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Abstract. In order to improve the energy efficiency of environmental monitoring
for energy harvesting wireless sensor networks (EH-WSNs) in remote areas and
achieve energy-neutral operation, an adaptivemonitoring and energymanagement
optimization method of EH-WSNs based on deep Q network (DQN) algorithm
is proposed. In this paper, aiming at EH-WSNs with single-hop cluster structure,
we first present a more realistic energy model established by combining different
climate characteristics. Then, the optimization model of maximizing long-term
monitoring utility is formulated based on harvested energy constraints. We use
deep Q network (DQN) to learn random and dynamic solar energy harvesting pro-
cess on solar-powered sensor nodes and optimize the monitored performance of
EH-WSNs through the replaymemorymechanism and freezing parameter mecha-
nism. Finally, we present an adaptivemonitoring optimizationmethod basedDQN
to achieve the long-term utility. Through simulation verification and comparative
analysis, in different rainy weather environments, the proposed optimization algo-
rithm has greatly improved in terms of average monitoring reward, monitoring
interruption rate and energy overflow rate. Moreover, it also indicates that the pro-
posed algorithm has effective adaptation to the random and dynamic solar energy
arrival.

Keywords: Energy Harvesting WSNs · Adaptive Monitoring · Deep Q
Network · Long-term Utility

1 Introduction

Monitoring technology based on wireless sensor network (WSN) is one of the effective
solutions to help supervise pollution emissions and promote the management of eco-
logical environment [1, 2]. However, continuous monitoring often requires huge energy
consumption and causes network congestion, such as high frequency monitoring or
image monitoring. Although some congestion control and packet reordering algorithms
provide the solution for network congestion [3, 4], traditional sensor networkmonitoring
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system based on limited battery power still causes interruption of monitoring, especially
in remote areas [1], where frequent battery replacement is too expensive and impracti-
cal. How to reduce the interruption of monitoring and improve the monitoring utility in
remote areas is one of the important problems to be solved at present.

WSNs can use different types of energy sources, such as solar energy [5], wind
energy [6] and so on. The energy from these external environments can be converted
into electrical energy for the monitoring node by different energy conversion devices.
Consequently, WSNs based on energy harvesting provide a solution for solving the
energy management problem of monitoring in remote areas to a certain extent [7, 8].

In recent years, some traditional solutions based on energy harvesting technique
have been applied to address the problem of sensor node lifetime [9–11]. Considering
the large amount of energy consumption during cluster head selection stage and unequal
harvested energy among nodes in EH-WSNs, Ren and Yao proposed an energy-efficient
cluster head selection scheme [12]. Based on some traditional routing protocols such as
LEACH, the scheme classified nodes with different functions and effectively scheduled
them to deal with the energymanagement problem.Xiong focused on how to increase the
network lifetimewhile satisfying the full target coverage in a novel hybrid EH-WSN, and
then proposed a two-phase lifetime-enhancing method to meet these requirements [13].
To reduce transmission delay and improve network throughput, Bengheni deployed an
enhanced energy management scheme in EH-WSNs to improve the overall performance
of network [14], and it introduced an energy threshold policy to ensure a balance between
the energy consumption and energy harvesting ability for each sensor node. Besides, Qiu
started from the transmission strategy management in EH-WSNs, and used Lyapunov
optimization theory to maximize the expected bits per packet transmission for source
node in system [15].

However, solar energy has instability and randomdynamic characteristics and cannot
be controlled [16]. It is one of the major challenges for its energy management in EH-
WSNs. Specially, it is very important to seek effective optimization strategies and realize
efficient energy management of sensor networks for improving continuous environmen-
tal monitoring and prolonging network lifetime. Although many energy management
methods were proposed to improve the network performance, most of them assumed
that harvested energy was known in advance [17–20].Therefore, in order to adapt the
random and dynamic of solar energy, we propose a novel DQN-based adaptive monitor-
ing optimization method for energy management in EH-WSNs. In the proposed method,
we first present the dynamic energy model, consumed energy model and the network
model of cluster structure. Then, we formulate the problem of adaptive monitoring in
EH-WSNs. Considering the dynamic characteristic of energy and excessive energy state,
the DQN algorithm is utilize to solve the problem and improve the utility of the whole
network.

The rest of this paper is organized as follows. Section 2 and Sect. 3 present the model
assumptions and optimization problem formulation, respectively. The detailed adaptive
monitoring optimization for EH-WSNs based on solar energy harvesting is presented
in Sect. 4. The simulation verification and analysis are presented in Sect. 5. Finally,
conclusions are derived in Sect. 6.
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2 System Model

In this section, we first present the EH-WSN model based on cluster structure, then the
energy consumption model and energy harvesting model are described.

2.1 Network Model

At present, the topology of WSNs is generally divided into two types: single-hop cluster
structure and multi-hop Mesh network. For environment image monitoring in remote
areas, due to the relatively high bandwidth requirement, the cluster network topology
with a lower delay is more suitable than the mesh network. Hence, we describe our
network model as shown in Fig. 1.

Fig. 1. Network model

2.2 Energy Consumption Model

In WSNs, the energy consumption of nodes is mainly composed of environmental mon-
itoring, data transmission and data reception. Combined with two models of energy
consumption [16, 20], the energy consumption models are defined as follows

Econs = EM + ET + ER (1)

EM = Em ∗ M s ∗ T (2)
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ET = Eelec ∗ l + ξamp ∗ l ∗ d2 (3)

ER = Eelec ∗ l (4)

where Econs is the total consumption energy, EM is the consumption energy of monitor-
ing, ET and ER are the energy consumed by transmitting and receiving 1bit data between
two nodes with a distance of d, respectively. In (2), Em is the energy consumed by once
monitoring, which is a fixed value andMs is the monitoring frequency of each time slot.
Moreover, T refers to the total time slots of monitoring. It can be seen that the total
energy consumption of environmental monitoring is basically proportional to the moni-
toring frequency. With the increase of monitoring frequency, the energy consumption of
sensor nodes will also increase. In (3)–(4), Eelec denotes the energy dissipated per bit. d
refers to the distance between sending node and receiving node and ξamp is the energy
consumed by amplifier, which depends on the specification of sending amplifier. In this
paper, we focus on the adaptive monitoring frequency optimization of sensor nodes and
improve the total energy efficiency of monitoring.

2.3 Energy Harvesting Model

In this paper, we consider the solar energy as the harvested energy. For solar energy, solar
panels are used to convert solar radiation into electrical energy to power the recharge-
able battery in a node, and the battery provides energy for sensor node through energy
management chip. Although solar energy is difficult to control, it is not completely
unpredictable. Therefore, according to the model used in Lee and Zairi [16, 21], our
model of solar energy harvesting process is defined as

EH = min

{
Ebc, η

∫ τ+h

τ

p(t)dt

}
(5)

where EH is the total harvested energy, Ebc is the maximum capacity of battery in sensor
node, η is the uncertainty factors affecting solar energy harvesting, such as climate and
weather in the environment. τ and τ+h represent the duration of solar energy harvesting
in a day,where h is the execution time of energy harvesting, and the energy harvesting can
be considered to obey Poisson distribution according to Lee [15]. p(t) is the probability
density function of random process of solar energy harvesting in this period of time.

3 Problem Formulation

To improve the continuous monitoring and long-term survival of EH-WSNs in remote
areas, we formulate the adaptive monitoring optimization based on the above system
model to achieve trade-off between energy consumption and monitoring frequency,
and the optimization problem can be described as maximizing the long-term utility
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of network through the adjustment of monitoring frequency for each time slot. The
optimization problem is written as follows.

max( lim
T→∞

T∑
t=0

rt(Ms)) (6)

s.t. Eres(t+1) = min{EH (t) + Eres(t) − Econs(t),Ebc} (7)

EH (t) � 0 (8)

0 � Eres(t) � Ebc (9)

0 � Econs(t) � Eres(t) (10)

The (6) denotes the optimization objection is to maximize cumulative environmental
monitoring reward obtained over a period of time slots T, where rt(Ms) is the instant
reward obtained through the optimized monitoring frequencyMs of sensor node in each
time slot t under the premise of available residual energy. The (7)–(10) are the constrained
conditions, where EH (t) is the harvested energy of nodes, Eres(t) is the residual energy
of nodes at current time slot t, Econs(t) is the energy consumed by nodes at time slot t,
and Ebc is the total battery capacity of sensor nodes. In (7), the final value for the sum of
EH (t) and Eres(t) minus Econs(t) cannot exceed total recharge battery capacity of nodes.

Aiming at the optimization problem, traditional optimization methods are difficult
to solve this complex optimization problem. The DQN algorithm, which combines the
advantages of reinforcement learning and deep learning, can optimize the long-term
utility and take multi-state dimension into consideration.

4 Adaptive Monitoring Optimization Method Based DQN

4.1 Algorithm Principle

InQ-learning algorithm, theQ value table is usually used to store theQ value obtained by
taking different action a under each state s. However, this approach usually encounters
dimension disaster problems in dealing with large or even continuous tasks. In order
to better solve this problem, a function QN composed of parameters ω is introduced to
approximate the Q value, namely value function approximation, as shown below.

QN (s, a;ω) ≈ Q(s, a) (11)

where s and a are vector representations of state s and action a, respectively. And with
the development of deep learning, neural network technology and the value function
approximation show good compatibility. Therefore, the DQN algorithm comes into
being through the combination of deep learning and Q-learning. Compared with Q-
learning, the obvious feature of DQN algorithm is to convert Q-function into a neural
network through the value function approximation.
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Fig. 2. DQN algorithm training process with replay memory and target network

ComparedwithQ-learning algorithm,DQNalgorithmalso has twonewmechanisms,
namely, replay memory and target network, as shown in Fig. 2.

To be specific, the firstmechanism is to build replaymemory to store the data obtained
by interacting with the environment. When DQN algorithm is updated, it only needs to
extract the previous experience data for learning. The second mechanism is to use the
target network to freeze parametersω. Specifically, the parametersω are copied from the
online network to target network at regular intervals by setting the appropriate update
frequency. And in process of network training, only online network needs to be updated
in real time. Therefore, when only the parameters of online network need to be adjusted,
it becomes a regression problem. For two networks, the closer the target Q value is to
the predicted Q value, the better the result is, so it is necessary to minimize its mean
square error, which is defined as follows

L = (y − Q(s, a;ω))2 (12)

where y and Q(s, a; ω) represent target Q value and predicted Q value respectively.
Predicted Q value needs to be continuously updated by online network. The update
process is similar to the Q-function update in Q-learning algorithm, and Q-function is
updated as

Qt+1(st, at) = Qt(st, at) + α
[
rt+1 + γ maxQ(st+1, a

′) − Qt(st, at)
]

(13)

Then parameters in target network are copied from online network, and the target Q
value in target network can be obtain as

y =
{
r, if _ end is true

r + γ maxQ′(s′, a′;ω′), if _ end is false
(14)

where if_end is a sign to judge whether the algorithm ends.
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4.2 State and Action Space

According to the network model in Sect. 2, sensor nodes generally need to send some
state information to the sink node(it refers to agent in Fig. 4), such as residual energy,
harvested energy and current time slot for a day or night. Therefore, the final state space
s at time slot t is defined as

s = [Eres(t),EH (t),N (t)] (15)

where Eres(t) is the residual energy of nodes at time slot t, EH (t) is the energy harvested
by nodes through external environment at time slot t,N(t) is to judge whether the current
time slot t is in the daytime or night.

After agent obtains the state of environment, it will select an action from the given
action space a according to the strategy. This paper focuses on optimizing the action
strategy of monitoring frequency to improve energy efficiency and monitoring utility of
EH-WSNs. Therefore, we set monitoring frequencyMs(t) in each time slot as the action.
Since continuous action cannot be processed, the action space needs to be discretized
to reduce the convergence time of the algorithm. Therefore, the discretized action space
can be written as follows.

aD = [Ms(t)|d ] (16)

where d is the interval of discretization. The larger the interval of the discretization, the
fewer actions contained in the action space. On the contrary, the smaller the interval, the
more actions the action space can describe. Accordingly, assume that there is an action
space set with A actions, namely aD = {0, 1, 2,…, n,…, A–1}, 0 means that nodes enter
sleep, and n means that nodes monitor n times in each time slot.

4.3 Reward Function

According to the description of the optimization model, the setting of reward function
needs to consider two requirements: the first is to utilize the harvested energy of sensor
nodes to improve long-term utility by increasing the number of monitoring times in each
time slot as much as possible; the second is to avoid the situation that causes monitoring
interruption of sensor nodes in many time slots due to insufficient residual energy.

Then, according to the energy model proposed in Sect. 2 and three-stage energy
management strategy proposed in [6],we consider the differences of the energy harvested
at different time period in different environments. Accordingly, we design the different
reward functions for different state to optimize the action selection of nodes through
the feedback of agent. In the designed reward function, harvested energy and different
environments are added to help nodes to make better decisions. Moreover, we also make
corresponding distinctions for the residual energy states in different intervals based on
sigmoid curve andMexican hat curve. Finally, we define reward functions rc and rs based
on the different weather state W. The rc and rs represent the instant rewards obtained
by agent in rainy and sunny days, respectively. The specific expressions are defined as
follows
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rc =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

c((1 − s3)(
4

(1+exp(−ba))(1+exp(ba)) − 1) + s3(
2

1+exp(−b
s1
Ebc

)
− 1)), a �= 0, s1 ∈ (0, Ebc

6 ]

c((1 − s3)(
4

(1+exp(−ba))(1+exp(ba)) − 1) + s3(
2

1+exp(−bs2)
− 1)), a �= 0, s1 ∈ (

Ebc
6 ,

Ebc
2 ]

c((1 − s3)(
4

(1+exp(−ba))(1+exp(ba)) − 1) + s3(
2

1+exp(−b(s2+ s1
Ebc

))
− 1)), a �= 0, s1 ∈ (

Ebc
2 ,Ebc]

−rmax, a �= 0, s1 = 0
0,a = 0

(17)

rs =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

c((1 − s3)(
4

(1 + exp(−ba))(1 + exp(ba))
− 1) + s2(

2

1 + exp(−bs2)
− 1)), a �= 0, s1 ∈ (0,

Ebc
6

]

c((1 − s3)(
4

(1 + exp(−ba))(1 + exp(ba))
− 1) + s2(

2

1 + exp(−b(s1 + a))
− 1)), a �= 0, s1 ∈ (

Ebc
6

,
Ebc
2

]

−rmax, a �= 0, s1 = 0

0, a = 0

(18)

where a is the action, Ebc is the total battery capacity of nodes, s1, s2 and s3 in (17)
and (18) represent the first state Eres(t), the second state EH (t) and the third state N(t)
in current time slot t, respectively. Moreover, s3 = 1 means daytime and s3 = 0 means
night. Therefore, in the daytime, only the second half of formula is calculated, i.e., the
sigmoid-like function. In the night, only the first half is calculated, i.e., the Mexican
hat-like curve function. Furthermore, c and b represent the control of the amplitude and
slope of the function, respectively. According to [6], c is set to 2 and b is set to 1 in (17)
and (18). In rainy days, agent obtains different rewards based on the ratio of residual
energy of nodes to total battery capacity and harvested energy. In sunny days, the rewards
obtained by agent depend on harvested energy and action. At the same time, during the
night, agent only obtains the reward value according to action. The larger the action
taken, the smaller the reward received by agent. And the agent can avoid the excessive
energy consumption of nodes through this negative feedback.

In addition, in order to further meet the energy storage constraints of nodes and avoid
large-scale energy depletion of nodes, a penalty term –rmax can help nodes constrain
action decisions in different environments, where rmax is the maximum instant reward
from current environment. This setting is to achieve that the instant rewards is imposed
a heavy penalty when energy depletion of nodes happens. The specific description of
the proposed DQN-based adaptive monitoring optimization algorithm for EH-WSNs is
presented in Algorithm 1.

Next, the detail description of Algorithm 1 is as follows. The initialization of a
series of parameters and the corresponding setting is implemented in line 1–6. In line 7,
the controller of sensor node sends the state to the agent, i.e., the deep Q network, and
then the deep Q network feeds back the random or optimal action for current time slot t
according to the ε-greedy policy, which is defined as

at =
{
argmaxQ(st, at, ω), if p � ε

RandomAction, if p < ε
(19)

where RandonAction represents randomly selecting an action from the action space, ε is
the greedy degree we set. The ε-greedy policy is utilized to balance the exploration and
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exploitation, i.e., to balance the reward maximization based on the knowledge already
known with trying new actions to obtain unknown knowledge.

After obtaining the action, the system will transfer to the next state when an action
is performed (line8), where the residual energy of nodes Eres(t) will change with the
energy consumed by the action selection of the current time slot, the second state EH (t)
will change regularly according to the energy harvesting model proposed in Sect. 2.3
and the last state N(t) also depends on the change of time.

Then the reward can be calculated according to the reward function (line 9). And it
should be noted that when agent interacts with the environment, if the current weather is
rainy, i.e.,W = 0, the instant reward rc can be obtained according to formula (17) above,
and if the current weather is sunny, i.e., W = 1, the instant reward rs can be obtained
according to formula (18), both rewards depend on residual energy and harvested energy.

Inside the network, the replay memory stores agent’s experience of each time slot
(line 10). The parameters ω of online network are updated every time with samples from
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the replay memory (line 11–14), and finally the parameters ω’ of target network are
copied from the online network every N times (line 15).

5 Performance Evaluation

5.1 Simulation Settings

In our simulations,weused aGPU-based serverwith the software environment ofTensor-
Flow 1.3.0 and Python 3.6. Thereafter, we investigate the performance of our proposed
DQN-based adaptive monitoring optimization algorithm (Proposed DQN) compared
with the Q-learning algorithm, random method and greedy algorithm [22] (Greedy).

Here, it should be noted that the rainy environment means that the number of rainy
days is not less than that of sunny days during a period time. Simultaneously, we compare
the performance of proposed algorithm with the other three methods and investigate
the performance metrics related to average monitoring reward, monitoring interruption
rate and energy overflow rate based on the same energy harvesting model. The detail
parameter settings are summarized in Table 1.

Table 1. Parameter values used in the simulations

Parameter Value Description

Discount factor γ 0.9 Discount factor used for the DQN
algorithm

Exploration ε 0.1 Chance of random action in the ε-greedy
exploration

Learning rate α 0.0001 Learning rate used by AdamOptimizer

Total episode k 5000 How many episodes are used to train the
network model

Replay memory size 1000 Size of the container for storing learning
experiences

Target network update frequency N 10 Rate to update target Q network towards
online Q network

Batch size 32 How many learning experience are used for
each episode

Battery capacity Ebc 120 Maximum capacity of rechargeable battery
for sensor node

Energy consumption units Econ 0 to 4 Range of energy consumption units per
time slot by monitoring

Harvested energy in sunny days EH 0 to 9 Random range of harvested energy units
per time slot in sunny days

Harvested energy in rainy days EH 0 to 5 Random Range of harvested energy units
per time slot in rainy days
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In Table 1, we list the parameter values of harvested energy EH in two different
weathers and energy consumption units Econs in different monitoring frequency. For
action space a, we also set four actions, i.e., the node monitors 0 to 4 times in each time
slot and consumes the corresponding amount of energy. Subsequently, since there is a
certain gap for energy harvesting in different environments, we set two different ranges
of values. In sunny days, due to the high solar radiation intensity, the range of harvested
energy is set to 1 to 9 energy units; on the contrary, for the rainy days, the range is set to
1 to 5 energy units. If there is no light at night, the value of harvested energy is 0.

5.2 Results and Comparative Analysis

For environmental monitoring of EH-WSN in remote areas, the performance of the rainy
environment is themost concerned about the optimization problem.Therefore, according
to the simulation scenarios in above subsection, we center on the performance analysis
of the proposed algorithm compared to other three algorithms under the rainy environ-
ment with two different ratio of rainy days to sunny days. Here, the rainy environment
can better reflect the trade-off performance between monitoring frequency and energy
consumption.

To verify the performance of proposed DQN-based algorithm, we present the results
for rainy days accounted for 70%. The corresponding state-action result is shown in
Fig. 3

Fig.3. Node state-action diagram (rainy days account for 70%)

As shown in Fig. 3, we can see that the high probability of rainy days means the
harvested energy is relatively lower in the whole 30 days. Compared with scenarios of
rainy weather accounted for 50% in the previous subsection, the proposed DQN-based
algorithm can also be adapted to the environmental characteristics and further improve
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Fig. 4. Performance comparison of Four Algorithms (rainy days account for 70%)



328 X. Bao et al.

long-term reward of the node by optimized action scheme. At the same time, the residual
energy of node can still be maintained into a safe range. Similarly, for the 14th, 15th
and 17th sunny days, the proposed algorithm can also adaptively select high monitoring
frequency actions to achieve the greater utility.Moreover, in the night-time environment,
although nodes cannot harvest energy, the proposedDQN-based algorithm can still select
the corresponding action scheme to maintain node monitoring, such that the number of
monitoring interruptions is also sharply reduced. It shows that the proposed algorithm
can not only improve long-term survival of network nodes, but also improve long-term
reward of the whole network. Furthermore, the comparison results of more relevant
average monitoring reward, monitoring interruption rate and energy overflow rate are
shown in Fig. 4.

From Fig. 4, we can see that the average monitoring reward of proposed DQN-based
algorithm is still the greatest among the compared algorithms. Compared with Fig. 4(a),
since the harvested energy reduces, the averagemonitoring reward of proposed algorithm
has also been decreased. As shown in Fig. 4(b), although the increase of rainy days
makes the available energy of nodes more scarce, the monitoring interruption rate of the
proposed algorithm remains below 0.1 and is still the best among the four algorithms.
In terms of overflow rate, the proposed algorithm can similarly avoid long-term energy
overflow rate by optimized action scheme.

6 Conclusion

In this paper, an adaptive monitoring optimization algorithm based on DQN for EH-
WSNs is proposed. We first present the energy harvesting model, energy consumption
model and the network model with the single-hop cluster structure. Then, these mod-
els are combined with DQN algorithm to improve the monitored performance of the
algorithm itself through the mechanism of replay memory and target network. The sim-
ulation analysis combines the characteristics of different proportions of rainy weather
with day-night alternation to verify the feasibility and effectiveness of the proposed
DQN-based algorithm. In addition, we also compare the performance with the other
three algorithms under the same simulation environment. The results demonstrate that
the proposed DQN-based optimization algorithm can obtain the great performance in
terms of three metrics including average monitoring reward, monitoring interruption
rate and energy overflow rate. It also indicates that the proposed DQN-based optimiza-
tion algorithm can not only effectively adapt to the relative complex and changeable
weather environment, but also further improve the monitoring utility of network nodes
and solve the problem with high monitoring interruption rate of long-term monitoring
for EH-WSN in rainy environment.
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