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Abstract—The recent penetration of distributed green energy,
distribution intelligence, and plug-in electric vehicles (EVs) calls
for a better information organization in an Energy Internet. Such
an information system usually considers mostly the static grids.
In this paper, we propose a test-bed not only for the static grid but
also for the dynamic devices such as electric vehicles. To reduce
the physical size of such a test-bed, we design the robot to have
two wheels. To avoid human interruption to the test, we replace
the manual charging procedure with wireless charging. To enable
the EV robot for self-balancing with its two wheels, we implanted
the EV robot with a control algorithm based on a neural network.
To provide the EV robots with charging instructions, a joint
optimization is carried out by considering both the economic
factor on the customer side and the grid security constraint
on the utility side. Numerical results demonstrate the testbed’s
capability of handling many EV robots.

I. INTRODUCTION

With the ongoing installation of cyber-infrastructure, inter-
connecting cyber-information in different areas is regarded as
an efficient way to exchange energy system information for
a an efficient energy integration. Motivated by the success
of the Internet, the existing energy network and its cyber
network create the Energy Internet [1], [2]. This Energy
Internet is expected to accommodate plug-and-play devices,
such as distributed renewable energy and distributed energy
storage devices, to form an efficient grid for integrating highly
distributed and scalable alternative generating sources and stor-
age with the existing power systems [2]. Therefore, the design
of Energy Internet serves as an essential step to facilitate a
green electric grid, to build a sustainable system operation,
and to stave off energy crisis caused by the uncertainties
accompanying the renewable energy.

Traditionally, the concept of the Energy Internet focused
more on the static grid [3]. However, the US electric vehicle
(EV) market saw a 32% annual growth rate between 2012
and 2016. The growth rate now is reaching 40%. With EVs
becoming ubiquitous in the future, the information within
the Energy Internet needs to be expanded to include data
from both the static grid and the dynamic components. Fig.
1 shows such a concept, where the energy information about
the static power grid and the EVs with mobility are displayed.
Specifically, the information is not only exchanged in different
areas of the static grid, but also jointly optimized in the

data cloud with the EV information. This information fusion
process is realized by the cyber layer of the Energy Internet.

Fig. 1: Energy Internet.
Such an Energy Internet can provide answers to industrial

questions coming from utilities and private companies. Being
in the forefront of hosting new components, many utilities
find it beneficial to know how to efficiently plan their system
updates for more EVs [4], [5]. EV manufacturers would be
eagle to know what the best charging plan available to improve
user experience. One one side, to answer these questions, we
can use real data from the utilities. However, this approach
is insufficient because the number of EVs is very limited in
the current grid. For example, Fig. 2 shows that San Jose of
California, is the city with the highest percentage of EVs in
new vehicle share. But, the percentage is less than 10% even
after combining both the battery EVs and hybrid EVs. If all
the vehicles on the road are considered, this number will be
significantly smaller. Globally, Norway is the country having
a significant share of EVs in new vehicles, but the percentage
number is still small as shown on the right-hand side of Fig.
2 [6]. The fact that EVs are minor players in the automobile
industry makes using the current data to plan for future grids
with a high EV penetration, e.g., 60%, less convincing. As a
growing list of countries plans to ban gasoline-powered cars
[7], it is urgent to understand the impact on the grids when
there is a deep EV penetration.



Fig. 2: New car share comparison in U.S. and worldwide [6].
On the other side, we can conduct Monte Carlo-based

simulations [8], [9]. However, such a method is based solely on
simulations. The result may be highly dependent on unrealistic
assumptions.

Instead of using the real data with limited EV numbers or
using purely simulated data, we propose to build a real testbed.
Two major challenges exist in constructing a testbed with EV
robots, there are two challenges. First, if we use a four-wheel
robot, the testbed will occupy too much space to accommodate
because the robot’s steering capability is limited. Second, EVs
are charged by plugging to the connector. Manually plugging
in the charging cord will not only interrupt the test but also
introduce new errors.

While industrial robots are available in power systems [10],
none of them can handle the challenges altogether. To solve the
first challenge, we reduce the number of wheels from four to
two so that an EV robot can change its driving direction freely
anywhere at the same location. Because of the two-wheel
structure, a smart control algorithm is needed for balancing
and driving the robot to a destination. For this purpose, a
neural network-based algorithm is implemented into the robot
[11]–[14]. For the second challenge on charging, we design
a wireless charging method to avoid human interruptions. Fi-
nally, we formulate an optimization to give orders to the robot
regarding when and to which charging station to charge. In
such an optimization problem, we consider both the saving of
money on the user side and the voltage violation on the utility
side. Our goal is to have the EVs visit the cheaper charging
sites more frequently in a dynamic pricing environment while
introducing fewer problems or disturbances to the grid stability
[15]. Then, the testbed can show EVs’ practical impact to the
power grids via smart meters.

This paper is organized as follows: in Section II, we
introduce the design of the EV robot; Section III introduces
the algorithm for providing charging orders to the robots; in

Section IV we simulate results for IEEE test systems. Finally,
Section V concludes this paper.

II. THE DESIGN OF THE ELECTRIC VEHICLE ROBOT

In this section, we introduce the key design components for
the electric vehicle (EV) robot.

A. The Self-Balancing Robot

We use a two-layer mechanical structure for our Electric
Vehicle (EV) system.

The upper layer contains the controller and sensors, etc.
The lower layer contains the lithium battery. The upper layer
is connected to the lower layer by four copper cylinders,
each with a length of 40mm. Then, the two-layer mechanical
structure is built onto a chassis, which is fixed to the wheels.
As shown in Fig. 3, if we use a four-wheel robot instead, each
EV robot will need more space due to its limited steering
capability. Because of the decreasing price on intelligent
control devices and the increasing number of open source
algorithms, we propose to use the two-wheel robot with
balancing capability enabled by two DC motors. With two
wheels, an EV robot can change its driving direction freely
anywhere at the same location. The prototype is shown in
Fig. 4.

1) The DC motor: It is a permanent magnet brush motor
with 4.32W power. The rated voltage is 12V and the current is
360mA. Its torque is one kgf·cm (kilogram-force centimeter),
where 1 kgf·cm = 98.0665003 N·mm (newton millimeters).
Initial speed is 10, 000 revolutions per minute (RPM). The
reduction ratio is 1 : 30. The output shaft diameter is 6mm.
The motor has a type D eccentric shaft and an AB phase
incremental Hall (magnetic) encoder. Its accuracy is 0.23
degrees. The supply voltage is 5V.



2) The circuit board: It consists of a voltage regulator,
a current controller, a display module, and a motor encoder
interface. In the following, we focus on the description of the
motion-tracking device and the motor controller.

3) The motion-tracking device: We use MPU-6050 for
motion-tracking, which is designed for the low power, low
cost, and high-performance requirements of smartphones,
tablets, and wearable sensors. Specifically, MPU-6050 com-
bines a 3-axis gyroscope, a 3-axis accelerometer on the same
silicon die, a digital-output temperature sensor, and an on-chip
oscillator with ±1% variation over the operating temperature
range. These sensors are integrated with an onboard Digital
Motion Processor, which processes Motion-Fusion algorithms.
Finally, MPU-6050 supports the IIC serial interface for inter-
connection.

4) Motor controller: We use TB6612FNG from Toshiba
as the driver IC for a dual DC motor with output transistor
in LD MOS structure with low ON-resistor. The two input
signals, IN1 and IN2, can be used to choose one of the
four modes:CW (clockwise), CCW (counterclockwise), short
brake, and full stop mode. It has a built-in thermal shutdown
circuit and a low voltage detecting circuit. Output currents
are 1.2A on average and 3.2A at their peak. The switching
frequency is 100 kHz, and the operating temperature is −20
to 85 degrees (Celsius).

5) Robot Tire: Finally, considering the motor size, we
choose a tire with a diameter of 66mm to support the battery
and control chips.

B. Electric Vehicle Charging

Because the existing of a charging cord from the EV robot
will interrupt the experiment, we propose to use wireless
charging devices.

1) The wireless charging device: Fig. 5 shows the wireless
charging component of the Robot. It is inserted into the upper
layer of the EV robot prototype in Fig. 4. The wireless
charging set consists of a transmitter and a receiver with
super anti-interference magnetic disk. The transmitter and the
receiver can be recharged only if they are in use together. The
charging pair uses the Qi standard, which is an open interface
standard that defines wireless power transfer using inductive
charging over a distance of up to 4cm (1.6 inches) and is

Fig. 3: Limited steering capability of a four-wheel car.

Fig. 4: Robot design.

Fig. 5: Wireless charging module.

developed by the Wireless Power Consortium. The adopted Qi
standard is currently used for powering many devices, ranging
from smartphones to cordless kitchen appliances. The receiver
has a coil length of 4.1cm and a width of 2.9cm. The length
of the circuit board connected with the coil is 3.2cm, and
the width is 1.9cm. The DC input voltage to the electrical
equipment is 5± 0.25V/2A. The DC output current is 1A. Its
weight is about 5 grams, and the charging efficiency is 75%.

Remark 1: Currently, the power rating for wireless charging
is relatively small when compared to the power consumption
of the two motors in the EV. However, we can conduct soft-
programing to scale it proportionally. We will implement more
capable wireless charging in the future.

2) Lithium battery: To store the power from the wireless
charger or from the solar penal (next subsection), we choose
a Lithium which has three layers. Each layer is capable of
representing one phase of a three-phase system. The capacity
is 2800mAh (A milliampere hour).

C. The Roof Solar Panels for Electric Vehicles

Future EVs can obtain energy during transportation or
parking. To enable this function in future experiments, we add
two solar panels for each EV robot. To mount right on the EV



Fig. 6: Testbed setup.

top, we can choose a panel size of 65×65mm. The solar panel
we choose is made up of solar energy polysilicon. Its model is
CNC65X65-5.5. The voltage is 5.5V, and the power is 0.6W
per piece. To obtain the maximum solar energy, we use a mini
scaffold model is used to control the solar panel which follows
the sunlight to adjust the angle [16]. The mini scaffold model
is a steering engine with a plastic gear. Its model is SG90.
Every steering engine has a weight of 9 grams with the size of
23× 12.2× 29mm. The working voltage is 4.8V. The torque
is 1.8kg/cm. The Reaction rate is 0.1 sec/60 degrees.

D. Software Control

For the software, we use Labview to control different
components of the hardware in the EV robot. For example,
we use the robotics module of “Apply Velocity to Motors VI”
shown in Fig. 7, which calculates the velocity and angle of
each motor necessary to satisfy the steering frame velocity or
arc velocity at the center of a steering frame. A neural network
is used for such a control.

Fig. 7: Neuron network-based control in LabVIEW.

III. JOINT OPTIMIZATION FOR ELECTRIC VEHICLE ROBOT
SCHEDULING

To give charging orders to the EV robot, we conduct joint
optimization based on the following setup.

• We define the number of charging stations in a network,
e.g., n = 8 or n = 123.

• For each charging station, we generate dynamic prices
for 24× 7 hours per week.

• All EV robots have a constant speed of charging and
consuming power, e.g., 4 hour for charging from empty
to full, which can last 7 hours for driving.

To optimize the way that these EV robots will each go to
a specific charging stations, we conduct a joint optimization
over two metrics in the objective. One is the total charging cost
for these EV robots. The other is the overall voltage deviation
with respect to the nominal values, e.g., 1 per unit [17]. As the
optimizing variable x is the schedules for the EV robots over
time, the optimization result determines which EV is charging
at which charge station.

min
x

Total Charging Cost + Total Voltage Violation

s.t. Each car follows its own charging speed.
The origin/destination (OD) information and
price information are considered when
choosing a charging station.

IV. NUMERICAL RESULTS

In the experiment, we place batteries and charging stations
at different locations in a micro-grid. The charging station is
based on the wireless charging module described in Section
II-B, which includes a micro interface, a multi-coil system,
and a wireless charging transmitter. Then, we program the
dynamic pricing into the cyber system of the microgrid.
The setup can be seen in Fig. 6, where different prices are
assigned to separate charging stations. One simple way to



Fig. 8: The flowchart of deciding the charging schedule.

decide a charging schedule based only on price can be seen
in Fig. 8. Such a flowchart use the battery usage condition
of the EV robots, the price information, and the EV priority
information putting together to decide the charging schedule.
As the number of available charging stations is the same as the
number of EV robots, each EV can locate a charging station
when necessary.

If we let the number of both EVs and charging stations grow
to 8, among them 4 EVs are with full power initially, and 4
other EVs are with half-full power, we obtain the charging
results summarized in Fig. 9. In such a schedule, all the EVs
are initialization at the first time slot. We let the EV go to
a charge station when its energy is less than 50%. We also
assume that it will take two time slots for an EV to charge
from empty to full. Therefore, the 4 EVs with empty power
will get charged in the second time slot. In the third time, all
the EVs will be charging, etc.

Finally, the cyber system over this testbed uses not only the

Fig. 9: The table for an 8 station 8 EVs charging result.

Fig. 10: The flowchart of scheduling the EV robots and
evaluating their real impact.

pricing information but also the grid information to optimize
the route for a charging order. For example, in addition to
the dynamic price, the joint optimization in the last section
also uses calculated voltage violation information to tune EVs’
charging schedule and routes. Specifically, the grid information
(topology, parameters) and the load information (EV charging)
are used in Matpower to pre-compute the voltage at different
time slots with different charging schedules [18], [19]. The
goal is to optimize the EVs’ charging schedule, so that the
violation of security constraints is minimized.

In a collaborative manner, the optimization is conducted
jointly. Then, the scheduling information is sent to the EV
robots. These robots will try to follow the scheduled steps.
Various sensors will be deployed at different strategic locations
to measure the key quantities in grid operation. A metric is
used to summarize the impact on both the economic side
and the system operation side. The flowchart of collaborative
EVs, using origin-destination information, is shown in Fig.
10. Therefore, EV robots tend to choose locations where the
prices are low, e.g., in Fig. 6. At these charging stations, the
charge passes between a transmitter and a receiver coil placed
closely together with inductive charging technology.

Remark 2: Similarly, we can also order the robots to work
in a non-collaborative mode, where optimization is conducted
separately. In this mode, robots may compete with each other
for a low-price charging station. A robot that comes later will
have to choose a different charging station. We will use the
same metric to summarize the impact on both the economic
side and the system operation side in the future.



(a) Price setup scenario 1. (b) Price setup scenario 2.

Fig. 11: Voltage violation results.
A. Voltage Violation Results

Fig. 11 shows the voltage violation condition when having
20 EVs and 14 charging stations with two randomly chosen
charging price setups. Because the price setups differentiate
in different time slots for different charging stations, we
obtain different results in the two figures. Specifically, the
x-coordinate represents the time slots, e.g., hours. The y-
coordinate represents the voltage violation defined as the total
sum square voltage violation from the nominal values.

We observe that the voltage violation conditions are differ-
ent from time to time. Peak violations happening regularly.
While this periodic pattern may be caused by the size of the
network and the systematic initialization of EV robots, we can
generalize the case study easily.

V. CONCLUSION
Along with the booming of electric vehicles (EVs), the

Energy Internet needs to extend its information flow over the
static grids in order to dynamic components with mobility.
To understand the interaction between the static and dynamic
parts of an energy grid, we propose a robot-based testbed for
evaluating the impact of the increasing penetration of electric
vehicles in the distribution grids. By designing the EV robot
to be with a two-wheel, we significantly reduce the spaces
needed for hosting EVs with four wheels. We also design
a wireless charging component to avoid human interruptions
in the testbed. The joint optimization not only considers the
information from the static power grid but also the information
of dynamic components such as their origins/destinations.
Simulation results validate the concept of such a test bed.
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