci et al. (2018), Liu et al.
(2022), then maximize the effective value of the total data
collection. Our previous work (Yan et al., 2018) developed
a dynamic value-based path planning method for AUV to
maximize the value of information. However, the obstacle
avoidance is not addressed. With consideration of geo‐
graphical location of nodes, timeliness of the data and ob‐
stacle, how to design the path planning and tracking strate‐
gy of AUV is another problem to be solved.

With these problems in hand, an AUV-assisted energy-
efficient data collection scheme is proposed in this paper.
Two phases data acquisition algorithm is designed, i. e.,
routing algorithm design for sensor nodes and path planing
for AUV. In the first phase, the optimal rigid graph was in‐
corporated into dynamic routing algorithm for sensor nodes
to transmit the data to data collector. Of note, the proposed
method can balance the trade-off between the energy con‐
sumption and the network robustness. Subsequently, the Q-
learning based AUV path planning strategy is developed in
the second phase to periodically accesses the data collector
and periodically resurfaces the water to unload the collect‐
ed data to the control center. In particular, the main contri‐
butions of this paper are as follows:

1) Routing algorithm design for sensor nodes. The po‐
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tential game based optimal rigid graph is designed to bal‐
ance the trade-off between the energy consumption and
network connectivity, and then a Q-learning based dynam‐
ic routing algorithm is provided for sensor nodes to relay
the collected data to data collector. Compared with the ex‐
isting works (Li et al. 2016a; Yan et al. 2018), the routing
algorithm in this paper can prolong the network lifetime
and improve the robustness of network.

2) Path planning and tracking for AUV. A Q-learning
based path planning algorithm is developed for AUV to
guide the movement of AUV, and then a proportional-inte‐
gral-derivative (PID) based tracking algorithm is proposed
to track the desired path. Compared with the existing work
(Han et al. 2017), the path planning algorithm in this paper
can improve the information value of the total data collec‐
tion with a time limit and avoid the influence of environ‐
mental obstacles.

2 System model and problem formulation

2.1 System model

As depicted in Figure 1, a network including sensor nodes,
data collectors and AUV is designed for data collection.
• Sensor Nodes. The role of sensor nodes is to perform

underwater monitoring tasks, whose clocks are synchro‐

nized and the coordinates are accurately known. It should
be emphasized that, sensor nodes can move passively due
to the effect of current.
• Data Collectors. Data collectors are static nodes, whose

function is to gather data from sensor nodes through some
routing mechanisms. Particularly, the locations of data col‐
lectors are fixed with the anchor wire constraints.
• AUV. An AUV is deployed to visit data collectors,

through which the data can be retrieved by high speed visi‐
ble light communications. Meanwhile, AUV periodically
surfaces to offload the retrieved data to control center via
high speed radio communications. Without loss of generality,
we assume that the batteries equipped on AUV are sufficient.

Similar to Yan et al. (2018), the underwater monitoring
area is divided into M subareas. It is noted that N sensor
nodes and one data collector are deployed in each subarea.
For an arbitrary subarea, sensor nodes collect data from
the surrounding environment and send the collected data
to data collector through single-hop or multi-hop commu‐
nication. Without loss of generality, we assume that a set E
of events E1,…, E|E| occur in the underwater monitoring ar‐
ea, where |E| is the total number of events. When sensor
node i∈{1, … , N} has sensed an event Ek at time tk, i, the
value of information (VoI) CEk, i for the sensed data on

event Ek can be acquired by sensor i, where 1≤k≤ |E|. Spe‐
cially, the VoI CEk, i at time t is defined as

Figure 1 Description of the network architecture, where an AUV is employed to retrieve data from multiple data collectors
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CEk, i ( t ) = βk FEk
+ (1 − βk )e− ( t − tk, i ), for t ≥ tk, i (1)

where FEk
∈R+ and e− ( t − tk,i ) denote the event importance

and timeliness of Ek, respectively. 0≤βk≤1 represents the in‐
formation weight, whose role is to balance the trade-off be‐
tween importance and timeliness. It is noted that, the event
importance can be designed and modified according to the
monitoring levels. Meanwhile, the event timeliness is a
monotonically decreasing function, which is to captures
the temporal decay of the sensed data. This is intuitive as
later retrieve of a data segment can lead to higher losses.

Different from the terrestrial networks, the sensor nodes
in IoUT move passively since the effect of current. Based
on this, a meandering current mobility model (Xia et al.
2017) is utilized to describe the movement of sensor
nodes. Accordingly, the movement of sensor node i∈
{1,…, N} can be updated as

xi ( t + 1) = xi ( t ) − ρ ∂ψ ( xi, yi, t )
∂yi

yi ( t + 1) = yi ( t ) − ρ ∂ψ ( xi, yi, t )
∂xi

zi ( t + 1) = zfix,i + ϑ i

(2)

where (xi, yi, zi)∈R3 denotes the position of sensor node i, ψ

(xi, yi, t)=−tanh
é

ë

ê

ê
êê
ê

ê yi − B ( t )sin (κ ( xi − ct ) )

1 + κ2 B2 ( t )cos2 (κ ( xi − ct ) )

ù

û

ú

ú
úú
ú

ú
, ρ∈R+ is

an iteration scalar, zfix, i∈R is the predefined fixed depth of
sensor node i, ϑi∈R follows White Gaussian noise (WGN),
κ∈R is the number of meanders in the unit length, and c∈
R denotes the phase speed. Particularly, B(t)=A+ϵ cos(ωt)
modulates the width of meanders, wherein A∈R resolves
the average meander width, 􀆠∈R represents the amplitude
of the modulation, and ω∈R denotes its frequency. In a da‐
ta gathering cycle, we assume that the change of water cur‐
rent is not frequent and the sensor nodes cannot move out
of the predefined subareas.

Referring to Sehgal et al. (2011), the energy consump‐
tion when transmitting one packet over distance d can be
calculated as

Erx = 4πd 210
SL − 20logl− αl× 10− 3 − TL

10 Ttx (3)

where d is the transmission distance between one sensor
node and its next-hop node, SL∈R+ denotes the sonar source

level, l denotes the transmission loss range, α represents
the absorption coefficient in dB/km, TL denotes the trans‐
mission loss, and Ttx is the transmission time of a single
packet.

It is noted that, the body-fixed reference frame (BRF)
and inertial reference frame (IRF) are adopted to describe
the AUV dynamics. Due to the intrinsic stability of rolling

and pitching of open-frame vehicles (Caccia and Veruggio
2000; Kim et al. 2016), this paper presents a simplified
model including four degrees of freedom (4-DOF), i.e., ne‐
glecting pitch and roll motions. Based on this, the dynam‐
ics of AUV is formulated as

u (t + 1) = u (t ) +
ρ

mu

(Fu + mvvr − kuu − ku
*u|u|)

v (t + 1) = v (t ) +
ρ
mv

(Fv − muur − kvv − kv
*v|v|)

w (t + 1) = w (t ) +
ρ

mw

(Fw + W − kww − kw
*w|w|)

r (t + 1) = r (t ) +
ρ
Ir

(Tr − (mv − mu )uv − krr − kr
*r|r|)

(4)

where u, v, and w denote the linear velocities in surge,
sway and heave, respectively. r denotes the angle velocity
in yaw. Besides, mu, mv, and mw denote the masses in
surge, sway and heave, respectively. Ir is the moment of
the inertia in yaw. Fu, Fv and Fw are the exerted forces in
surge, sway and heave, respectively. Tr is the exerted
torque in yaw and W is the buoyancy force in heave. ku, kv,
kw, and kr are the linear damping scales in surge, sway,
heave and yaw, respectively. k *

uu|u|, k *
v v|v|, k *

ww|w| and k *
r r|r|

are the quadratic damping constants in surge, sway, heave
and yaw, respectively. In view of (4), the kinematics of
AUV can be described as

x ( t + 1) = x ( t ) + ρ (u ( t )cosφ ( t ) − v ( t )sinφ ( t ) )

y ( t + 1) = y ( t ) + ρ (u ( t )sinφ ( t ) + v ( t )cosφ ( t ) )

z ( t + 1) = z ( t ) + ρw ( t )

φ ( t + 1) = φ ( t ) + ρr ( t )

(5)

where x, y, and z are the positions on X, Y and Z axes, re‐
spectively. φ denotes the angle in yaw.

2.2 Problem formulation

Problem 1 (Routing strategy design for sensor nodes) Since
the complexity of underwater environment, such as coral
reefs and fish stocks, it affects data transmission and re‐
quires higher robustness to networks. Meanwhile, the bat‐
tery power installed on underwater sensor node is limited
and cannot be recharged. In order to avoid the energy holes
and prolong the network lifetime, the optimal rigid graph
is incorporated into dynamic routing algorithm to relay the
data from sensor nodes to data collector. This problem is
reduced to optimize the routing selection of sensor nodes
with the consideration of energy holes and network robust‐
ness.
Problem 2 (Path planning and tracking for AUV) In mo‐
bile IoUT, data collectors gather data from sensor nodes,
but the collected data is decaying with time. To maximize
the VoI of data delivered to control center, we aim to de‐
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sign a Q-learning based path planning strategy for AUV to
find the desired path, which can avoid environmental ob‐
stacles effectively. Of note, the AUV dynamics are highly
complex, and the exact dynamic parameters of AUV are
not easy to acquire due to the influence of ocean currents.
To solve this issue, a model-free tracking tracking control‐
ler is sought to be provided, such that AUV can accurately
track the desired path.

3 Energy-efficient data collection approach

In this section, the energy-efficient data collection ap‐
proach is developed. As shown in Figure 2, the approach is
divided into two phases, i.e., 1) routing strategy for sensor
nodes; 2) path planning and tracking for AUV. The de‐
tailed process of the two phases is described below.

3.1 Routing strategy for sensor nodes

Without loss of generality, the routing strategy of sensor
node is divided into two stages, i. e., optimal rigid graph
design and dynamic routing algorithm design. In the fol‐
lowing, the routing strategy for sensor nodes is given.

3.1.1 Optimal rigid graph design
For ease of description, an arbitrary subarea S1 is taken

as an example. Without loss of generality, subarea S1 can
be modelled as a graph G(V, E), in which V={1, 2, … , N,
N+1} is the set of sensor nodes and data collector in subar‐
ea S1, and E={(i, j)∈V×V:i≠j} is the edge set. Of note, each
edge in the graph is expressed by a different pair of verti‐
ces (i, j). If any vertex pair (i, j) of graph G(V, E) satisfies
∀ (i, j)∈E⇒ (j, i)∈E, then graph G(V, E) is called an undi‐
rected graph, otherwise it is called directed graph. Espe‐
cially, graph G(V, E) is called rigid graph if vertex is re‐
moved does not destroy the stability of graph. Otherwise,
it is called a flexible graph. It is noted that, it is called min‐
imum rigid graph if the rigid graph becomes flexible when
any an edge is removed from rigid graph. For a clearer de‐
scription, examples of a flexible graph, a rigid graph, and
a minimum rigid graph are given in Figure 3. Accordingly,
the following definition and lemma are given.

Definition 1 (Zhang et al. 2015) Defining R(G) ∈R|E|×|3V| is
the rigidity matrix of a graph G(V, E) with N+1 vertices in
3D space. The graph is called a infinitesimally rigid graph
if and only if the rank ofR(G) is 3(N+1)−6, i.e, rank(R(G))=
3(N+1)−6.
Lemma 1 (Luo et al. 2013) Gi(i=1, 2, … , N+1) is a mini‐
mum rigid graph, which composes of node i and its neigh‐
borhood. G (V, E)= ∪i=1,…, N+1Gi. Denote the generated opti‐
mal rigid graph as Gopr(V, Eopr). Then, the following state‐
ments hold: a) e∉Eopr, if e=( j, k)∈E, j, k ∈ Gi , and e ∉ Gi ; b)
The optimal rigid graph Gopr (V, Eopr) can be obtained by de‐
leting those edges satisfying a).

The aim of this section is to balance the trade-off be‐
tween the network stability and energy consumption by op‐
timizing network topology. Of note, each node (i. e., data
collector or sensor node) in the network is independent
and affects each other. Based on this, the game theory is in‐
troduced to optimize the network. Without loss of generali‐
ty, a strategy game consists of three elements, i.e., Player
I, Strategic Space A, and Utility Function U. Thus, the
strategy game is expressed as Γ{I, A, U}. In the follow‐
ing, the three elements of strategy game are introduced in
detail: 1) Player I∈{1, 2, …, i, …, N+1}, where N+1 is the
total number of players in game; 2) Strategic Space A:A=
Πi∈I Ai is the set of all possible combinations of policies
for all players to choose. a=(ai, a−i) is the strategic of all
players, where ai∈Ai is the strategy selection by player i and
a−i is the strategic selection of players other than player i; 3)
Utility Function U:A→ℝ for i ∈ I is mappings. Based on
this, the following definitions are given.
Definition 2 (Nash Equilibrium (NE)) (Chen et al. 2019;
Lee et al. 2018) The strategy a*=(a*

i , a*− i) is said to be Nash
Equilibrium, if Ui(a

*
i , a*− i)≥U i(ai, a*− i) always holds, where

a*
i is the best strategy of player i to other players, a*− i is the

best strategy of players other than player i.
Definition 3 (Ordinal Potential-Game (OPG) and Ordinal
Potential Function (OPF)) (Chen et al. 2019; Lee et al.
2018) For game Γ{I, A, U}, if there exist a function U(a):
A→ℝ, ∀i∈I, ∀a−i∈A−i, for ∀aa

i∈Ai and ab
i∈Ai, the follow‐

ing equation holds

sgn (U (ab
i , a− i ) − U (aa

i , a− i ) )

= sgn (U i (ab
i , a− i ) − Ui (aa

i , a− i ) )
(6)

Then, the game Γ{I,A, U} is called OPG, and the function

Figure 2 Framework of energy-efficient data collection approach

Figure 3 Example of flexible and rigid graphs
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U(a) is called OPF of the game Γ{I,A, U}.
Based on the above definitions, the following two as‐

pects are considered to construct the utility function.
1) Energy consumption of network: Similar to Yan et al.

(2018), the relative energy consumption is adopted to de‐
scribe the energy consumption. Define the required energy
at time t as RE(t), which is calculated by (3). The available
energy at time t is denoted as AE(t). Based on this, the rela‐
tive energy consumption of sensor node i is defined as

Ei (t )=
AEi ( t )
REi ( t )

. For nodes i and j, i≠j and i, j∈{1, 2,…, N+

1}, we assume that the node i sends the data packet to its
neighbor node j, and the available energy of nodes i and j
is greater than the required energy. Then, the energy-based
model is described as
f1 = max∑i∑j ∈ Ni

{Ei(t ) + Ej(t ) } (7)
where Ni is the neighborhood node set of node i.

Without loss of generality, we assume that the same pa‐
rameters (i. e., SL and α) are used in the monitoring area.
Then, one has REi(t)=REj(t)=REij(t). Thus, (7) can be rear‐
ranged as f1=max∑i∑j ∈ Ni

Wij ( t ), where Wij(t) = (AEi(t) +

AEj(t))/REij(t) is the weight between nodes i and j. In view
of this, the rigidity matrixR(G) can be defined as

é

ë

ê

ê

ê

ê
êê
ê

ê

ê

ê ù

û

ú

ú

ú

ú
úú
ú

ú

ú

ú… ⋱ ︙ ︙ ︙ ︙ ︙ ⋱ ︙
0 … 0

( pT
i − pT

j )Wij

‖pT
i − pT

j‖ … ( pT
j − pT

i )Wij

‖pT
j − pT

i‖ 0 … 0

… ⋱ ︙ ︙ ︙ ︙ ︙ ⋱ ︙
(8)

where pi= [ p1
i , p2

i , p3
i ]

T
and pj=[ p1

j , p2
j , p3

j ]
T

are the coordi‐

nates of nodes i and j, respectively. Of note, each row

[0 … 0
( pT

i − pT
j )Wij

‖pT
i − pT

j‖ … ( pT
j − pT

i )Wij

‖pT
j − pT

i‖ 0 … 0] corresponds

to one edge (i, j)∈E.
2) Stability of network: To ensure the stability of the net‐

work, definition 1 must be satisfied. In view of this, the
following function is defined

hi (ai, a− i ) =
ì
í
î

1, rank (R(G ) ) = 3( N + 1) − 6

0, otherwise
(9)

Subsequently, the vertex rigidity gramian X(G) is given to
reflect the algebraic quality of network, i.e., X(G) =RT

(G )R(G)∈
R|3V|×|3V|. It is noticed that the trace of the vertex rigidity
gramian is the sum of the eigenvalues of the rigidity matrix.
Therefore, the following optimization problem is given

f2 = maxtrace ( X(G ) ) (10)

Therefore, the utility function of game Γ{I, A, U} can
be constructed as

U (ai, a− i ) = hi (ai, a− i )trace ( X(G, ai )
) (11)

where X(G, ai )
is the vertex rigidity gramian with the strate‐

gy ai.
In view of (11) and Lemma 1, the potential game based

optimal rigid graph can be generated, and the correspond‐
ing pseudo codes are described in Algorithm 1. It should
be emphasized that the Algorithm 1 contains two princi‐
ples, i. e., 1) keeping the network is a minimum rigid
graph, and 2) maximizing the trace of the vertex rigidity
gramian.

3.1.2 Dynamic routing algorithm design
With the generated optimal rigid graph in the Section

3.1.1, the communication topology of network can be
obtained. To transmit the data from sensor nodes to data col‐
lector, the Q-learning based dynamic routing algorithm is de‐
signed. As we know, Q-learning is a learning algorithm,
the agent (i.e., sensor node) select the optimal action
through the interact with an external environment. The
learning process of network can be modeled as a Markov de‐
cision process with limited state and action space, it can be
denoted as M = (S, A, R), where S is the set of nodes (i.e.,
state set), A is the set of optional node (i.e., action set), and
R is the reward function. Of note, each state in this section
has N+1 optional action. To evaluate the performance of ac‐
tions, the reward function R(s1

l , a1
l ) at lth episode step is de‐

signed as

R ( s1
l , a1

l ) =
ì

í

î

ïïïï

ïïïï

Rmax, s1
l + 1is data collector

− Rmax, no communication of two states

− dl, l + 1, otherwise

(12)

where Rmax is the maximum bonus value, which implies
that the next state is the data collector. −Rmax is a negative
value, indicating that there is no communication between
the two states. dl, l+1=‖pl−pl+1‖ is the distance between
the nodes l and l+1. Besides that, s1

l , s1
l + 1 and a1

l are the

Algorithm 1 Potential game based optimal rigid graph

Input: A graph with N+1 vertices that are labelled as 1, 2, …, N+1,
the position of all nodes p ={p1

1, p2
1, p3

1, …, p1
i , p2

i , p3
i , …, p1

N + 1,
p2

N + 1, p3
N + 1}, the optional strategies spacesAi;

Output: The optimal rigid graph with the strategy a*
i ={a*

1, a*
2, … ,

a*
N + 1};

1: The game implements based on the node ID, ȧi= ac
i , ac

i is the
optional strategies for ∀i∈V;

2: Ȧ={ȧ1, ȧ2,…, ȧN + 1};
3: for i∈V do
4: if |Ȧi| ≤3(N+1)−6 then
5: ȧi=argmaxai ∈ Ai

Ui(ai, a−i);

6: |Ȧi|=|Ȧi|+1;
7: end if
8: end for
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current state, the next state and the current action, respec‐
tively.

According to R(s1
l , a1

l ), the Q function can be updated
by the following equation, i.e.,

Q ( s1
l , a1

l ) = (1 − α )Q ( s1
l , a1

l ) + α (R ( s1
l , a1

l )

+γmax (Q ( s1
l + 1, a1

l + 1 ) ) )
(13)

where α is the learning rate, γ ∈[0, 1) is the discount factor,
and a1

l + 1 denotes the next action.
Therefore, the Q-learning based dynamic routing algo‐

rithm is given in Algorithm 2. It is noted that the sensor
node selects the node with the maximum Q value as the
next hop to forward data based on the Q table. The sensor
node can transmit the data to data collector by shortest dis‐
tance. Even if one transmission path is interrupted, the sen‐
sor node can transmit data to data collector successful.
Therefore, it can guarantee to prolong network lifetime
and improve the network reliability.

3.2 AUV path planning strategy

With the routing strategy for sensor nodes in Section 3.1,
the data collector can collect the data from sensor nodes suc‐
cessfully. Define a binary variable kk, i with i∈{1, … , N},
kk, i=1 if sensor i sense the event Ek, otherwise kk, i=0. Simi‐
larly, a binary variable lj, i with j∈{1, … , M} is defined to
express whether data collector j can obtain the VoI of sen‐
sor i, i.e., lj, i=1 if the data collector j can receive the VoI of
sensor i, otherwise lj, i=0. Accordingly, the VoI of sensor i and
VoI of data collector j from sensors can be calculated as

CE, i ( t ) =∑k = 1

|E|
kk, iCEk, i ( t ) (14)

RC j ( t ) =∑i = 1

N lj, iCE, i ( t ) (15)

With the above discussions, we employ the AUV to col‐
lect the information from the data collectors. AUV access
the data collector periodically and unload the collected data
to the control center. The access period time of AUV is de‐
fined as T. It is noted that the time of vertical movement is
important for data collection at the next data collection cy‐
cle. Based on this, we assume that the depth of the data col‐
lector is h and the vertical velocity of AUV is v, then the
time that AUV vertical movement to data collector is tvertical=
h
v

. Therefore, the data collection time of AUV is updated as

T̄=T−2tvertical. Besides that, we assume that the communica‐
tion range of data collector is the maximum accessible dis‐
tance under the fixed transmission power of AUV. Each data
collector broadcasts a data packet to AUV via acoustic com‐
munication, which contains the position information of the
data collectors and the VoI of the collected events. Accord‐
ingly, the income function of data collector j is designed as

Ij ( t ) = RC j ( t ) − ᾱDj ( t ) (16)

where t∈[0, T], Dj(t) is the distance between current posi‐
tion of AUV and data collector j. The purpose of subtrac‐
tion of Dj(t) is to reduce the distance of access. ᾱ∈R+ is a
scalar. In view of (16), the income function of AUV can be
expressed as

I *
AUV (t ) = max { I1 (t ), I2 (t ),…, IM (t ) } , tin < t < T̄ (17)

where tin is the time that AUV start to collect data.

Based on (17), one knows that AUV dynamically select
the data collector with the largest income function as the
destination at the next time. Due to the obstacles of the un‐
derwater environment, the Q-learning based path planning

Algorithm 3 Q-Learning based AUV Path Planning

Input: The VoI of data collector RCj and the position information Dj(t)
are received by AUV at time t = tin, where j∈1, 2,…, M;

Output: The dynamic path planing of AUV;
1: Initialization:QA=0, α1 and γ1;
2: while tin< t < tin+T̄ do
3: Destination is determined by (17);
4: for each episode do
5: Select an initial state s2

l randomly;
6: if s2

l is not destination then
7: Choose action a2

l from s2
l using policy derived from

QA;
8: Take action a2

l , observe RA and s2
l + 1;

9: Calculate QA(s
2
l , a2

l ) by (19);
10: s2

l←s2
l + 1;

11: l=l+1;
12: end if
13: end for
14: The income function of destination is reset as zero;
15: end while

Algorithm 2 Q-learning based dynamic routing algorithm

1: Set the reward function matrix R according to optimal rigid
graph in Algorithm 1;

2: Initialization: Q = 0, α and γ;
3: for i = 1:N do
4: for each episode do
5: Randomly select an initial state s1

l ;
6: if s1

l is not the data collector then
7: Use action a1

l to get the next state s1
l + 1;

8: Calculate Q(s1
l , a1

l ) by (13);
9: s1

l←s1
l + 1;

10: l=l+1;
11: end if
12: end for
13: Popt (i)=arg max(Q);
14: end for
15: Return optimal routing Popt of sensor nodes.
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strategy is adopted to plan the optimal path of AUV for da‐
ta collection. At the beginning, the AUV submerge to the
depth of the data collector with the largest income func‐
tion. Then, the current position of AUV is set as the initial
state and the data collector with the largest income func‐
tion is set as the destination. Of note, the area is uniformly
divided into M=n×n lattices, in which each lattice corre‐
sponds to a state and its corresponding Q value is zero.
Based on this, there are M states. Different from Section
3.1, each state in this section has four optional action, i.e.,
action set includes moving toward east, west, north and
south. To evaluate the performance of actions, the reward
function RA( s2

l , a2
l ) is defined as

RA ( s2
l , a2

l ) =
ì

í

î

ïïïï

ïïïï

RA, max, s2
l + 1is destination

−RA, max, s2
l + 1is obstacle

0, otherwise

(18)

where RA, max is a maximum positive value. In addition, s2
l ,

s2
l + 1 and a2

l are the current state, the next state and the cur‐
rent action of AUV, respectively.

Based on this, the Q function is given as

QA ( s2
l , a2

l ) = (1 − α1 )QA ( s2
l , al

2 ) + α1 (RA ( s2
l , a2

l )

+γ1max (QA ( s2
l + 1, a2

l + 1 ) ) )
(19)

where α1 is the learning rate, γ1 is the discount factor, and
a2

l + 1 is the next action of AUV.
Similarly, the pseudo codes of Q-learning based path

planning strategy of AUV is presented in Algorithm 3. It is
noted that the information value of the data collector, the
effect of geographical location and environment obstacles
are all considered.

According to Algorithm 3, the dynamic path planing of
AUV can be obtained, i.e., the desired trajectory of AUV
is acquired. Since the accurately dynamic parameters of
AUV is difficult to obtain, the model-free tracking control‐
ler is developed to drive the AUV to track the desired tra‐
jectory. Considering that the PID controller is simplicity,
easy implementation, excellent performance and meeting
the demand of tracking, the PID tracking controller is em‐
ployed in this paper for tracking. Without loss of generali‐
ty, the trajectory of AUV is defined as XAUV=[x, y, z]T and
the desired trajectory of AUV is denoted as Xr=[xr , yr , zr]

T.
Thus, the position tracking error is computed as e=Xr−XAUV.
Define F=[Fu , Fv , Fw]

T. To ensure XAUV→Xr within a limit‐
ed time interval, the PID tracking controller is designed as

F ( t ) = F ( t − 1) + ΔF ( t − 1) = F ( t − 1) + KpΔe ( t )

+KIe ( t ) + Kd (Δe ( t ) − Δe ( t − 1) )
(20)

where Kp is proportional gain, KI is integral gain and Kd is
derivative gain. Besides that, Δe(t) =e(t) − e(t − 1) denotes
tracking velocity error.

Obviously, the PID tracking controller does not require

model information of AUV. In view of (Zhao and Guo
2017), the PID tracking controller can guarantee that the
AUV can accurately track the desired trajectory by adjust‐
ing the parameters of Kp, KI and Kd.

4 Performance analysis

Theorem 1 The potential game based optimal rigid graph
is 3-connected. The average node degree of each node is 6.
Proof According to Algorithm 1, the generated graph is
the minimum rigid graph. From the properties of the mini‐
mum rigid graph, it can be seen that each node in the opti‐
mal rigid graph has at least three communicating neighbor
nodes for rigidity requirement. Thereby, the potential game
based optimal rigid graph is 3-connected.

Clearly, the number of edges of optimal rigid graph is E=
3(N+1)−6. Referring to (Yan et al. 2018), we know that the
sum of the degree of all nodes is twice the number of edg‐
es. Thus, the degree of all nodes is computed as 2(3(N+1)−
6). Define the average degree of each node is AD, then

one has AD =
2(3( N + 1) − 6)

N + 1
. It is noted that the aver‐

age degree of each node converges to 6 with the increasing
of the nodes number, i.e., limN+1→∞ AD=6. Thereby, the av‐
erage degree of each node is 6.
Theorem 2 Under the condition of the minimum rigidity, the
optimal rigid graph in this paper has the shortest communi‐
cation link and the largest weight sum of the energy balance
under the condition of maximizing algebraic characteristic.
Proof Take subarea Ri as an example. According to definition
1, we know that the number of edges of the minimum rigid
graph is 3(N+1)−6. The proposed optimal rigid graph can
ensure that the network has the least communication links
under the condition of ensuring connectivity and stability.

Clearly, the energy consumption of the sensor nodes is
used to receive data and transmit data. According to (3),
one knows that the energy consumed by transmitting data
is mainly related to distance between receiver and trans‐
mitter. We assume that the number of data packets is re‐
ceived by each node is same, then the energy consumption
problem of sensor nodes is mainly determined by the ener‐
gy consumed by transmitting data.

According to Algorithm 1, the weight of energy balance
is maximized with maximizing the weight of rigid matrix.
Thus, the transmission energy consumption of the sensor
node is minimized. Due to the transmission energy con‐
sumption is mainly related to the transmission distance, the
communication link of sensor node is minimized. Clearly,
this proof also suitable for other subarea.
Theorem 3 The game model Γ{I, A, U} for optimal rigid

graph is an OPG. The function U(a):A→ℝ is an OPF of Γ
{I,A, U}.
Proof The ordinal potential function is defined as U(ai, a−i)=
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∑i∈V U(ai, a−i) and let ΔUi=Ui(a
b
i , a−i)−Ui(a

a
i , a−i), where aa

i

and ab
i are two different strategies of node i. Then, the dif‐

ference between the utility functions of the two different
strategies can be calculated as

ΔU = U (ab
i , a− i ) − U (aa

i , a− i )

=∑i ∈ V(hi (ab
i , a− i )trace ( X(G, ab

i ) )

− hi (aa
i , a− i )trace ( X(G, aa

i ) ) )

= [ hi (ab
i , a− i )trace ( X(G, ab

i ) )

+∑j ∈ V, j ≠ i
hj (ab

i , a− i )trace ( X(G, ab
i ) ) ]

− [ hi (aa
i , a− i )trace ( X(G, aa

i ) )

+∑j ∈ V, j ≠ i
hj (aa

i , ai )trace ( X(G, aa
i ) ) ]

= ΔUi +∑j ∈ V, j ≠ i
hj (ab

i , a− i )trace ( X(G,ab
i ) )

−∑j ∈ V, j ≠ i
hj (aa

i , a− i )trace ( X(G, aa
i ) )

(21)

Then, the signs of ΔU and ΔUi are analyzed as follows, i.e.,

sgn (ΔU ) =

sgn (ΔUi )

ì

í

î

ïïïï

ïïïï

= 0, hi (ab
i , a− i ) = hi (aa

i , a− i ) = 0

> 0, hi (ab
i , a− i ) = 1, hi (aa

i , a− i ) = 0

< 0, hi (ab
i , a− i ) = 0, hi (aa

i , a− i ) = 1

(22)

If hi(a
b
i , a−i)=hi(a

a
i , a−i)=1 holds, then one has

sgn (ΔU ) = sgn (ΔUi )
ì

í

î

ïïïï

ïïïï

= 0, ab
i = aa

i

> 0, ab
i > aa

i

< 0, ab
i < aa

i

(23)

According to Definition 2 and Definition 3, one can ob‐
tained that the game model Γ{I, A, U} for optimal rigid
graph is an OPG. The function U(a):A→ℝ is an OPF of Γ
{I,A, U}. The proof is completed.
Theorem 4 Q-learning-based dynamic routing algorithms
do not have data loops in the process of data fusion.
Proof According to (12), the reward function is set to the
maximum reward value Rmax when the next state is the data
collector, the reward function is set to a negative value −Rmax

when the two nodes are not communication, and the reward
function is set to −di, j when the nodes are communication
but the next state is not the data collector. According to (13),
we know that the Q value is higher when the communica‐
tion link is close to the data collector. Therefore, the consis‐
tency of the transmission direction can be guaranteed.

5 Simulation results

In this section, simulation results are presented to prove
the effectiveness of the proposed algorithm. Without loss
of generality, a monitoring area of size of 250 m×250 m×

250 m is divided into M subareas, N sensor nodes and one
data collector are deployed in each subarea. In each subar‐
ea, the data is collected by sensor nodes from surrounding
environment. Subsequently, sensor node sends data to the
data collector by single-hop or multi-hop manner. Of note,
the number of sensor nodes and subareas are mainly deter‐
mined by monitoring performance requirements. The more
the number of sensor nodes and subareas, the higher the
accuracy of data collection, but the higher the monitoring
cost. Especially, the parameters used in simulation are giv‐
en in Table 1. Accordingly, the initial deployment of the
network is shown in Figure 4.

Table 1 Parameters used in the simulation

Parameter

mu

Ir

kw

k *
v v|v|

W

c

ρ

mv

ku

kr

k *
ww|w|

Initial energy

ε

M

mw

kv

k *
uu|u|

k *
r r|r|

A

ω

N

Value

39.15

3.53

6.56

32.83

−5

0.12

0.1

63.96

1.6

4.54

29.68

100

0.3

6

63.96

13.18

22.94

22.16

1.2

0.4

11
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AUV

100-250
100

-200

0

X positio
n (m)50

Z 
po

si
tio

n 
(m

)

-150

-100

Y position (m)

-50

0

0

-100-50

Figure 4 Initial deployment of network
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5.1 Simulation for routing path of sensor nodes

The results of routing path of sensor nodes are analyzed

in this section. Since the routing path of each subarea is sim‐
ilar, only the results of arbitrary subarea S1 are investigated,
i.e., the results of other subarea are omitted in this paper.

Figure 5 Results for routing path under case 1

213



Journal of Marine Science and Application

To verify the performance of dynamic routing algo‐
rithm, two cases are considered: 1) the static underwater
environment; and 2) the dynamic underwater environment.
Under case 1, the nodes in network are stationary. Based
on this, the routing path of sensor nodes in this paper is
shown in Figure 5(a). Correspondingly, the residual energy
of sensor nodes under the method in this paper is described
in Figure 5(b). In Li et al. (2016a), the sensor nodes forward
the data to data collector through the neighborhood nodes,
which is not the optimal communication topology. Under
the same assumption, the routing path and residual energy
of sensor nodes are shown in Figure 5(c) and Figure 5(d),
respectively. In addition, a local routing decision strategy
was proposed to complete data collection from sensor nodes
in Yan et al. (2018). Accordingly, the routing path and resid‐
ual energy of sensor nodes are shown in Figure 5(e) and
Figure 5(f), respectively. From Figures 5(a)-(d), one knows
that the method in this paper can prolong the lifetime of
network and the robustness of network can be guaranteed.
Referring to (Shames and Summers 2015), one knows that
the rigid graph with the larger eigenvalues of determinant
has better algebraic properties and the stability of the net‐
work is improved accordingly. Inspired by this, the trace of
X(G) under the methods in (Yan et al. 2018) and this paper is
shown in Figure 6(a). From Figure 6(a), Figures 5(a)- (b),
Figures 5(e)-(f), we can see that the methods in (Yan et al.
2018) and this paper are both effective for data collection
and the stability of network is improved in this paper.

In case 2, the sensor nodes can be moved under the in‐
fluence of ocean current. Based on this, the routing path
and residual energy of sensor nodes under the method in
this paper are shown in Figure 7(a) and Figure 7(b), re‐
spectively. Under the same assumption, the routing path
and residual energy of sensor nodes under the method in
Li et al. (2016a) are shown in Figure 7(c) and Figure 7(d),
respectively. Correspondingly, the routing path and residu‐

al energy of sensor nodes under the method in Yan et al.
(2018) are shown in Figure 7(e) and Figure 7(f), respec‐
tively. Besides that, the trace of X(G) under two methods is
shown in Figure 6(b). Obviously, the network lifetime can
be prolonged by compare with the ones in Li et al. (2016a)
and the stability of network can be improved by compare
with the ones in Yan et al. (2018). Therefore, the proposed
routing path method is meaningful.

5.2 Simulation for path planning and tracking of
AUV

In order to verify the effective of the path planning in
this paper, the VoI collected by data collectors are set as:
RC1= 0, RC2= 2.4, RC3= 1.8, RC4= 3.5, RC5= 3.8+0.3t, and
RC6= 0.05, where t∈ [0, 160]. Based on the VoI, the AUV
analyzes the VoI of data collectors and path planning
through Algorithm 3. Accordingly, the path planning of
AUV (i.e., desired trajectory of AUV) with the method in
this paper is shown in Figure 8(a). In Han et al. (2017), the
traveling salesman problem (TSP) strategy was developed
to plan the trajectory of AUV. Under the same assumption,
the path planning of AUV with the method in Han et al.
(2017) is described in Figure 8(b). From Figures 8(a)-(b),
we can seen that the path planning of AUV under the meth‐
od in this paper is more appropriate comparing with the
method in Han et al. (2017), since the VoI of data collec‐
tors 1 and 6 are small, they do not need to be accessed by
AUV. Of note, accessing valueless data collectors can in‐
crease the offload time for the collected data to the control
center on the sea surface. To verify the effectiveness of the
proposed algorithm, the environmental obstacles are set in
paths 2 and 3, i.e., the pink area in Figure 8(c). According‐
ly, the path planning of AUV from data collector 2 to data
collector 3 is shown in Figure 8(c), where the optimal path
of AUV is represented by red origin. Clearly, the Q-learn‐
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ing based AUV path planning algorithm in this paper can
effectively avoid the impact of environmental obstacles.

Based on the desired trajectory of AUV, the PID tracking

controller is employed for tracking. In the simulation, we
only give the part of 2→3. Based on this, the tracking trajec‐
tory with the method in this paper is shown in Figure 8(d).

Figure 7 Results for routing path under case 2
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Correspondingly, the tracking position and tracking error
are shown in Figure 8(e) and Figure 8(f), respectively. Ac‐
cording to Thenozhi and Yu (2014), we found that the PD
controller can achieve tracking but has a steady-state error,

which can be reduced by introducing an integral term. There‐
fore, the PID controller can achieve a zero steady-state error.
Based on this, the tracking trajectory, tracking position,
and tracking error under the PD tracking controller are

Figure 8 Simulation results for path planning and trajectory tracking of AUV

216



H. Y. Zhao et al.: Energy-Efficient Underwater Data Collection: A Q-Learning Based Approach

shown in Figures 8(d)-(f). Obviously, PID controller has
better performance than PD controller.

6 Conclusion

With consideration of energy consumption, network ro‐
bustness, and environmental obstacles, the energy-efficient
data collection issue for IoUT has been studied in this pa‐
per. At the beginning, the potential game based optimal rig‐
id graph strategy is proposed to balance the tradeoff be‐
tween the energy consumption and the network stability.
Based on optimal communication topology, the Q-learning
dynamic routing algorithm for sensor nodes is developed
to collect data from sensor node to data collector. Then, Q-
learning based AUV path planning algorithm is presented
for AUV to plan trajectory to collect data from data collec‐
tor, through which the PID tracking controller is utilized to
track desired trajectory. Finally, simulation results show
that the proposed algorithm can ensure the energy efficient
and network stability by compare with some existing works,
and the PID tracking controller can track desired trajectory
well. In the future, we will further expand the verification
fields of the experimental platform.
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