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Abstract: Over the past decade, new models of hybrid electric vehicles have been released world-
wide, and the fuel efficiency of said vehicles has increased by more than 5%. To further improve
fuel efficiency, vehicle manufacturers have made efforts to design modules (e.g., engines, motors,
transmissions, and batteries) with the highest efficiency possible. To do so, the fuel economy test pro-
cess, which is conducted primarily using a chassis dynamometer, must produce reliable and accurate
results. To accurately analyze the fuel efficiency improvement rate of each module, it is necessary to
reduce the test deviation. When the test conducted by human drivers, the test deviation is somewhat
large. When the test is conducted by a physical robot driver, the test deviation is improved; however,
these robots are expensive and time-consuming to install and take up considerable amount of space
in the driver’s seat. To compensate for these shortcomings, we propose a simple, structured robot
system that manipulates electrical signals without using mechanical link structures. The controller of
this robot driver uses the widely used PI controller. Although PI controllers are simple and perform
well, since the dynamics of each test vehicle is different (e.g., acceleration response), the PI controller
has a disadvantage in that it cannot determine the optimal PI gain value for each vehicles. In this
work, the fuzzy control theorem is applied to overcome this disadvantage. By using fuzzy control
to deduce the optimal value of the PI gain, we confirmed that our proposed system is available to
conduct tests on vehicles with different dynamics.

Keywords: robot driver; fuzzy control; PI gain tuning; fuel economy; acceleration position signal;
brake position signal

1. Introduction

Regulations regarding fuel efficiency and emissions in the automotive industry have
become stricter since 1992, and developing eco-friendly vehicles has become an inevitable
challenge for automakers. To satisfy these regulations, hybrid electric vehicles (HEVs)
and plug-in hybrid electric vehicles (PHEVs) have been widely developed by the major
automobile companies.

There are two types of powertrain systems for (P)HEVs: (i) add-on type, where electric
motors are added to the existing internal combustion engine transmission system and (ii)
dedicated hybrid transmissions (DHTs), which are especially designed for use in (P)HEVs
[1]. The application of these systems have contributed to the commercialization of (P)HEVs
by achieving a 50% reduction in fuel efficiency compared to the conventional ICE (internal
combustion engine) vehicles [2].

Even though HEVs and PHEVs are already commercialized, continuous development
for fuel efficiency is needed to meet these regulations. Additionally, there has been a rapid
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paradigm shift regarding eco-friendly cars according to the automobile market, and to
counteract this, many vehicle manufacturers are increasing the portion of eco-friendly
vehicle in their vehicle models. In the European automobile market, (H)EVs are expected to
replace vehicles with conventional internal combustion engines by 2030, and more than 50%
of these vehicles will be electric [3]. Moreover, the prevalence of fuel cell vehicles is expected
to grow more than 40% annually. For HEVs to compete with eco-friendly cars, the former
must satisfy regulations, have reduced development costs, and demonstrate improved fuel
efficiency [4]. Over the past decade, the fuel efficiency of HEVs has improved by more
than 5% compared with that of previously released models. As fuel efficiency competition
becomes fiercer, developing fuel-efficient vehicles becomes more challenging, and vehicle
manufacturers are making every effort to develop control methods and hardware to raise
fuel efficiency figures even by the factor of 0.1%.

In addition to improving hardware and software to improve fuel efficiency, demon-
strating effectiveness through real-world testing is also emerging as an important method-
ology. The real-world test is carried out by driving a predetermined drive cycle on a chassis
dynamometer [5]. The chassis dynamometer is an instrument that mimics a real-world road
consisting of fixed rollers (Figure 1a). It is essential in the vehicle development procedure
because it has the advantage of being easy to run repeatedly under the same external
conditions. However, other test conditions, such as changes in driving characteristics by
different drivers, are uncontrollable factors. In fact, even though a skilled and qualified
professional driver conducts a long-term repeated test cycle, the target velocity error will
be inconsistent, thus making it difficult to verify the test results because of human errors.
Therefore, there is a demand for robot drivers that autonomously drive to follow speed
profiles on behalf of professional drivers.

The current commercialized robot drivers have multiple physical actuators, and these
directly control the pedals of the vehicle (Figure 1b). This physical robot driver is installed
directly in the driver’s seat and has multiple mechanical parts that take up space here. Due
to these characteristics, existing robot drivers have the disadvantage of being complicated
in the installation process, difficult to use in real road driving, and expensive.

To solve these problems, we propose a simple robotic driver system (SimRoDS) based
on CAN (controller area network) signal. It has a simple structure because it has no physical
actuators, and instead of physical actuators the vehicle control is carried out by electric
signals. Because of its simplicity, the proposed system does not take much space, enabling
driving tests on real roads with a driver in the driver’s seat.

The PI controller, which is widely used in the control system of robot driver [5,6],
is applied in our system. The speed-following performance of the proposed system is
significantly related to the control parameters (P, I gains). In this research, we have
implemented two different control methods for the PI controller; conventional PI control
method using fixed gain and fuzzy-logic-based dynamic control method where the P, I
gains are dynamically altered as the result of our fuzzy control logic.

(a)

(b)
Figure 1. (a) Fuel Economy and Exhaust Test with Chassis Dynamometer. (b) HORIBA ADS EVO.
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Numerous successful attempts have already been made to eliminate human errors and
improve the repeatability of tests. The H-infinite-based controller was proposed for speed
tracking conducted by a robot driver [7], whereas proportional integral derivative(PID)
control was applied to speed tracking by a robotic driver [5]. However, according to the
test results, there were several issues, such as the inability to locate to optimal control
parameters, a large overshoot, and speed fluctuation. A vehicle model was constructed to
improve vehicle speed-tracking performance [6,8]. A robot driver system that combined
cooperative and sliding mode control has been proposed [9]. Fuzzy neural control was
implemented on an unmanned robot for an automotive test [10]. A driver model based
on the iterative learning control algorithm has been proposed [11]. A robot driver that
considers the shift manipulator mechanism has been designed [12]. A fuzzy-logic-based
dynamic speed control method was applied to a robot driver [13]. However, these studies
are based on robots that have a physical manipulator. In this research, we propose a novel
robotic driver system that does not use a physical manipulator for operating acceleration
and brake pedal. Instead, the proposed system uses the CAN and electric signals to
accelerate or brake the test vehicle.

In many fields and not just in automotive engineering, various approaches have been
used to improve the performance of the PID controller by dynamically modifying the
control parameters. Dynamic PID control was first introduced and it was demonstrated
better performance than that of fixed gain method [14]. A fuzzy-logic-based self tuning
PID controller was developed for a heating, ventilating, and air conditioning system [15].
According to research, fuzzy dynamic control outperformed the conventional PID control
method. The dynamic fuzzy PID controller has been applied to an autonomous underwater
vehicle [16]. The fuzzy-logic-based BLDC motor controller was proposed and it was shown
that the dynamic fuzzy controller performed better than a conventional PID controller [17].
The fuzzy dynamic PID controller was also applied to feed a servo system of CNC machine
tools [18], and a fuzzy-logic-based PID control system was presented for the attitude
stabilization of a quad-rotor unmanned aerial vehicle [19]. In the automotive field, gradient
descent-based dynamic PID control was proposed for full car suspension control [20].
A dynamic fuzzy PID control-based strategy for vehicle yaw stability was developed; the
control strategy they proposed resulted in significant improvements in the safety and
stability of the vehicle under different road conditions compared with the conventional
control policy [21]. Fuzzy dynamic PID control was applied for the purpose of speed
tracking of a pure electric vehicle [22]. Moreover, power distribution for electric vehicle,
steering control, and active suspension system control have recently experienced increased
performance by utilizing fuzzy dynamic control [23–25]. However, the above studies
verified their systems only through simulation. A fuzzy PID controller was implemented
a to improve the comfort and stability of the vehicle [26]. The fuzzy-logic-based PID
controller outperformed the conventional PID controller in most of the prior research. In
this work, we apply an dynamic fuzzy PID controller to the proposed robot driver system
for the purpose of speed tracking. The main contribution of this paper can be summarized
in two parts:

• The CAN (controller area network) signal-operated robot driver system is proposed
for accurate and reproducible fuel efficiency tests with easier installation and less cost
replacing the physical robot driver system.

• Powered by a simple dynamic PI gain autotuning algorithm based on fuzzy logic, the
proposed robot driver system demonstrates much improved target velocity following
performance compared to fixed PI gain approach, enabling accurate fuel efficiency
testing including industry standards such as the FTP cycle.

2. Problem Description

Most fuel efficiency testing methods define a target velocity profile which should be
followed by the tester during the test. When the vehicle is driven by a human driver, it
is almost impossible to accurately adhere to the planned target speed at every second.
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For this reason, speed tolerance is defined. Figure 2 shows the speed tolerance regulation
for the vehicle emission test. The regulation is as follows: the upper speed tolerance is
3.2 km/h higher than the highest velocity on the speed profile within ±1 s of the prescribed
time (t), and the lower speed tolerance is 3.2 km/h lower than the lowest velocity on the
speed pr ofile within ±1 s of the prescribed time (t). If this tolerance is exceeded for a
certain period of time, the relevant test results are nullified.

Figure 2. Speed Tolerance.

The fuel economy and exhaust test requires the driver to adhere to the defined velocity
profile. The fuel economy and exhaust test is conducted with the vehicle installed in the
chassis dynamometer (Figure 1a). When the installation is complete, the test vehicle can
be controlled by the driver, who manipulates the acceleration and brake pedal. When the
driving is complete, the result is obtained by calculating the fuel consumption and amount
of exhaust gas. When developing a vehicle’s fuel economy and exhaust performance, the
deviation of the result must be small when multiple tests are conducted. A couple of
problems arise when the test is conducted by human drivers.

• When several time-consuming tests, such as distance to empty (DTE), are conducted,
it can result in large variations.

• Training professional drivers are costly.

To resolve these problems, robotic systems are employed. Currently, various models
of robot drivers can be used to conduct the test with chassis dynamometer. HORIBA’s ADS
EVO (Figure 1b) and Stahle’s SAP 2000 are representative commercialized robots. By using
a robot driver for a vehicle fuel economy and exhaust test, the problems associated with
human drivers are resolved. However, physical robots also introduce a few problems.

• Robot drivers require a relatively long installation time, and after installation, depend-
ing on the vehicle pedal position, an additional calibration process may be necessary.

• Robot drivers are expensive.
• Because robot drivers physically occupy the driver’s seat, vehicle with robot drivers

cannot be tested on actual roads.

To overcome these drawbacks, we propose a fuzzy-logic-based robotic driver system
when using the chassis dynamometer to test HEVs and PHEVs. The robot drivers presented
in this paper are more easily mounted, and automatic testing is cost-efficient.

The acceleration of a vehicle depends on how the engine and motor are mapped to
the acceleration position signal (APS). Therefore, different vehicles have different vehicle
dynamics. The dynamics of a single vehicle can also vary depending on the drive mode.
Vehicle manufacturers usually set a larger acceleration response when the vehicle is in
sports mode compared with when the vehicle is in eco mode (Figure 3). In addition, it
can be seen from Figure 3 that the acceleration response of the vehicle is highly nonlinear.
Therefore, when the dynamics of the vehicle change, the control parameters must be
adjusted. However, it takes a long time to modify the control parameters every time the
dynamics changes. To overcome this problem, we applied fuzzy logic to autotune the
control parameters (Figure 4). The error, e[t], is calculated using target velocity, vt[t], and
observed velocity, vo[t]. With the given error, the fuzzy controller modifies the P gain, kp[t],
and I gain, ki[t], of the PI controller. The APS, BPS signals, u[t], are calculated by the PI
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controller using the calculated control parameters. In this way, dynamic control based on
vehicle state is possible, rendering the manual tuning process unnecessary.

(a) (b)
Figure 3. (a) Acceleration Response (Eco Mode). (b) Acceleration Response (Sports Mode).

Figure 4. System Overview.

3. Proposed Robot Driver System Configuration

The proposed robot driver system is based on the idea that the electrical signal from
the acceleration/brake pedal is A/D converted from the controller and used as an internal
variable (Figure 5). The proposed system utilizes this electrical signal to control the vehicle.
The electrical signal is converted into a digital signal by the system’s hardware and software,
meaning that vehicle control can be achieved by inputting this converted signal into the
controller (Figure 6). Particularly, HEVs and PHEVs use an electric braking system, which
means that the braking can be controlled via voltage. A conventional braking system is
activated through the adjustment of the brake hydraulic pressure when the driver presses
the brake pedal, but an electric braking system switches the braking force of the brake
pedal into an electrical signal.

Figure 5. A/D Conversion Acceleration/Brake Pedal Value.

Figure 6. Vehicle Control by the Proposed System.
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3.1. Hardware Configuration

The design of an automotive control system must guarantee stability and reliability.
Real-time control should be guaranteed for these systems deeply related to safety. Thus, the
main controller must be implemented using a computing system with real-time operating
system (RTOS) rather than a universal operating system such as Windows. Another
computer is used for the user interface and gain autotuning (Figure 7). The gain autotuner
executes the main controller configured with RTOS and monitors the status values of the
vehicle from the RTOS. The hardware of the main controller is shown in Figure 8. The
National Instrument’s cDAQ-9136 model is used in the robot driving system’s hardware.
This model is a commercial product that has RTOS. Additionally, analog input, analog
output, and CAN card modules are configured for control signals.

Figure 7. Simple Robotic Driver System (SimRoDS).

Figure 8. Hardware Vehicle Installation.

3.2. Software Configuration

The software of SimRoDS was written with LabView, and a PI controller is used
to control the vehicle. Because of the noise of the vehicle system, derivative control,
which is sensitive to noise, is not implemented in the vehicle controller. The control
cycle of our system is set to 10 Hz, which is frequently used in applications related to
vehicle safety [27,28]. Although more precise control is possible with the faster control
cycle, a control cycle of 10 Hz is chosen to implement the human-like control form and
sustainability of the system. The software of our system can be divided into two main
components (Figure 7).
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• Gain autotuner that runs on a Windows-based PC.
• The PI controller that controls the test vehicle.

The gain autotuner that runs on the Windows-based PC performs the following operations:

• Creates a gain value using fuzzy logic and send this value to the controller via
TCP/IP communication.

• Shows the status (on, off, malfunction) of the robot driver.
• Visualizes the vehicle CAN signals (velocity, APS, BPS).

The controller that runs on the real-time OS performs the following operations.:

• Receives the gain values from the PC and applies them to the PI controller.
• Sends the vehicle and control status to the PC

4. Method
4.1. PI Controller

PID or PI control is the most common control algorithm used in the automotive
industry and has been universally accepted in industrial control. In typical control systems,
the process variable is the system parameter that must be controlled and it is controlled
by PID controller using control loop mechanism to employ feedback. A PID controller
continuously calculates an error value et as the difference between a desired set point yt
and a measured process variable xt and applies a correction on the basis of proportional,
integral, and derivative terms.

Figure 9 shows a diagram of PID controller. As mentioned,above, a PID controller
has three different control modes (proportional, integral and derivative), and each of
these modes reacts differently to the error. In our case, we adopt PI controller with only
proportional and integral part because of the high noise of the vehicle test environment.

Figure 9. PID Controller.

The proposed system requires the control of multiple types of vehicles on a chassis
dynamometer. For this reason, different control variables (PI gains) are required for each
test vehicle, and the process of determining these variables must be completed before the
main test. Because of the the nonlinearity of the vehicle, a conventional autotuning method,
such as Ziegler–Nichols, cannot be applied. If a manual tuning method is applied, the
tuning process becomes time-consuming and inefficient. Additionally, the tuned value
may not be optimal. To solve this problem, we propose a PI gain autotuning algorithm
based on fuzzy logic.

4.2. Fuzzy Logic

Fuzzy logic is an approach to variable processing that allows for multiple values to be
processed through the same variable. Fuzzy logic attempts to solve problems with an open,
imprecise spectrum of data that makes it possible to obtain an array of accurate conclusions.
Fuzzy logic is designed to solve problems by considering all available information and
making the best possible decision given the input. The fuzzy controller is a nonlinear
controller, and its most relevant characteristics are as follows:



Electronics 2021, 10, 1444 8 of 14

• The mathematical model of the vehicle to be controlled is not required.
• The control output is generated by membership functions when a defined variable

is given.
• The inference is developed through a rules table of query and decision

When using a fuzzy controller, it is important to define the membership function
according to knowledge of the system’s operation.

4.3. Fuzzy-Logic-Based Autotuning

Figure 10 shows a block diagram of the gain autotuner that is applied in the proposed
system. From this figure, it can be seen that the change rate of the gain values, δkp[t]
and δki[t], are calculated by the fuzzy logic when the state is given. The state, s[t], is a
2-dimensional vector consisting of the current error, e[t], and sum of past errors, ∑ e[t]. The
control parameters for the PI controller are calculated by adding past gain values with the
output from the fuzzy logic. The APS, BPS is then calculated by the PI controller using
the control parameters from the gain autotuner (Equation (1)). The controller’s operating
process is as follows:

• Before the test, the default gain value is defined.
• When the test is initiated, the current error is given to the fuzzy logic.
• With the given error, the change rate of PI gain is calculated.
• The default gain is totaled using the change rate of the gain value (Equation (1)).
• The new gain value is sent to the PI controller via TCP/IP and replaces the default

gain value.

Figure 10. Fuzzy-Logic-Based Gain Autotuner.

u[t] = (kp[t] + δkp[t])e[t] + (ki[t] + δki[t])
∫

e[t] (1)

Figure 11 shows the structure of the fuzzy controller for proportional controller. When
the current error is given to the fuzzy logic, the change rate of the P gain is obtained.

Figure 11. Structure of the Proportional Controller Fuzzy Inference System.

Figure 12 shows the structure of the fuzzy controller for the integral controller. When
the current error and sum of the error are given to the fuzzy logic, the change rate of the I
gain is obtained.
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Figure 12. Structure of the Integral Controller Fuzzy Inference System.

4.3.1. Fuzzy Membership Function

In our fuzzy controller, there are three membership functions: one for proportional
control and two for integral control. The triangular membership function, which is most
frequently used, is implemented in all of our membership functions, and fuzzy rules are
represented by control rules in the form of IF–THEN. The actuator signal u[t] consists of
APS and BPS. In this work, two different fuzzy membership functions are used because the
sensitivities of APS and BPS differ. P and N stand for positive and negative, respectively,
and ZO, B, M, and S stand for zero, big, medium, and small, respectively. Therefore,
the name of the positive input membership functions PB, PM, and PS refer to positive
big, positive medium, and positive small, respectively. The name of the negative input
membership functions NB, NM, and NS refer to negative big, negative medium, and
negative small, respectively.

4.3.2. Fuzzy Proportional Controller

Figure 13 illustrates the membership function for the APS. The output of the member-
ship function uses ZO, PS, PM, and PB. The initial value of kp[t] is set low, and the output
value is set from 0 to 2.5. The small initial value is compensated for with the output value,
which is the change rate of the P gain (APS). When the vehicle is accelerating, the velocity
of the vehicle is below the target velocity. Therefore, this function activates when the value
of error (vt[t] − vo[t]) is positive. Figure 14 demonstrates the membership function for
the BPS. Similar to the output of the membership function for the APS, the membership
function for BPS uses ZO, PS, PM, and PB. When the vehicle is decelerating, the velocity of
the vehicle is above the target velocity. Therefore, this function activates when the value of
error (vt[t]− vo[t]) is negative.

(a) (b)
Figure 13. (a) Input Membership Function of e[t] for the APS. (b) Output Membership Function of
e[t] for the APS.

(a) (b)
Figure 14. (a) Input Membership Function of e[t] for BPS. (b) Output Membership Function of e[t]
for BPS.
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4.3.3. Fuzzy Integral Controller

In the case of deceleration, the difference in characteristics of each vehicle is not
significant compared with acceleration. As such, the fuzzy integral controller for APS
is applied in the controller. The fuzzy integral controller was designed with a multi-
input multi-output (MIMO) system. The sum of error and error value are used as inputs.
Considering the control period of 0.1 s and the speed tolerance of 3.2 km/h, the input range
of error was determined to be −40 to 40 km/h. Figure 15 shows the input membership
functions of e[t] and

∫
e[t] and Figure 16 shows the output membership functions of the I

gain (APS).

(a) (b)
Figure 15. (a) Input Membership Function of e[t] for the APS. (b) Input Membership Function of∫

e[t] for the APS.

Figure 16. Output Membership Function for the I Gain (APS).

5. Experiment

The test was conducted by driving the second slope of FTP cycle. The Hyundai
Tucson HEV is used in the experiment and the chassis dynamometer type is AVL ROAD-
SIM.To evaluate the system’s response toward different vehicle dynamics, the test was
conducted using two different modes: eco and sports as shown in Figure 3. The root mean
squared error (RMSE) value is used as a metric to evaluate the performance of our robot
driver system.

5.1. Experiment Result with Fixed Gain

The test results of using fixed gain method in eco mode is shown in Figure 17. The
following control parameters were manually tuned by the system operators: (i) P gain for
APS—10.0; (ii) P gain for BPS—10.0; (iii) I gain for APS—0.03; (iv) I gain for BPS—0.03.
The RMSE for this case was 0.985. In Figure 17, it can be seen that errors exceed the speed
tolerance in many sections of the test cycle, especially at initial acceleration and when the
vehicle accelerate in high-speed regions.

5.2. Experiment Result with Dynamic Gain

The experiment results of using dynamic gain by fuzzy controller is shown in
Figures 18 and 19 for eco mode and sports mode, respectively. The RMSE for the eco
mode was 0.682. Compared to the RMSE for fixed gain method, the RMSE value of the
dynamic gain method was about 30% lower. In particular, the error is smaller at the high-
speed acceleration region where velocity is higher than 60 kph. This demonstrates that
using dynamic gain showed better performance and control was more stable compared
with the fixed gain method.
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Figure 17. Test Results of the Fixed Gain Method in Eco Mode.

Figure 18. Test Results of Dynamic Gain Method in Eco Mode.

Additional tests have been conducted to test the performance of fuzzy controller on
different vehicle dynamics, and the experimental results are shown in Figure 19. The
experiment was conducted by setting the vehicle in sports mode. The RMSE for this case
was 0.668, which is similar to the experiment conducted in eco mode. From this test, it
can be demonstrated that the fuzzy controller shows similar performance even when the
dynamics of the vehicle are different.
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Figure 19. Test Results of the Dynamic Gain Method in Sports Mode.

6. Conclusions and Future Work

In this paper, we proposed a fuzzy-logic-based robotic driver system to reduce the
fuel efficiency test deviation of HEVs and PHEVs. The performance of the proposed system
was verified through practical tests. The advantages of the proposed system are as follows:
When installed, it takes up minimal space in the driver’s seat, meaning a driver can sit in
the driver’s seat, and the vehicle can be tested on actual roads. Compared with the physical
robot, our system is more cost-effective and requires less installation time. Additionally,
an applied fuzzy-logic-based PI controller is capable of testing multiple types of vehicles.
This was verified by experiments that were conducted in different drive modes. Based
on the experimental results, the fuzzy-PI controller outperformed the conventional PI
controller by a factor of about 30% in terms of the RMSE error. However, due to the nature
of the PI controller, a downside of the proposed algorithm is that control output can only
be generated when an error occurs. Therefore, the error can initially be relatively large.
To solve this problem and enhance the performance of the proposed system, in future
research, we are planning to implement data-driven predictive control in our proposed
robotic driver system.
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Abbreviations
The following abbreviations are used in this manuscript:

EV Electric Vehicle
HEV Hybrid Electric Vehicle
PHEV Plug-in Hybrid Electric Vehicle
DHTs Dedicated Hybrid Transmissions
ICE Internal Combustion Engine
APS Acceleration Position Signal
BPS Brake Position Signal
PC Personal Computer
CAN Controller Area Network
DTE Distance To Empty
NEDC New European Driving Cycle
WLTP Worldwide Harmonized Light Vehicle Test Procedure
FTP Federal Test Procedure
UDDS Urban Dynamometer Driving Schedule
TCP/IP Transmission Control Protocol/Internet Protocol
MIMO Multiple Input and Multiple Output
PID Proportional Integral Derivative
RMSE Root Mean Squared Error
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