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Abstract—Renewable energy (RE) is a promising
solution to save grid power in mobile edge computing
(MEC) systems and thus reducing the carbon footprints.
However, to effectively operate the RE-based MEC
system, a method for predicting the state of energy
(SoE) in the battery is essential, not only to prevent
the battery from over-charging or over-discharging,
but also allowing the MEC applications to adjust their
loads in advance based on the energy availability. In
this work, we consider RE-powered MEC systems at
the Road-side Unit (RSU) and focus on predicting its
battery’s SoE by using machine learning technique.
We developed a real-world RE-powered RSU testbed
consisting of edge computing devices, small cell base
station, and solar as well as wind power generators.
By operating RE-powered RSU for serving real-world
computation task offloading demands, we collect the
corresponding data sequences of battery’s SoE and
other observable parameters of the MEC systems that
impact the SoE. Using a variant of Long Short-term
Memory (LSTM) model with additional convolutional
layers, we form a CNN-LSTM model which can predict
the SoE accurately with very low prediction error.
Our results show that CNN-LSTM outperforms other
Recurrent Neural Networks (RNN) based models for
predicting intra-hour and hour-ahead SoE.

I. INTRODUCTION

In the era of the Internet-of-Things (IoT), the
number of connected devices, performing multi-
scale computations to support smart applications, is
exponentially increasing. Additionally, the computing
tasks become more complex and artificial intelligence
(AI) driven, thus consuming more system resources
and more energy. However, some of the end devices
which have constraints in their computation resources
or energy availability, will choose to offload their
computations to a more powerful computing servers,
e.g. mobile edge computing (MEC) [1] or cloud
computing [2] servers. Here we focus on the real-
time systems, where computations have low latency
requirements. MEC server being one-hop wireless
distance away from the users, incurs low round-trip
delay, fitting well for real-time applications. However,
when several users offload their computations to the

edge server, it increases the energy consumption at
MEC by a large extent due to high computations,
and radio communications through the base station
which the MEC server is connected with. Consuming
this energy from grid power causes an enormous
increase in carbon footprint which is adverse for the
environment.

To mitigate this problem, adopting technologies of
renewable energy (RE) and storage are increasingly
becoming a viable solution to supply power to the
MEC systems. In this paper, we investigate a more
challenging situation where the MEC system is solely
powered by RE. However, effectively implementing
this RE-based MEC system needs prediction of the
future remaining energy of the battery, i.e. state of
energy (SoE) [3], to plan in advance for scheduling
alternate energy sources or mode of operations in
order to continue the applications or to avoid from
over-charging and over-discharging the battery. In
this work, we consider SoE instead of state of charge
(SoC), which lacks considerations on battery’s tem-
perature and voltage [4], because both the battery’s
temperature and voltage fluctuate with the weather
condition and RE generation.

Predicting future SoE at the network edge is
nontrivial as it comprises of complex interplay among
renewable energy generation patterns, together with
varying energy consumption for computation of the
applications, and also due to data communications at
the base stations. Our goal is to predict the future SoE
at the RE-based MEC system, when it is generating
RE using solar and wind power, and simultaneously
serving multiple applications through edge comput-
ing over wireless networks, in terms of observable
parameters such as RE generation, environmental
parameters (e.g. Temperature, Humidity), MEC’s
communication as well as computation loads. We
aim at predicting remaining SoE without measuring
power consumption of the MEC system, so that our
method can be applied to any MEC devices which are
not capable of measuring its own power consumption.



In this paper, we consider a use case scenario,
where MEC systems are used for vehicular real-
time applications and mounted at the road side
units (RSU). The RSUs also host the small cell
base stations that communicate with the vehicle
users (VUs) over cellular network. The RSU is
fully RE-powered, which we will refer to as RE-
powered RSU in the following paragraphs, that
supplies energy to the small cell base station and
the MEC server. VUs offload some of their tasks to
the MEC server thus creating high computation and
communication loads at the RSU. We incorporate a
machine learning approach based on data collected
with a real-world testbed for generating solar and
wind power, connected with software-defined radio
based small cell for communications, and MEC
devices. We predict the future SoE with respect to
dynamic vehicular loads for a traffic scenario based
on real-world vehicular traces. We particularly predict
intra-hour forecast (e.g. a few hours ahead) for the
SoE. The contributions of our paper are the following:

A real-world testbed including solar and wind
power generation, together with edge computing
devices and small cell cellular base station.

A Machine learning based prediction model
for the future SoE of the system based on
the multi-source green energy generations, and
simultaneous computing and communication
loads that use the generated energy. The feature
set of the model consists of only real-time
observable parameters that impact the decision
making for consumer applications.

We show how the historical and the future
window sizes impact the prediction of intra-hour
and hour-ahead SoE.

We present the detailed description of our testbed
and demonstrate the advantage of our prediction
model through numerical evaluations.

II. RELATED WORK

Predicting SoE or SoC using deep learning tech-
niques has been widely studied by researchers. How-
ever, most studies predict the current SoC of the bat-
tery to address the difficulty of accurately estimating
SoC using available data measurement. For example,
[5] and [6] estimate battery SoC from immediate
current, voltage, and temperature measurements using
long short-term memory network techniques. In our
work, we are predicting the battery’s remaining energy
in the future, which involves the use of knowledge of
future energy load requirement and power generation
of the system.

Predicting remaining battery energy for the future
has been used in various areas. For example, in

[7], the authors establish power consumption models
for different components in Electric Vehicles (EV).
By using the models to predict EV’s total future
power consumption for a selected route, [7] predicts
the remaining SoC at the destination. On the other
hand, [8] characterizes a quadratic model for the
SoE in the battery versus operation time for a
sensor node in a wireless sensor network. With the
predicted remaining energy of a battery, these studies
can improve the management and operation of the
systems in consideration. These works are focusing
on modeling the future’s discharging rate or power
requirement or remaining battery energy prediction.
Therefore, these approaches can not be applied in
the scenario considered in this work, as the battery
is being charged by RE and discharged by RSU at
the same time. To the best of our knowledge, there
has not been any study that considered predicting the
future SoE of battery for an RE-powered RSU.

III. SYSTEM SETUP

In this work, we focus on the object detection
for a dash-cam as a vehicular real-time applications,
however, our work can be easily extended to other
types of MEC-based applications as well. Due to the
potentially limited computation resource of the VU, it
can choose to offload the object detection task to the
edge computing server mounted at the RE-powered
RSU for shorter end-to-end delay performance or
saving its energy consumption [9]. We assume the
edge computing server is already capable of providing
object detection services. Therefore, to offload the
task, VU only needs to transmit the images to the edge
computing server. After the edge computing server
executes the object detection task, RSU transmits the
result back to the corresponding VU.

To the best of our knowledge, there is no open
access dataset which includes the time series data
of RE generation and computation as well as com-
munication loads of an RE-powered RSU providing
such offloading capability to VUs. Therefore, in this
work, we build a testbed to emulate the functions of
a RE-powered RSU at the University of California,
San Diego, CA, USA. The external appearance of
this testbed is shown in Fig. la. We will introduce
the different modules of the testbed in the following
subsections.

A. Renewable Energy Harvesting Module

This testbed is fully powered by the RE harvested
from EnergiPlant, a product provided by PrimoEnergy,
Inc., which consists of four solar panels and one wind
turbine. Each solar panel (i.e. component 1 in Fig.
1b) has length 1.2 m and width 0.55 m, and is able to






