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Abstract—Energy harvesting (EH) technologies facilitate the
trending proliferation of IoT devices with sustainable power
supplies. However, the intrinsic weak and unstable nature of
EH results in frequent and unpredictable power interruptions
in EH IoT devices, which further causes unpleasant packet loss
or reconnection failures in IoT network. Therefore, conventional
routing and energy allocation methods are inefficient in the EH
environments. The complexity of the EH environment caused
a stumbling block to an intelligent routing policy and energy
allocation. To address the problems, this work proposes an
environment adaptive Deep Reinforcement Learning (DRL)-based
multi-hop routing policy, M2M-Routing, to jointly optimize energy
allocation and routing policy and mitigate these challenges through
leveraging the offline computation resources. We prepare multi-
models for the complex energy harvesting environment offline. By
searching a historically similar power trace to identify the model
ID, the prepared DRL model is selected to manage energy allo-
cation and routing policy on the query power traces. Simulation
results indicate that M2M-Routing improves the amount of data
delivery by ~ 3x to ~ 4x compared with baselines.

1. INTRODUCTION

Energy harvesting (EH) technologies that harvest energy
from the ambient environment have been increasingly employed
as an alternative to batteries on IoT devices due to the low
maintenance cost and wide availability [1]. There are a variety
of energy sources available such as kinetics and thermal con-
duction. However, the intrinsic weak and unstable nature of EH
results in frequent and unpredictable power failures in EH IoT
devices [2], [3]. In the IoT network, frequent power failures
lead to frequent unpleasant packet loss or continuous recon-
nection failures, rending data routing unattainable. Therefore,
conventional routing methods are inefficient in the EH envi-
ronments because of the severe degradation of communication
efficiency caused by power failures of EH devices.
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An intelligent routing strategy is on urgent demand for EH
IoT devices, which is however challenging. The main challenge
lies in energy allocation. If the EH IoT device collects too
much data, it may not have sufficient energy to transmit the
collected data when required. Conversely, if the EH IoT device
reserves sufficient energy for communication, it may squander
harvested energy for nothing. Furthermore, it requires multi-
hops among EH IoT devices to reach the sink, and thus those
devices are spatially dependent on each other. Existing optimal
energy allocations that maximize the data transmission at the
current time step might result in insufficient energy for future
data transmission, and thus IoT devices are also temporally
dependent. Therefore, intelligent routing strategies require joint
optimization of energy allocation on data sensing and data
transmission with a multi-hop network routing policy.

The spatial and temporal dependency of the partial ob-
servable multi-hop routing network environment makes Deep
Reinforcement Learning (DRL) [4] an attractive tool. By for-
mulating energy allocation and routing selection as partially
observable Markov Decision Processes, we can design a dis-
tributed and highly scalable DRL-based approach to maximize
the energy efficiency and the packet delivery for sensing and
transmitting data in the EH IoT multi-hop routing systems.
However, due to the complexity of the EH environment, training
a single DRL model will incur significant time overhead and
may not achieve a desirable outcome. Because of the nature of
energy harvesting, the energy status of an IoT device is firmly
associated with its power trace that varies in real-time. For this
reason, a large DRL model is required to adapt to different
power trace variations. However, EH IoT devices are usually
compute and memory resource constraint.

To improve the environmental adaptability of DRL agents,
instead of training one single model to learn over all power
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traces, we propose to have multiple representative models
trained based on the similarity between power traces. In addi-
tion, to alleviate the computation burden of EH IoT devices, our
idea is to move most expensive computations offline and only
perform limited computations to execute DRL agents online. In
the offline phase, we first cluster the historical power traces into
K sub-databases. Then we train K representative DRL agents
on the corresponding sub-database and deploy into each EH
IoT device. To achieve this, we designed a temporal distance-
based similarity search algorithm to precisely retrieve the most
similar power trace in our sub-databases and its coupled DRL
agent ID. The selected DRL agent ID is send to EH IoT devices
and manages the next energy allocation and routing policy joint
optimization to maximize the amount of data delivery to the
sink. The main contributions of this paper are as follows:

(1) We proposed a multi-model RL based routing framework,
M2M-Routing, to improve the environmental adaptability
of EH IoT multi-hop routing by leveraging offline com-
putation capability and power trace prediction techniques.
To precisely retrieve the most similar power trace in sub-
databases, we developed an efficient temporal distance-
based similarity search algorithm.

We performed comprehensive simulations to evaluate the
performance of M2M-Routing from the training, querying,
testing, and overhead perspectives.

(@3]
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II. RELATED WORK

Traditional Energy-harvesting-aware Routing: Nguyen et
al. [5] proposed an energy-harvesting-aware routing algorithm
for multi-hop heterogeneous IoT networks, where the energy
prediction model and the energy back-off parameters are in-
tegrated into the proposed routing algorithm. [6] developed
ESDSRAA algorithm to explore multi-hop routing for EH
IoT systems with energy-harvesting-aware geographic routing
and different energy allocation strategies. However, traditional
Energy-harvesting-aware Routing without consideration of the
uncertainty of the power source is not designed for long-
term optimization, resulting in throttled system performance.
Energy-harvesting-aware Routing with DRL: DRL shows
outstanding performance on decision making in an uncertain
environment considering the long-term influence of its ac-
tions [7]-[9]. [8] employed an algorithm to optimize the power
allocation for two-hop EH communications. Q-table is created
in [9] to find the optimal routing path for EH multi-hop cogni-
tive radio network. However, these solutions only target small-
scale communication environments with centralized RL (i.e.,
at most 6 nodes [9]), being hard to extend to the realistic IoT
system setting that consists of a large number of interconnected
nodes. Besides, few works consider how to synergistically
perform energy allocation and routing for EH IoT systems.
This paper proposes an environment adaptive DRL-based multi-
hop routing policy that jointly optimizes energy allocation and
routing policy. In the experiment, ESDSRAA [6] and Q-table
are taken as baselines for comparison.

III. SYSTEM MODEL
This section presents a multi-hop routing system model for
EH IoT devices, then describes the energy harvesting system

EH embedded devices
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Fig. 1: Multi-hop routing system model for EH IoT devices.

model, and finally formulates the joint optimization problem.
A. Multi-hop routing system model for EH loT devices

The multi-hop routing system model considers a typical
data transmission scenario, where a set of EH IoT devices
is deployed in a designed area such as an ocean or forest.
Each device can execute four operations including sensing,
data transmission/forwarding, receiving, and harvesting energy
simultaneously. The set of EH IoT devices is described as
Z = {1,...,i,...I}. If the distance between device ¢ and
device j is within (, they are defined as neighbors that can
transmit or receive data packets in one hop. The neighbors
of device i are defined as a set IV;. EH IoT device aims to
transmit their sensed data to sink D. In order to lead devices
to transmit data towards the sink, the designed space is divided
into multiple layers with the centre sink D. Based on the device
location, each device ¢ has a layer id attribute, defined as p,. The
multi-hop routing system model detail is illustrated as Fig. 1.

The EH IoT device follows a predetermine sensing speed
v to collect data each day. The device keeps sensing if the
device has residual energy. Otherwise, the device goes to sleep
mode. Suppose that there is a queue; in device ¢ to buffer the
sensed or received data packets. The queue size is denoted as
Q. Specifically, a preset threshold ¥ is given to prevent queue
overflow. While the number of data packets in the queue is
greater than W, sensing is turned off and the left queue size is
only used for relaying data. ¥ (U < Q) can be obtained by
profiling the network traffic. While the number of data packets
is beyond Q, the device stop data sensing and receiving.

Each data packet is transmitted with its source device 1D
D;. Once the relay device ID j is equal to D;, there is a
routing loop, which causes the energy dissipation. To avoid
data expiration, each data packet A; ; transmitted from device
i to device j, j € INV; has an attribute experienced hops h to
label its experienced hops. Given the maximum experienced
hops I', h should not exceed I'. The data packet resulting in
routing loop or expired data packets both will be dropped.
B. Energy harvesting model for EH 10T devices

Each EH IoT device harvests energy from ambient sources
and consumes energy on sensing, transmission/forwarding, and
receiving. The energy consumption F; consume is equal to the
power integration for time. The power of sensing, transmission,
and reception are p; senses Di,trans> aNd Pj recen, respectively.
Given a time duration T, we separate time into a set of time
slots 7 = {1,...,t,...,T}. The power trace P;q on id" day is
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given as Py = {p(l,id)7 <o P(tid)y - 'p(T,id)}v t € T, where
P(t,id) 18 the power intensity at time ¢ on id™"™ day. Thus, the
harvesting energy is F; 40 = f P4 dt. Assume the real-time
energy status of device ¢ iS E; cyrrent, given the energy capacity
of the device 7 as Ej,qz, at any given time, Fj cyrrent <
Eji maq should be satisfied.

C. Problem formulation

Unlike classical network studies that target real-time com-
munication, in this paper, we study EH IoT devices for data
collection applications that are not time-sensitive but are more
power-hungry. Thus, our goal is to maximize the amount of
data delivery to sink D while EH devices are powered by an
uncertain power trace.

Formally, given a set of deployed EH IoT devices, the
onboard battery capacity Ej ;q., and the queue size Q, the
energy allocation and routing policy joint optimization problem
is formulated as follows:

.. A
magimize > Aug
SubjeCt to 0 S Ei,cu,m’ent S Ei,maa;y VZ c Z, Vt S T
k
> AL <09, Vi€Z,jeN;VteT
=1
h<T VA, Vi€ I,jE€N;
j# D; \V/Ai,j,ViEI,jENi

IV. M2M-ROUTING FRAMEWORK DESIGN

A. Overview of M2M-Routing

To address the challenge of the limited computation capa-
bility and power-hungry situation of EH IoT devices, M2M-
Routing is developed that thoroughly take merits of offline
sufficient computation and energy resource to fully realize
environment adaptive intelligent energy allocation and routing
policy. An overview of M2M-Routing is indicated in Fig. 2,
which is composed of offline segment and online segment.

The offline segment trains the distributed multi-agents DRL
with historical power traces. We first cluster the historical
power trace into K databases with meanshift clustering [10].
After that, DRL agents K = {1,...,k,..., K} are trained
for each EH IoT device with the corresponding database. At
the outset, the power trace of next work round are predicted
with [11]. The query subsystem retrieves the most similar
power trace in k databases by the developed temporal distance-
based similarity search algorithm. The corresponding DRL
agent ID k is informed to the device. The online segment
receives DRL agent ID and makes that agent take over energy
allocation and routing policy at the next round. Note that the
real power trace P;; can never be known in advance.

B. Multi-agent deep reinforcement learning agent training
Reinforcement learning formulates the decision-making
problem as Markov Decision Process (MDP), named environ-
ment. The agent observes the environment state s,, s, € S at
time step 7. Based on the policy that maps state S to action
A, the agent takes an action a,,a, € A to the environment.
Environment transits to s,4; and return a feedback 7,41
to the agent. In order to evaluate agent’s performance from
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Fig. 2: Overview of M2M-Routing for self-powered IoT system.

long-term perspective, the discounted reward is defined as
RE =% _ 477141, where 7,7 € (0,1] is the discounted
factor for the future reward. Reinforcement learning agent aims
to find an optimal policy that maximizes the expected long-
term reward q-value Q(s,a)™ = E[RT|s, = s, a, = a]. Deep-
Q-network trains a neural network as the policy to estimate
g-values. This paper adopts deep-Q-network (DQN) [4] as
the underlying method to find an optimal policy on energy
allocation and routing.

We deploy a unique DRL agent named DeeploTRouting for
each IoT device to control its energy allocation on data sensing
and data transmission as well as its packets routing destination.
All DRL agents have the same intermediate layer size of neural
networks but different weights. Since the environment state of
each node is only related to information of its neighbors, the
input/output layers are different, which increases the algorithm
scalability and reduces the state and action spaces.

Training: At the training period, each device has two neural
networks, target network and local network parameterized by
0; and 0. Local network outputs a; to environment, then
collects the interaction experience = (S; r, @i r, i 741, Sir+1)
into replay buffer GG;. The target network output “label” for
the local network. DRL agent is optimized until a mini-batch
of experiences sampled from replay buffer. To stabilize training,
the target network will be frozen its weights. After each n
interactions, the target weights will be updated by copying
weights from local network. Thus, the loss function of the
local network is given as L(0;) =Y sir.ai-, (rir41+

Ti,r+1,Si, 741 0T
ymaxg Q(Si 741, i r+1;0) —Q(si,r, i r;0))%. To avoid local
minimum and learn from environment, DRL agents are ex-
pected to take more actions on exploration at an early age.
After familiar with environment, agents should take actions
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Algorithm 1: Training procedure for DRL based agent.

Input: max_episodes, start_time, end_time, n,n_node,
{7, €start, €end, 0} (for learning and exploration)
Output: optimized n_node agents 0;

1 Initialize n_node local networks, 6;, with random weights, Vi;

2 Initialize n_node target networks, 0; <~ 0;, Vi;

3 Initialize the corresponding replay buffer, G;, Vi;

4 n_episode < 0

5 while n_episode < max_episodes do

6 Reset EH IoT system environment;

7 Step; < 0 Vi,

8 while rime < end_time do

9 for i from 0 to n_node do

10 if ¢ request action from agent 0; then

1 With probability € select random action a; ¢

12 Otherwise, action a; ; = argmax Q(s, a) by 0;
13 Take action a; ¢ to environment

14 Environment transit to s; ¢1; Feedback r; 441
15 experience; = (Si ¢, Qi ¢, Ti t41,Si,t41):

16 Save experience to buffer Z;;

17 if replaybuf fer > mini_batchsize then

18 Randomly sample mini-batch of experiences;
19 Optimize 0; with sampled experiences;

20 if Step;%m == 0 then

21 \ Update target network 0;;

22 end

23 end

24 Step; = Step; + 1

25 end

26 end

27 end

28 n_episode = n_episode + 1

29 end

based on their experience. Thus, this paper adopts the decaying
epsilon-greedy exploration policy [12]. The algorithm detail is
described in Algorithm 1.

MDP settings: Each device observes its partial observable
environment state s; that is defined as {A;, &, D/}, A; is a
vector to provide queue size of device 7 and its neighbors. &; is
a energy vector to provide the residual energy of device ¢ and its
neighbors. Recall that D; is the data packet source ID to prevent
routing loop. D} is the source ID of the packet located at queue,
head. To make decision on routing destination and energy allo-
cation, a; is designed as {N;,R;}. N;, N; € N; is the routing
destination of current ongoing data packet of device i. R; aims
to control the real-time energy allocation on data transmission
and data sensing. We quantilize the battery capacity (I; mqz) in
multiple levels with ;. While the residual energy Ej current is
less than R; * E; 44, the transmission/forwarding/reception is
stopped. The EH IoT device only performs low-power sensing
and energy harvesting. Once E; cyurent > i * Ejmaz, the
EH IoT device restarts the stopped actions. By optimizing
{N;, R;}, EH IoT devices aim to maximize the amount of data
delivery. Thus, our reward function is designed as (1).

log(1+ pi — py) + £ (§), else

k
1
0, it D} = j,h > T, Bjeurrent <0,y Al ;> Q M

=1
where two cases are described. First case describes the desti-
nation device successfully receives the transmitted data packet.
Recall that p; is the layer id of device ¢ which aims to lead
device i transmitting data packets towards the sink. f(j) is

Ti,r =

a function of extra reward while the data packet arrives sink
directly, where f(j) = log(I), if j = D, and goes to 0 other-
wise. The second case of (1) describes the transmission failure.
Four kinds of classical transmission failures are considered:
(1) While the data packet is routed to its source device, the
routing loop is caused; (2) To guarantee the energy efficiency
and data freshness, if the experienced hops h exceeds the budget
hop I, the packet is dropped; (3) Due to the unstable nature
power, the receiver device might be offline, which results in re-
transmission and deplete energy efficiency; (4) While queue;
is full at the destination device, the data packet is refused and
required retransmission. It also results in energy dissipation.

C. Query subsystem

The query subsystem is composed of power trace prediction
and temporal distance-based similarity search algorithm.
Power trace prediction: We adopt Pro-energy algorithm de-
veloped by [11] to predict power trace for the forthcoming data
transmission. The main idea of Pro-energy is to leverage the
historical energy observations to estimate future energy. Given
a number of representative days such as sunny and cloudy, the
historical power trace P;4 is stored into its representative day’s
profiles. This paper has K representative days. We estimate the
predicted power at time slots £+’ by current power p(; ;q) and
the historical power at £+’ on a set of similar days. Therefore,
the predicted power is p’(tﬂ,,id) = Nupria + (1 — nv)Pegrrs
where 7,- is Pearson autocorrelation coefficient parameter. With
the time slots of predicted power is gradually away from current
time slots, the correlation progressively decreases. About the
value of 7y please see [11]. Py is a weighted value of
most similar historical power at time slot ¢ + t'. Following
paper [11], we first retrieve the top m similar traces with
smaller mean absolute error. That is calculated by d(p,, p.,,) =

. o
S W. Then, we calculate Py that is the

weighted average power intensity at ¢ + ¢ on m days as (2).

1 - { dep,,.P, 1)
Pory = —— 1— e ad Pt iary  (2)
o m— 1 id’z=[) Z:,'Z’:l d(PzvaM/> (Hrf ' )

Temporal distance-based similarity search: To precisely
retrieve similar power traces to identify the model ID, an
appropriate distance measurement between power traces is
needed. However, regarding the power trace P;q as a vector
and calculating the vector distance to measure similarity that
only can capture the power strength but lose the power trace
temporal features, since the vector distance accumulates the
distance at each time slot. Thus, we developed an algorithm
to measure the spatiotemporal distance of power traces. The
power trace similarity measure is realized by a dynamic moving
window[13] scanning that captures the distance of two power
trace with a varying size window. Considering two power traces
P;q and P4, we visualize them as Fig. 3 (a) and Fig. 3
(b), respectively. A distance (A = dp,, p,, ) iS measured
between P,y and P4 by scanning the transited power trace
using a dynamic moving window ¢ with size g, which can be
calculated as (3).
>

A= XX
Pt ia’ €Pe.q

bp,q€EPLq Pt,id€EPp,q

At idPt,id — Aidpeiar)  (3)
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Fig. 3: Spatiotemporal distance measurement.
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where ¢, , represents the window with size ¢ is located at
@; @ is identified by ¢; ®, is the full set for the dynamic
window of size q; A;;q is the contribution factors that means
the contribution of unit p;;q in window ¢, 4. Given the
max size of dynamic window ¢4, the total distance of Pjg
and P,y is the summation of all distance obtained by all
sizes moving window, Dp,, p, , = 232‘1‘” dp,,.p,, q Through
the total distance measurement, query subsystem retrieves the
corresponding DRL ID whose training dataset has the most
similar power trace with the predicted power trace.

V. EVALUATION

A. Experimental Settings

Multi-hop routing system: We simulate a 20-node multi-hop
routing system similar with Fig. 1. We deploy 20-node in a
100m x 100m open space as Fig. 4. The hardware parameters
of EH IoT devices are listed in Table I. The multi-hop routing
system starts running from 8:00 to 18:00 every day. EH IoT
device starts with E; ,,,q, to ensure sufficient start-up energy.

TABLE I: EH IoT Network Parameters

Notation Definition Parameter Value
Aij size of data packet 3072 bits
Q maximum queue size 20 * 3072 bits
P; trans transmission power 0.1w
i recev receiving power 0.05 w
P sense sensing power 0.01 w
Eimax energy storage capacity 1]
v process speed 200 bits/s
I3 transmission range 20 m
l

layer numbers 3
the energy threshold T: € {0,0.3,0.6}
r Initial hops budget 6

M2M-Routing algorithm: We use the real solar power trace
downloaded from [14]. We cluster 40 power traces(id € [1,40])
into 2 sub-databases (K=2). We train M2M-Routing for 120
episodes, where each episode means the one-day operation of
multi-hop network. To prevent the network system influenced
by the previous day, the network environment will be initialized
at the beginning of each day. Two neural network models
of M2M-Routing have same architectures, the input/output layer
is determined by the definition of state/action in Section IV.
Their immediate layer is set as 128-256-128. The discount
factor 7 is 0.95. We set learning rate § = 5¢~%.

A Sink @ EHIoT devices

20

20 30 40 50 60 70 80 90

X(m)
Fig. 4: Topology of 20-node multi-hop routing system.

Baselines: We compare our algorithm with three base-
lines.1) DeeploTRouting: single DRL model, where one DRL
model is deployed on each EH IoT device. 2) Q-table: one
Q-table is deployed on each IoT device. 3) ESDSRAA: a
traditional energy-harvesting aware routing algorithm, which
allocates energy and sensing rate at the beginning of each hour,
based on which, it decides the routing destination.

B. Performance Analysis on DRL Agents

Training: We first measure the M2M-Routing performance
during the training period. As indicated in Fig. 5, we use the
total rewards as a raw score to measure M2M-Routing’s learning
performance. Three reinforcement learning methods converge
quickly at about 15" day. M2M-Routing and DeeploTRouting
gains ~ 3x rewards over Q_table. Although DeeploTRouting
and M2M-Routing obtain similar rewards, the obtained reward
of M2M-Routing maintains at a stable level but DeeploTRout-
ing is fluctuating regularly. That is because we run a multi-
hop system with 40 power traces. While the power trace
has greater strength, DeeploTRouting obtains more rewards.
In Fig. 5, DeeploTRouting reaches the peak point at every 40
days, which further proves that DeeploTRouting fluctuates with
the power trace variance. Clustering similar power traces to
the same sub-databases not only guarantees a better-optimized
performance but also stabilizes the DRL agent.

To evaluate the efficiency of M2M-Routing in multi-hop

routing network, Fig. 6 shows the daily amount of data delivery.
We observe that Fig. 6 is generally coincident with Fig. 5,
which proves the designed reinforcement learning agent reward
is appropriate for our multi-hop routing system. At training pe-
riod, M2M-Routing achieves around the maximum data delivery
at 71.8Mb for model k£ = 1 (modell) and the maximum data
delivery at 59.7Mb for model £ = 2 (model2). Although the
maximum data delivery amount by DeeploTRouting (72.1Mb)
slightly exceeds the amount of data delivery by M2M-Routing,
it is intuitive that after agents arriving convergent, the average
amount of data delivery of M2M-Routing is greater than that
achieved by DeeploTRouting.
Query: After training DRL agents with 40 traces, we test M2M-
Routing with 20 power traces. Pro-energy predicts one power
trace as shown in Fig. 7 (purple) for the red real trace. The error
between the predicted power trace and the real trace is 4.42%.
Through predicted power trace, temporal distance-based simi-
larity search algorithm finds the blue similar tracel. The vector
distance-based similarity search finds the green similar trace?2.
The corresponding DRL agent for similar tracel is modell
and the corresponding agent for similar trace2 is model2.
Therefore, we tested the red real trace with both modell and
model2. Modell and model2 achieved 61.2Mb and 58.9Mb
amount of data delivery, respectively. Based on Fig. 6, model2
always outperforms modell. However, it achieves less amount
of data delivery than modell.

There are two possible reasons. First, the Pro-energy is not
enough precise so that the similarity search can not find the
right similar trace. Second, the power trace prediction has
no influence, which proves that the temporal distance-based
similarity search algorithm can find a more similar trace and

Design, Automation and Test in Europe Conference (DATE 2022)



A M2MRouting k=1 w = DeeploTRouting
. @ M2MRouting k=2 @@ Q table
1.4 165 g e

A M2MRouting ko1
=@ M2MRouting k=2

= =+ DeeploTRouting
@ o tavle

®® EspsRAA

A—ah Real trace e Similar trace 1

12

10
o 0.8l i
Zosf:

0.4

o.zf,.

0.0

Bl Predicted trace @=® Similar trace 2

€ 8 10 12 14 16 18

20 o) EJ 80
Day

Fig. 5: Daily reward.
TABLE II: The efficiency evaluation (daily average).

Algorithm Delivery rate (%) Delivery amount (Mb)
M2M-Routing  96.48 62.73
DeeploTRouting 95.98 54.25
Q_Table 41.31 16.68
ESDSRAA 56.56 20.90

choose an appropriate model since modell achieves a higher
amount of data delivery. The visualization of power traces
in Fig. 7 indicates the trend of similar tracel better fits to
the red real trace than the similar trace2, though the vector
distance of similar trace2 and the real trace is smaller. We will
further discuss the influence of power trace prediction in our
future work. However, no matter what the influence of power
trace precision is, the M2M-Routing achieves an outstanding
performance, which is proved by Table II.

Testing: Table II indicates the average amount of daily data
delivery and delivery rate = "m0t o j:;‘s’gjeg;;i‘f;;' sink \where
system operates with 20 power traces. Even that prediction error
arrives 5.26%, M2M-Routing achieves 96.8% delivery rate. The
amount of data delivery of M2M-Routing improves 15.63%
compared with DeeploTRouting. While compared with Q_table
and ESDSRAA, M2M-Routing achieves ~ 4x and ~ 3x the
amount of data delivery. Whether a higher prediction accuracy
results in the performance gain of M2M-Routing, we will
explore it in our future work. So far, M2M-Routing achieves
the best performance compared with the three baselines.
Overhead: We also discuss the online computation overhead
in Table III with a CPU frequency of 16MHz. Since Deepl-
oTRouting achieves 0.84 delivery rate while its neural network
architecture is the same to M2M-Routing, we increase its neural
network size to 256-512-128 such that it can achieve a higher
delivery rate of 95.98%. However, even after the neural network
size is increased, the amount of data delivery and delivery rate
of M2M-Routing is still higher than that of DeeploTRouting,
as shown in Table II. Therefore, M2M-Routing does not only
achieves a better performance but also has a lower computation
cost and latency (0.019s). Although it has a slightly higher
online computation cost than that of Q_table and ESDSRAA,
the performance of M2M-Routing dramatically exceeds that of
Q_table and ESDSRAA. Moreover, the computation cost is
within the EH IoT device budget.

TABLE III: Overheads
Method Cycles Latency(s)
M2M-Routing 304492 0.019
DeeploTRouting 861292 0.054
Q-Table 262144 0.016
ESDSRAA 116703 0.0073

Fig. 6: Daily amount of data delivery.

° Time(hrs)

Fig. 7: Solar energy trace sample.

VI. CONCLUSION

In this work, we developed a novel environment adaptive
multi-hop routing policy for a self-powered IoT system. By
leveraging the offline computation resource, we proposed an
intelligent deep reinforcement learning-based routing policy for
the energy harvesting multi-hop routing. Through clustering
power traces into multiple sub-databases and training multiple
models, we alleviate the computation burden of EH IoT devices
and improve the routing efficiency. To retrieve the similar query
power trace precisely, a temporal distance-based similarity
algorithm is developed in this paper.

REFERENCES

(1

“Iot energy-harvesting market size in 2021 with top countries data latest
103 pages report.” [Online]. Available: https://www.marketwatch.com
C. Pan, M. Xie, S. Han, Z.-H. Mao, and J. Hu, “Modeling and opti-
mization for self-powered non-volatile iot edge devices with ultra-low
harvesting power,” ACM Transactions on Cyber-Physical Systems, vol. 3,
no. 3, pp. 1-26, 2019.

C. Pan, M. Xie, Y. Liu, Y. Wang, C. J. Xue, Y. Wang, Y. Chen, and
J. Hu, “A lightweight progress maximization scheduler for non-volatile
processor under unstable energy harvesting,” ACM SIGPLAN Notices,
vol. 52, no. 5, pp. 101-110, 2017.

V. Mnih, K. Kavukcuoglu, D. Silver, A. A. Rusu, J. Veness, M. G.
Bellemare, A. Graves, M. Riedmiller, A. K. Fidjeland, G. Ostrovski et al.,
“Human-level control through deep reinforcement learning,” nature, vol.
518, no. 7540, pp. 529-533, 2015.

T. D. Nguyen, J. Y. Khan, and D. T. Ngo, “A distributed energy-
harvesting-aware routing algorithm for heterogeneous iot networks,” IEEE
Transactions on Green Communications and Networking, vol. 2, no. 4,
pp. 1115-1127, 2018.

T. Lu, G. Liu, and S. Chang, “Energy-efficient data sensing and routing in
unreliable energy-harvesting wireless sensor network,” Wireless Networks,
vol. 24, no. 2, pp. 611-625, 2018.

S. Tang and L. Tan, “Reward rate maximization and optimal transmission
policy of eh device with temporal death in eh-wsns,” IEEE Transactions
on Wireless Communications, vol. 16, no. 2, pp. 1157-1167, 2016.

A. Ortiz, H. Al-Shatri, X. Li, T. Weber, and A. Klein, “Reinforcement
learning for energy harvesting decode-and-forward two-hop communi-
cations,” IEEE Transactions on green communications and networking,
vol. 1, no. 3, pp. 309-319, 2017.

X. He, H. Jiang, Y. Song, C. He, and H. Xiao, “Routing selection
with reinforcement learning for energy harvesting multi-hop crn,” IEEE
Access, vol. 7, pp. 54435-54448, 2019.

D. Comaniciu and P. Meer, “Mean shift: A robust approach toward feature
space analysis,” IEEE Transactions on pattern analysis and machine
intelligence, vol. 24, no. 5, pp. 603-619, 2002.

A. Cammarano, C. Petrioli, and D. Spenza, “Pro-energy: A novel energy
prediction model for solar and wind energy-harvesting wsn,” in 2012
IEEE 9th International Conference on Mobile Ad-Hoc and Sensor Sys-
tems (MASS 2012). 1EEE, 2012, pp. 75-83.

M. Morales, Grokking Deep Reinforcement Learning.
cations, 2020.

W. Zhang, J. Xie, and Y. Wan, “Spatiotemporal scenario data-driven
decision-making framework for strategic air traffic flow management,”
in 2019 IEEE 15th International Conference on Control and Automation
(ICCA). 1EEE, 2019, pp. 1108-1113.

“Measurement and instrumentation data center (midc).” [Online].
Available: https://midcdmz.nrel.gov/apps/sitechome.pl?site=ORNL

(21

(51

(6l

[7

[8

=

91

[10]

(1]

Manning Publi-

[14]

Design, Automation and Test in Europe Conference (DATE 2022)

323




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


