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Abstract: The adoption of electric vehicles promises numerous benefits for modern society. At the
same time, there remain significant hurdles to their wide distribution, primarily related to battery-
based energy sources. This review concerns the systematization of knowledge in one of the areas of
the electric vehicle control, namely, the energy management issues when using braking controllers.
The braking process optimization is summarized from two aspects. First, the advantageous solutions
are presented that were identified in the field of gradual and urgent braking. Second, several findings
discovered in adjacent fields of automation are debated as prospects for their possible application
in braking control. Following the specific classification of braking methods, a generalized braking
system composition is offered, and all publications are evaluated primarily in terms of their energy
recovery abilities as a global target. Then, conventional and intelligent classes of braking controllers
are compared. In the first category, classic PID, threshold, and sliding-mode controllers are reviewed
in terms of their energy management restrictions. The second group relates to the issues of the tire
friction-slip identification and braking torque allocation between the hydraulic and electrical brakes.
From this perspective, several intelligent systems are analyzed in detail, especially fuzzy logic, neural
network, and their numerous associations.

Keywords: electric vehicles; energy efficiency; regenerative braking; intelligent controllers; fuzzy
logic; neural network

1. Introduction
1.1. Aim and Method

The adoption of battery electric vehicles (EV) promises numerous benefits for modern
society [1–4], as listed below.

• The cost of electricity consumed by EVs is less than the cost of petrol or diesel because
of the high efficiency of electrical machines (EM); on average, EVs convert 70–80% of
the supply energy to power at the wheels, while ordinary cars only convert 12–30% of
the energy stored in gasoline;

• EVs charged outside the busy electricity demand times can help better utilize the
electricity grid, support renewables, and reduce dependence on foreign oil;

• EVs produce zero tailpipe emissions on the move;
• EVs have fewer moving parts, and their servicing is easier, less frequent, and cheaper

compared to the ordinary vehicles;
• EVs are capable of accelerating and decelerating more quickly;
• EVs are also quieter than petrol/diesel vehicles, which means less noise pollution.

Nevertheless, there remain significant hurdles to wide distribution of EVs [5–7], as
listed below.

• The battery energy source remains bulky, heavy, and expensive; it holds relatively
small power and has a short life span of about 5–8 years or 50,000–100,000 km;

Energies 2021, 14, 4477. https://doi.org/10.3390/en14154477 https://www.mdpi.com/journal/energies

https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-5530-3813
https://orcid.org/0000-0001-5197-3599
https://orcid.org/0000-0003-2167-6280
https://doi.org/10.3390/en14154477
https://doi.org/10.3390/en14154477
https://doi.org/10.3390/en14154477
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/en14154477
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en14154477?type=check_update&version=1


Energies 2021, 14, 4477 2 of 26

• Another issue is the long charging time, usually between 1 and 8 h, due to the limited
battery capacity and charger constraints;

• A restricted driving range of 200–400 km requires careful trip planning, and this
distance is additionally affected by air temperature and road profile;

• The charging infrastructure depends significantly on countries and time, because
uncontrolled charging can cause increased electricity losses, voltage deviations and
peaks, transformer overloading, and excessive price volatilities;

• EVs are still associated with significant carbon emissions during their manufacturing,
particularly fallen battery dismantling and electricity generation from fossil fuels.

According to this list, the majority of problems are related to battery-based energy
sources, and EVs have failed to become the primary type of transportation mainly because
of batteries.

This review aims to evaluate the current state, prospects, and challenges of EV energy
efficiency. As a follow-up to and a distinction from other studies in this area, the proposed
research focuses on the energy management aspects of the cars during their braking. The
problem was formulated as follows: to investigate the methods, tools, and technologies
that lead to achieving the highest energy recovery in different braking scenarios of EV, with
minimal involvement of nonelectric equipment. To that end, the topic was approached from
two angles. First, the advantageous solutions are presented that were revealed in the field
of gradual and/or urgent braking. Second, several findings discovered in adjacent fields
of automation are debated as prospects for their possible application in vehicle braking
control. For a more convenient search, viewing, and comparison of the studied approaches,
a specific classification of methods applied is proposed on the basis of a generalized braking
system composition, and all publications are evaluated primarily in terms of their energy
recovery abilities as a global target.

In the remainder of the paper, an introduction to braking scenarios and braking
controllers is given, conventional and intelligent braking controllers are compared, and
several classes of intelligent controllers are analyzed in detail.

1.2. Blended Braking System

To decelerate an EV, its kinetic energy is converted either to heat or to electricity. In
traditional friction brake (FB) systems, the excess kinetic energy is converted to unwanted
and wasted heat due to friction. On the contrary, regeneration by means of electrical
braking (EB) provides vehicle slowing down by converting its kinetic energy into electricity
that can be stored or used immediately. Thus, a propulsive EM acts as a generator in such
a way that the energy that would be lost in the brake discs can flow back to the supply
source.

Properly managed EMs have many benefits compared with internal combustion
engines, as listed below.

• Broad power range, from milliwatts to gigawatts;
• Broad speed range, from units to million revolutions per minute;
• Small vibration and audible noise;
• Few pollution and emission;
• Reversibility: direction of torque and rotation can be easily changed;
• Controllability: suitability for electronic control.

Therefore, squirrel-cage induction, brushless permanent magnet synchronous, and
switch-reluctance EMs successfully provide the scalar, vector, and direct torque control of
the EV propulsion.

EV energy management has been studied intensively in the last few decades, resulting
in several books [8–10] and multiple research articles [11–16] devoted to this problem. After
a thorough examination of numerous literature sources, a diagram of the vehicle energy
distribution was designed (Figure 1).
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for braking. Since this percentage depends on the braking organization and management, 
the energy recycling issue seems currently of great importance to boost the driving range, 
prolong mileage, and increase the EV efficiency. In addition to the overall efficiency im-
provement of the vehicle, regeneration can significantly extend the braking system life, 
because the mechanical parts wear out much more slowly.  

In Figure 2, a generalized composition of a braking system to be analyzed in this 
review is presented. 
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blended braking system, EV—electric vehicle. 

Here, EB and FB can perform separately or together in an integrated blended braking 
system (BBS), whereas a specific torque allocator (TA) module of a braking controller de-
cides which braking scenario to run in one case or another. 

1.3. Hybrid Energy Storage 
To increase the regenerative braking efficiency, two directions are discussed, namely, 

enhancing the battery capacity and recharging the battery during driving.  
Rechargeable batteries have become one of daily life’s necessities. Gradually improv-

ing energy storage devices have pushed transportation to raise the energy density of bat-
teries, up to 200 Wh/kg and higher. Nevertheless, despite the continuous evolution of bat-
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As follows from Figure 1, from 30% to 80% of the vehicle kinetic energy can be used
for braking. Since this percentage depends on the braking organization and management,
the energy recycling issue seems currently of great importance to boost the driving range,
prolong mileage, and increase the EV efficiency. In addition to the overall efficiency
improvement of the vehicle, regeneration can significantly extend the braking system life,
because the mechanical parts wear out much more slowly.

In Figure 2, a generalized composition of a braking system to be analyzed in this
review is presented.
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Here, EB and FB can perform separately or together in an integrated blended braking
system (BBS), whereas a specific torque allocator (TA) module of a braking controller
decides which braking scenario to run in one case or another.

1.3. Hybrid Energy Storage

To increase the regenerative braking efficiency, two directions are discussed, namely,
enhancing the battery capacity and recharging the battery during driving.

Rechargeable batteries have become one of daily life’s necessities. Gradually im-
proving energy storage devices have pushed transportation to raise the energy density of
batteries, up to 200 Wh/kg and higher. Nevertheless, despite the continuous evolution of
battery technology since its invention in the early 1800s by Alessandro Volta, the battery
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supply remains the “weak link” for the observable future, and designers are forced to
adapt to this constraint and refine the equipment around it.

As the main step to prolong battery operation and encourage energy recovery, most
EV manufacturers promote hybrid energy storage (HES) that combines the battery with
high energy density ability and ultracapacitors and/or flywheels with high power density
ability [17–24]. Ultracapacitors and flywheels have low energy density, but their power
density is 10 to 100 times greater than that of batteries. At the same time, they possess
a lower risk of pollution and have superior low-temperature functionality. Their life is
over one million cycles, i.e., much longer than that of batteries, which is a very important
feature for automotive applications undergoing frequent charge/discharge cycles. These
characteristics allow for achieving an improved overall EV efficiency with fast acceleration
and deceleration thanks to rapid kinetic and electrical energy exchange.

Nevertheless, frequent HES overcharging without proper regulation can lead to dan-
gerous current surges due to unpredictable energy being injected directly into the HES. As
a result, HESs built on lithium-ion batteries can die rather quickly. The traditional engi-
neering solution for this problem is to assign charging power restrictions using the HES
state of charge (SOC) and temperature as control inputs. At the same time, the discharging
energy is also limited, ensuring that no excessive power is drawn from the HES during
aggressive acceleration.

In a battery/ultracapacitor HES design, it is important to maximally utilize the ultra-
capacitor, aimed at protecting the battery and increasing the overall performance of the EM.
In this way, during the EB process, the ultracapacitor receives as much power as possible,
whereas the batteries consume the rest. Thus, all available regenerative energy is delivered
to the ultracapacitor until it achieves its full SOC, with any excess power then going to the
batteries and, finally, to the FB.

HES has been actively cultivated within the framework of the progressive brake-by-
wire (BBW) technology used by Toyota®, Ford®, General Motors®, and other companies.
BBW systems identify the EB as the primary mode of slowing the vehicle unless the SOC of
the HES is too high to accept the additional energy or an urgent stop situation is detected
by the system. In practice, the BBW is now a standard even for inexpensive cars and
trucks, and every new vehicle benefits from the optimized braking, enhanced deceleration,
and improved stability that this technology provides. According to [25], contemporary
BBW-based automatic regenerative control equipment is able to successfully reflect all of
the driver’s requests.

2. Braking Tools and Modes
2.1. Braking Controllers

A braking controller is the core part of the braking system shown in Figure 2. It
implements the required braking scenario and activates the EB, FB, or both in order to
decelerate a vehicle and absorb its energy. Different classifications of controllers are
discussed in reviews devoted to the applied braking techniques that compete in the market.

In [26], a classification of controllers suitable for gradual smooth deceleration was
proposed. In [27], the urgent (called also heavy or emergency) braking mode was studied
and appropriate equipment was classified. In [28], the same controllers were divided into
model-based and rule-based, depending on the algorithms they translate. The former
controllers are typically related to physics models with vehicle parameters and tire charac-
teristics. The latter ones are currently predominantly used in vehicles. They process easily
accessible data regarding the speeds of the wheels to generate the torque reference signals.

Nevertheless, neither of the above classifications suits this review, which mainly
focuses on energy recovery abilities for gradual and urgent vehicle braking. Therefore, a
literature analysis related to energy management at braking was carried out according to
the following categories [29]:

• By braking modes—for gradual braking and urgent braking;
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• By estimation of the road surface—with no estimation and with surface estimation
tools;

• BY braking torque sharing—with fixed torque distribution and with its smart alloca-
tion;

• By the toolboxes used for simulation—MATLAB/Simulink® (MathWorks, Natick, Mas-
sachusetts, USA), AMESim® (Siemens PLM Software, Plano, Texas, USA), CARSim®

(Mechanical Simulation Corporation, Ann Arbor, Michigan, USA), and co-simulation,
including digital twins;

• By the tools used for model validation—without verification, with physical imitators,
and with real vehicles.

To differentiate between controllers, it would be useful to start with the basics. Given
that an initial goal of the braking controller is to initiate vehicle stopping at a required
pace, the simplest approach is to use the traditional closed-loop circuit shown in Figure 3a.
Here, a controller C compares the reference speed to the real speed of the EV and generates
the torque reference to the brake, which produces the reference braking torque. However,
the EV cannot process very high braking torque due to its inertia, wheel locking and
slip, nonlinearity, and many road obstacles. Therefore, an additional observer OBS has
to periodically interrupt or decrease the reference of the conventional controller CC as
shown in Figure 3b. Moreover, since energy recovery is in the review focus, the BBS places
additional current and SOC restrictions coursed by the EB. For this reason, a TA module
fed by an intelligent controller IC can be utilized, as shown in Figure 3c.
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As a result, all controllers in this research are divided into those that are able to save
energy and those that do not have this ability. The former ones are additionally subdivided
into conventional (road-independent) and intelligent (road-dependent).

Conventional braking controllers manage either gradual or urgent braking. In their
designs, the road surface under the tire is not identified and, therefore, instability of the
driving environment is ignored. Depending on the braking scenario, at least three types of
the conventional controllers are exploited in transportation, namely, proportional–integral–
differential controllers (PIDC) and their varieties, such as PI and PD, threshold controllers
(TC), and sliding-mode controllers (SMC).

Intelligent braking controllers take precedence over conventional ones in management
of vehicle deceleration on volatile road surfaces, slopes, and aerodynamic conditions.
Unlike the previous class, in which the controller is designed for either gradual or urgent
braking, intelligent converters can carry out both gradual and urgent braking in a BBS for
the sake of boosting energy efficiency. This class involves fuzzy logic controllers (FLC),
neural networks (NN) embodied in appropriate neural network controllers (NNC), and
model reference controllers (MRC), as well as their multiple options, such as fuzzy PIDC,
neuro-fuzzy controllers, and neuro-MRC.

This classification is shown in Figure 4.
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Figure 4 can be used to specify the issues addressed in this paper, which focuses on
urgent and gradual braking with energy recovery thanks to the maximal involvement of
EB under the guidance of intelligent controllers.

To compare different solutions, it was important to validate the results published by
different authors. Therefore, both the simulation tools and the model verification tools
are carefully analyzed in the review. Taking into account the importance of experimental
studies, special attention was paid to hardware-in-the-loop (HIL) [30–33] and real vehicle
testing techniques used for verification of the developed systems with respect to most
control aspects.

2.2. Gradual and Urgent Braking Modes

Gradual braking control aims to respond to the driver’s accelerator pedal request as
accurately as possible. Gradual braking is used to decelerate the car in front of a traffic
light, ahead of a pedestrian crossing, in a parking lot, or when driving downhill. This is
rather static compared to dynamic mode, suitable for energy optimization with minimal
FB involvement. In terms of energy recovery during car deceleration, regenerative EB has
many preferences. That is why EV designers, such as [18,34], applied the EB for vehicle
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gradual slowing and downhill movement. Several studies were conducted in this direction
to minimize the energy lost during the gradual braking [35,36].

The main difficulty during gradual braking control takes place because the braking
system of the road vehicle includes a time-variant and nonlinear plant with significant
dead time. Thus, variations in weight, tire–road friction, driveway inclination, wind speed,
and other properties significantly affect the braking performance [37]. Deviations of many
parameters and steering conditions from known values course driving deterioration, result-
ing in larger overshoot, longer settling times, and sometimes unstable EV behavior. In order
to govern vehicle deceleration properly, specific braking controllers were designed that
could make decisions on the basis of online solutions of nonlinear equations to accurately
activate the brakes.

As opposed to gradual braking, the main target of urgent braking control is to mini-
mize the braking time and distance. The system has to respond as quickly as possible when
the driver sharply presses the brake pedal. During urgent braking, the driver’s braking
energy request often exceeds the ability of the HES. Despite the fact that EMs are capable
of developing great torque rapidly, this is not enough to produce the total braking force
needed to ensure rapid stopping of the steerable EV due to the HES overheating and its
SOC threshold saturation. As the regenerative power cannot meet the intensive braking
requirement, the use of a traditional FB is assumed instead of EB or together with EB to
slow the car in the frame of the BBS, which combines FB with EB. In the BBS, the urgent
braking and the gradual braking parts are usually separated because of their different
targets. Regrettably, the use of FB leads to braking energy wasting and a reduction in the
EV lifetime, along with pollution of the environment with tire particles.

Little attention is paid to BBSs that might integrate both the intensive and the gradual
braking abilities within a common BBS module. FB and EB have been successfully operated
together in only a few cases [38–40], in which the BBS was so versatile that it successfully
implemented both braking modes. In [41], a BBS incorporating a set of electro-hydraulic
systems was designed for EVs. As another example, several braking systems of electric
buses can be considered [39]. Unfortunately, their permanently working FBs badly adjust
the braking force and easily lock driving axles.

2.3. Antilock Braking Systems

The challenge with urgent braking is that the vehicle may skid and its wheels may
lock. Thus, a difference can appear between the expected and real distance traveled by a
vehicle due to tire slip, which occurs when the wheel rotates slower than the vehicle would
normally demand [10]. The reason lies in the complex physical processes mediating the
tire and road surface contact, which results in wheel sliding or even locking. Due to the
tire’s elasticity, it deforms to a greater or lesser extent depending on the road pavement,
weather, and wind.

To mitigate slip, antilock braking systems (ABS) are used in road vehicles. Once the
brake pedal is pressed suddenly, the braking observer monitors data acquired from the
speed sensors located in each wheel hub to determine when a wheel has an improper
speed. If wheels slow or stop spinning, the ABS alternately increases and decreases the
braking torque in accordance with a particular antilock law. The rapid squeeze and release
forces the vehicle to slow down and stop without the wheels ever truly stopping, allowing
the driver to maintain steering control [42–44].

It is worth noting that execution of the classic ABS is accompanied by at least two
issues from the standpoint of energy saving.

First, since the ABS is initially configured for high-speed driving on a straight dry
road, it might take a longer time to stop in volatile and unknown road conditions. As soon
as snow, rain, or loose gravel appears, the ABS may lengthen the braking time and distance
instead of shortening.
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Second, to ensure proper management organization, the ABS is often separated in the
vehicle braking system, being focused on fast and reliable deceleration. Most ABSs are
FB-oriented modules that are not engaged in solving any energy recovery problems.

3. Conventional Braking Controllers
3.1. Operation

Conventional braking controllers are used either to adjust gradual vehicle slowing or
to provide its urgent stopping. Commonly, braking systems with conventional controllers
have the topologies shown in Figure 3b. To initiate braking, the controller first has to
identify the presence of slip or lockup, then select the braking tool to employ either the
gradual (EB-based) or the urgent (FB-based) braking equipment, and lastly adjust the
selected brake. In the scope of these tasks, the speeds of the wheels are monitored and
compared with each other with the help of a specific observer, and the SOC of the HES can
be additionally estimated to check if the EB is possible.

The typical operating sequence of conventional braking is as follows:

• The driver presses the brake pedal or releases the accelerator pedal;
• The master cylinder of the EV converts the pedal movement to hydraulic pressure

and the pressure transducer creates the braking torque desired;
• The braking controller examines the driver’s request aiming to determine if a gradual

braking or the ABS algorithm is required;
• If urgent braking is requested, the controller runs the ABS and repeatedly observes

the speed sensors to prevent wheel lockup;
• If gradual braking is requested, the braking controller then evaluates the SOC of

the HES;
• Depending on the SOC, the braking controller runs either the EB or the FB;
• In the case of the EB, the propulsive EM serves as a generator, which converts kinetic

energy of the EV to electrical energy of the HES;
• Once the speed drops below about 10 km/h, the FB runs alone, as the EB does not

benefit at low speed.

3.2. PID Controllers

PIDC is the main candidate for a gradual single-input, single-output (SISO) con-
troller [33,45]. The PIDC works properly only when the vehicle parameters and distur-
bances are fixed and well known. In this case, the PIDC tuning procedures are rather
elaborated for the offline and online scenarios. Offline tuning takes into account the math-
ematical model of the EV and driving conditions, as well as their time constants and
gains. In practice, offline tuning follows the characteristics, critical points, and typical re-
sponses of the vehicle, such as step, frequency, and closed-loop relay feedback. Most often,
well-known tuning methods are used such as Ziegler–Nichols, Chien–Hrones–Reswick,
Cohen–Coon, or their combinations [46] that maintain standard closed-loop operations.
However, due to a broad range of uncertainties, numerous data cannot be preliminary
known offline. For this reason, a second step called autotuning is considered to correct
PIDC settings online and meet the real-time obstacles. The above reasoning provides rather
accurate controller settings when the EV runs steadily and the driver’s references change
to a greater extent and more quickly than the control variables and disturbances.

The PIDC can also operate successfully with ABS. Several examples of the FB-oriented
PIDC used for urgent EV braking can be found in [27,47–49]. Nevertheless, the energy
saving issues are not resolved in these cases.

At the same time, since the PIDC tuning simultaneously focuses on three interre-
lated gains, the use of the PIDC in transportation management has many restrictions, as
listed below.

• In nonlinear and unstable circumstances, when the road and weather change unpre-
dictably, the optimal settings obtained in the initial context do not provide an optimal
response in other conditions [50];
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• PIDC works well for small deviations of the system variables, whereas during sharp
deceleration and considerable speed or torque changes, the EM current and voltage
restrictions destroy the control loop performance and can cause feedback disconnec-
tion [51];

• PIDC is a SISO controller, whereas circuits with multiple inputs and multiple out-
puts (MIMO) cannot provide acceptable performance due to improper interaction or
coupling of separate PIDCs or their parts [33];

• PIDC is ineffective and often completely fails in adjusting the objects with long dead
time common to some vehicle systems. For instance, the PIDC-based dynamics model
of EV developed in [45] estimates the effect of parameters on the car performance
and energy consumption. It also does not optimize energy recovery because it only
considers permanent driving conditions. The same may be said regarding the solutions
proposed in [49,52].

These challenges are illustrated, in particular, in [53], whose step responses and
distortion combinations for the angular speed of the vehicle wheel fed by the PIDC are
shown in Figure 5. Here, the PIDC tuning relies on the approximated disturbance and
plant models. Issues such as load instability and system nonlinearity distort loop behavior.
As a result, the loop becomes either excessively aggressive (red lines) or too sluggish
(green lines).

Energies 2021, 14, x FOR PEER REVIEW 9 of 26 
 

 

• In nonlinear and unstable circumstances, when the road and weather change unpre-
dictably, the optimal settings obtained in the initial context do not provide an optimal 
response in other conditions [50];  

• PIDC works well for small deviations of the system variables, whereas during sharp 
deceleration and considerable speed or torque changes, the EM current and voltage 
restrictions destroy the control loop performance and can cause feedback disconnec-
tion [51]; 

• PIDC is a SISO controller, whereas circuits with multiple inputs and multiple outputs 
(MIMO) cannot provide acceptable performance due to improper interaction or cou-
pling of separate PIDCs or their parts [33]; 

• PIDC is ineffective and often completely fails in adjusting the objects with long dead 
time common to some vehicle systems. For instance, the PIDC-based dynamics 
model of EV developed in [45] estimates the effect of parameters on the car perfor-
mance and energy consumption. It also does not optimize energy recovery because 
it only considers permanent driving conditions. The same may be said regarding the 
solutions proposed in [49,52]. 
These challenges are illustrated, in particular, in [53], whose step responses and dis-

tortion combinations for the angular speed of the vehicle wheel fed by the PIDC are shown 
in Figure 5. Here, the PIDC tuning relies on the approximated disturbance and plant mod-
els. Issues such as load instability and system nonlinearity distort loop behavior. As a 
result, the loop becomes either excessively aggressive (red lines) or too sluggish (green 
lines). 

 
Figure 5. Step responses and distortion combinations for the speed v of the vehicle fed by the PIDC. 

3.3. Threshold and Sliding Mode Controllers 
The most convenient control strategies for urgent braking process are based on the 

logic threshold and sliding approaches. 
Commercial ABSs mostly employ TCs having permanent thresholds for different pa-

rameters and a number of rules that define control activity [54]. By introducing a simple 
threshold function, a satisfactory trajectory tracking performance can be carried out, in 
which torque saturation is considered. Wheel speed observers are used to detect wheel 
lockup, wheel stops, or wheel skids. When a lockup is diagnosed, the ABS under the 
threshold control works by releasing and then reapplying the brakes to car wheels several 
hundred times per second. This mitigates the wheel skidding and helps keep the steerable 
control of the vehicle. 

Usually, TCs are FB-oriented, with no energy recovery abilities. For example, an ABS 
of Bosch® [10] acting in braking hydraulic systems of passenger vehicles implements 
eight-step logic to switch the braking mode depending on the slip. The following control 
operations are used there: pumping by brake pressure increasing, dumping by brake pres-
sure drooping, holding by keeping constant brake pressure, and pump holding by in-
creasing brake pressure in steps. 

Figure 5. Step responses and distortion combinations for the speed v of the vehicle fed by the PIDC.

3.3. Threshold and Sliding Mode Controllers

The most convenient control strategies for urgent braking process are based on the
logic threshold and sliding approaches.

Commercial ABSs mostly employ TCs having permanent thresholds for different
parameters and a number of rules that define control activity [54]. By introducing a simple
threshold function, a satisfactory trajectory tracking performance can be carried out, in
which torque saturation is considered. Wheel speed observers are used to detect wheel
lockup, wheel stops, or wheel skids. When a lockup is diagnosed, the ABS under the
threshold control works by releasing and then reapplying the brakes to car wheels several
hundred times per second. This mitigates the wheel skidding and helps keep the steerable
control of the vehicle.

Usually, TCs are FB-oriented, with no energy recovery abilities. For example, an
ABS of Bosch® [10] acting in braking hydraulic systems of passenger vehicles implements
eight-step logic to switch the braking mode depending on the slip. The following control
operations are used there: pumping by brake pressure increasing, dumping by brake
pressure drooping, holding by keeping constant brake pressure, and pump holding by
increasing brake pressure in steps.

As a step forward, [55] proposed an EB-oriented ABS control strategy. Here, the
controller observes the braking torque of the EMs for understanding when the peak of the
braking force is reached to start regeneration.
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However, the thresholds obtained from several experiments often have great deviation
from the real value because of changing tire–road friction, vehicle speed, and wheel
slip level.

In this regard, the SMCs deal better with uncertain, nonlinear, and changing dynamics
of the urgent braking scenario.

Most of them, for example [56], successfully maintain the FB. The authors of [57] de-
scribed two sliding-mode algorithms, namely, the Lyapunov-based SMC and the reaching-
law-based SMC. Both these options, designed and applied in the strongly nonlinear ABS,
proved their good acting over control operations. They do not have extreme computational
complexity, relying instead on a reduced number of tuning gains.

In [58–60], the SMCs used in EVs opened up many attractive opportunities for energy
recovery. In [61], an ABS design was proposed on the basis of an SMC, which maintained
the optimal wheel slip during regenerative braking. There, an exponential law was used to
reduce chattering. In [62], an improved SMC combined with the vehicle dynamics model
and brake force observer was presented. Their co-simulation was produced in Simulink®

and CarSim® toolkits. In [63], the SMC was united with a classic PI controller in a hybrid
conventional controller unit.

Regrettably, all SMCs are very sensitive to the accuracy of measuring devices and
operate badly with sensors in a noisy environment.

4. Intelligent Control of Braking
4.1. Operation

Today, intelligent controllers, including FLCs, NNCs, MRCs, and their associations,
serve as efficient tools to manage nonlinear and nonstationary plants [64]. Usually, the
braking systems with intelligent controllers have the topology shown in Figure 3c. The
two most significant reasons that lead to intelligent control involvement are, first, the road
surface identification and, second, optimal distribution of the braking torque between
front and rear wheels, along with its sharing between EB and FB. Both of them are very
important features in terms of maximizing the amount of regenerative energy because of
their capability to solve a braking problem together with an increased energy recovery.

In addition to the accelerator and brake pedal positions, as well as wheel speed
and SOC of the HES, several intelligent controllers monitor more input signals, such as
vehicle speed, yaw angle, stroke and steering wheel angle, hydraulic actuator pressure,
and pressures of wheel caliper circuits. Other inputs can also be sensed.

The typical operating sequence of the intelligent braking controller is as follows:

• The driver releases the accelerator pedal or presses the brake pedal;
• The master cylinder of the EV converts the pedal movement to hydraulic pressure

and the pressure transducer creates the braking torque desired;
• The braking controller inspects the driver’s request aiming to determine if a gradual

braking or the ABS algorithm is required;
• In the case of urgent braking, the braking controller observes the vehicle and wheel

speed and calculates the slip aiming to correct the braking torque desired to prevent
wheel lockup and maximize the amount of regenerative energy;

• The braking controller then checks the SOC of the HES;
• Depending on the SOC level, the braking torque is distributed between the forward

and rear wheels and allocated between EB and FB;
• In the case of EB involvement, the propulsive EM is used as a generator, which

converts vehicle kinetic energy to electrical energy of the HES;
• Next, the braking controller estimates the yaw and steering wheel angles;
• Depending on vehicle yaw and steering angles, the system initiates an appropriate

vehicle stability algorithm;
• Once the speed drops below 10 km/h, the FB runs alone since the EB does not benefit

at low speed.
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The main differences between conventional and intelligent braking algorithms are
demonstrated in Figure 6. In the former case, the EB serves as an additional feature,
whereas, in the latter algorithm, the EB is a primary tool.
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For the systems that have nonlinear and time-variant plants with significant dead time,
multiple intelligent control approaches were published recently. The most progressive
of them, for instance, [65–67], successfully evaluated a priori unknown changes in the
driving conditions over time in order to identify the environment and handle nonlinear
vehicle dynamics.

Adoption of intelligent controllers is especially important during urgent braking
because the ABS driven by conventional controllers performs poorly in volatile and un-
known road conditions [18,19]. On the other hand, intelligent controllers are also capable
of successfully improving energy efficiency during gradual braking.

4.2. Road Surface Identification

An important issue for intelligent control is related to the methods applied for identifi-
cation of the road surface under the tire. It should be noted that most intelligent controllers
are aimed at maximizing an urgent braking torque and not the amount of regenerative
energy. In this regard, different friction-slip models may be found in the literature, such as
Pacejka’s “Magic Formula”, the Burckhardt model, and the Rill model [47,68].

A thorough review of the tire–road friction estimation methods in [56] and studies
such as [69,70] focused on different techniques and, in particular, on perturbed SMC-based
road surface observers.

The method established in [71] introduced small oscillations to the reference torque
with subsequent evaluation of the phase shift and amplitude of the wheel speed oscillation.
Their levels affect the model of the vehicle at its operating point, as well as the wheel
slip and road features. Unfortunately, the method simulated in the MATLAB/Simulink®

toolbox never received experimental validation.
In [72], six different powertrain architectures were mathematically modeled and ana-

lyzed under various driving conditions based on EV nonlinear models. In [27], an accurate
ABS operation environment was presented in MATLAB/Simulink® software. However,
neither solution, built considering a permanent theoretical tire–road representation within
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the fixed friction factor ratio of 0.2 to 1, could minimize energy consumption. Since the
controller ignores the volatile road environment, it has to reduce the reference torque in
off-road driving.

The same constraint decreased the quality of the design created in [44], where the
tire-road friction was derived relying on the speed sensor signals and vehicle geometry.
The braking controller detected the discrepancy between the reference slip and real slip
as the input signal and created the reference braking torque in the output. This method
was proven to be successful for unmanned aerial vehicles. In [73], the same input was used
to search for the optimal reference slip to control the pressure of a four-wheel hydraulic
brake. Both solutions were designed for an internal combustion engine-fed vehicle without
braking energy recovery.

The method offered in [31] used a model built on a road file, created by a direct
measurement from a GPS® device (AFSPC, Peterson Air Force Base, CO, USA), Google
Earth® (Google, Mountain View, CA, USA), or any other toolbox compatible with the
CarMaker® (IPG Automotive GmbH, Karlsruhe, Germany). This tool helped the designers
evaluate the energy consumption of the EV Tesla Model S® (Tesla, Palo Alto, CA, USA). By
simulation, a dependence was found among the EV range, HES SOC, vehicle weight, and
number of batteries. Regrettably, this research did not directly concern the braking issue;
therefore, no energy management improvements were suggested there.

In [74], the variations in the tire properties, road pavement, and vehicle slowing were
evaluated on the basis of the position and rate of the brake pedal pushing, vehicle speed,
and wheel slip used as the controller inputs. This article eliminated EB in the ABS, which
was separated from the BBS.

In contrast to the above studies, the friction-slip estimation methods proposed in [75,76]
were directly related to the energy saving problem solution. There, the designed controller
operated under various driving scenarios including gradual and urgent braking on different
pavements, integrating the strengths of both the FB and the EB. The vehicle model reflects
numerous factors, such as road incline, aerodynamics, and tire–road characteristics. The
new tire–road model recognizes the road pavement at various speeds. The SOC and electric
voltage/current limitations of the HES are taken into consideration. Thanks to multiple
benefits, these researches formed the basis for the follow-up studies of the authors.

A reset tool [48] proposed in [77] determines the type of road under the tire and
calculates the braking strength. Using this method, a controller is periodically returned
to the zero state with holding a previous surface value. At that, a high torque pulse is
applied and the braking system evaluates the maximal EV deceleration to choose a relevant
wheel-slip from the database, aiming to generate the highest torque reference possible at
this friction.

4.3. Sharing the Braking Torque

When discussing the braking torque shared among the BBS components, three ap-
proaches attract attention, namely, torque sharing between right and left wheels, torque
sharing betwefront and rear wheels, and torque sharing between the EB and FB.

The braking controllers described in [63,78] serve as the coordinators and supervisors
of torque sharing. If the requested braking torque is higher than the maximum achievable
EB torque, the FB is activated by the braking controller targeting to increase the torque to
the full requested level.

In [67], the braking force was shared between the front and rear wheels by a permanent
ratio derived from the car model. The control algorithm uses the car speed, brake pedal
position, and SOC of the HES as the braking controller inputs and assigns the ratio of the
EB force to the full braking force as the controller signal directed to the BBS.

The same target can be found in the braking system offered in [34]. Using the created
model, a regenerative braking procedure and respective controller were developed focusing
on the braking torque sharing. Torque allocation between the EB and FB modules was
aimed here at creating maximal energy by the BBS. To get the highest regeneration capacity,
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the EB is involved in providing energy exchange in the best possible way. This procedure
addresses the efficient and reliable integrated operation of EB and FB. Unfortunately, in
both [34,67], the co-simulation conducted in the MATLAB/Simulink® toolbox together with
AMESim® software was not tested by experimentation, and the benefits of the designed
procedure over other solutions, such as [79], seem ambiguous.

A performance algorithm of torque allocation proposed and verified in [76] represents
another step forward in this direction. Here, once the controller detects the braking torque
request, the EB runs. The FB torque is not produced until the SOC exceeds a permissible
overcharging barrier or the EM produces maximal power. Since the torque developed by
EM becomes insufficient, both the FB and the EB run together. In the case when the SOC
level exceeds its boundary, the FB runs separately because regeneration is now impossible.
The main advantage of this approach consists of the involvement of regeneration in all
braking scenarios, including urgent ABS-fed braking.

5. Fuzzy Logic Controllers
5.1. Fuzzy Control Functions

Deep analyses of FLC-built equipment were presented in [77,80]. In these and similar
contributions devoted to braking under the fuzzy control, different responsibilities are
assigned to the FLC.

An FLC is capable of controlling complex nonlinear plants that are described qualita-
tively because of their mathematical characterization difficulty. The FLC does not need an
accurate model of the system, but requires a linguistic description of the input-to-output
ratio. In contrast to classical binary logic, which deals with the sets of logical variables
that are either their members (true, 1) or not members (false, 0), the fuzzy sets of linguistic
variables are capable of partial membership between the full absence of membership (0)
and full membership (1) instead of crisp membership. The membership function linking
any linguistic variable value with its degree of membership in fuzzy sets can have variety
of shapes.

Numerous FLCs have demonstrated improved operation of high-order nonlinear and
dead-time systems. Multiple fuzzy tools have been developed to control the urgently
braking vehicles using the FLC [75,81,82]. In all of them, the FLC implements enhanced
guidance comparing to the conventional controllers by successful handling uncertainties
in a noisy environment.

From the literature review, the following two areas of fuzzy control can be distin-
guished: fuzzy generation of the braking torque and fuzzy sharing of the torque generated.
Both of them contribute to the promotion of energy saving.

With regard to the first direction, attention can be primarily drawn to [83], where a
FLC-based braking procedure was developed to provide regenerative braking. In [84],
fuzzy control was used to stabilize a plant moving in unknown environment. To increase
the efficiency, a bi-level supervisory controller was used in this FLC. The fuzzy approach
offered in [85] derives the control signal and applies it to stabilize the chaotic system.
Methods offered and validated in [27,77] used the HIL testbed and a multi-input, single-
output (MISO) FLC to handle the ABS. Here, both the longitudinal slip and the vehicle
speed were considered as the inputs, whereas an actuating torque was generated in the
FLC output.

The second direction was presented, in particular, in [67,86]. In [87], an original torque
distribution strategy was proposed on the basis of a multi-input FLC while considering the
influences of the HES SOC, the brake strength, and the EV speed.

5.2. Challenges of Fuzzy Control of Braking

It should be noted, however, that fuzzy methods demonstrate their drawbacks when
working with continuous processes, such as those that are considered for gradual decelera-
tion, when a set of variables must be taken into account to generate control actions.
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The FLC is usually designed case-by-case instead of systematically. For that, the
trial-and-error method is applied, guided by a designer experienced in fuzzy logic. Such
an approach makes the FLC infeasible in many automation systems due to the complexity
of their nonlinear input/output ratio and difficulty in identifying a great number of tuning
settings, scaling factors, linguistic rules, and the shape of the fuzzy surface [88,89]. Since
the tuning of the FLC requires high-skill specialists, the fuzzy logic approach does not
play the leading role in the management of gradual braking. Furthermore, the common
FLC cannot avoid steady-state and static errors and fails in dynamics contrary to the PIDC,
which is able to operate without static errors, along with its easy use, structural simplicity,
and good robustness.

The following weaknesses of FLC may be noted in terms of EB:

• Distinct from PIDC, the FLC does not support internal dynamics because its in-
put/output surface usually has a stepwise pattern uncomfortable for smooth decelera-
tion during highway cruising, slowing down, or parking;

• Attempting to develop a universal FLC commonly fails because of difficulty in estab-
lishing fuzzy links between a number of variables only on the basis of intuition and
system observation;

• FLC design and tuning carried out as a decision-making process drawing primarily
on human skills and expertise are usually rather sensitive to developers’ knowledge,
thus mitigating reliability of control, although several new fuzzy SMCs and adaptive
FLCs have alleviated difficulties in creating the fuzzy rule base to a certain extent [90].

These challenges are clearly illustrated in [91], where four different rule bases were
designed. One fragment if this study is approximated in Figure 7. Rule base I had a
commonly used symmetrical dispersion showing smooth and rather fast slowing down
under the comparably high slip of about 50%. Rule base II was more sensitive to the vehicle
speed than other rule bases although it implemented the fastest braking, with possible
wheel blockage. Conversely, rule base III was exposed to show quite a fast response
compared to rule base IV, which represented very slow braking.
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Hence, most popular FLCs are suitable for specific sets of parameters and features.
Common implementation of FLCs is restricted since they need regular retuning whenever
there is a change in the specifications or environmental data. In particular, in [67,92,93],
FLCs were exclusively utilized for urgent braking. In [94], the only object of the FLC
was parking. The FLC in [81] was aimed at keeping a safe distance from the preceding
vehicle by adapting the speed of the host vehicle. Using brake and throttle settings as
input variables, the vehicle speed and deceleration were adjusted there to avoid accidents.
However, this MIMO-based FLC had many problems with tuning. The same issues were
underlined in [95].
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5.3. Fuzzy PIDCs

As mentioned earlier, PIDCs are ineffective in processes with long dead time, upon
great deviations of the controlled variables, such as during sharp deceleration and con-
siderable speed or torque changes. A fuzzy PIDC often helps to resolve these conflicting
issues. A thorough review of this intelligent equipment was presented in [26].

In the fuzzy PIDC, two groups of parameters are processed, namely, the scaling factors
and the fuzzy rule base [96–98]. It has been proven since [88,99] that fuzzy PIDC has
better handling abilities than the PIDC and FLC. It has the same structure as the classic
PIDC in proportional, integral, and derivative terms, but allows changeable settings. The
fuzzy PIDC, thus, preserves the simple linear principle and, at the same time, opens up an
additional autotuning capability [90,100–102].

One of the fuzzy PIDC groups refers to the method of fuzzy gain scheduling, which is
used in several professional toolboxes [97,103]. It helps to choose the optimal PIDC settings
that better meet the current state of the plant. However, gain scheduling cannot take into
consideration all available states of the system and, thus, does not ensure overall robustness.

Some SISO and MISO configurations of fuzzy PIDCs, capable of improving the dy-
namic and static characteristics of control, were produced including single-input, dual-
input, and three-input controllers having one output. The ABS is mainly governed by
dual-input fuzzy-PI and fuzzy-PD type controllers invented by Mamdani [104], where the
P component ensures given tracking accuracy, the D part speeds up the response, and the
I factor is used to eliminate the steady-state offset [105]. In [106], the error of the wheel
slip and its difference were used as the FLC inputs and the error entered the PIDC, whose
output was used as an increment of the hydraulic pressure. When the slip error was more
than 6%, the fuzzy control stopped, the integral constant was zeroed, and the proportional
gain obtained a biggest value to shorten the response time.

The authors of [107–109] noted the analytic complexity of the MIMO implementation as
a negative issue of the fuzzy PIDC, which hampered its construction and autotuning, making
the multi-output design rather problematic in terms of the rule base and inferencing.

In addition to solving the main problem, an important idea of several fuzzy PIDC
algorithms is the MIMO alignment with the MISO by transforming the speed and the
first-order time derivative of speed (acceleration) inputs into an aggregated output having
a linear-like control law [110]. A linearized rule base with triangular membership functions
is used there, which actually combines fuzzy-PI and fuzzy-PD controllers. In particular,
the authors of [99,111] parameterized a Ziegler–Nichols equation using a single parameter.
The fuzzy PIDC employed following [107] failed in the use of Mamdani’s fuzzy reasoning,
although fuzzy two-term controllers, such as PI and PD [90], PD and I [112], or PD and
ID [113], could be successfully realized. The open question of these systems concerns opti-
mal tuning for all PIDC parts. As the control actions are closely coupled, the contribution
of separate scaling variables to the output result remains unclear, which makes the tuning
method quite unreliable. A more common approach of [100,114] presumed the sharing of
the fuzzy operation among fuzzy-P, fuzzy-I, and fuzzy-D independent controllers.

There are quite a few publications devoted to the MIMO fuzzy PIDCs able to transform
the speed error and its rate inputs directly to three PIDC coefficients. Some of them
represent non-automotive applications, such as steam heaters [115] or robots [112]. In
the control system of a transmission grid [116], an error and its rate were input to the
dual-input FLC, whereas three PIDC gains served as outputs. In the EM drive [117], the
same inputs and outputs of the FLC were used, but the single error was applied to the
PIDC input for EV speed adjustment. In [118], a rate of error was applied as the only input
signal of fuzzy inference, whereas three PIDC gains served as the outputs. Appropriately,
three fuzzy rule bases were designed and simulated in MATLAB/Simulink® software.

To address the issues of nonlinearity and time-variability, the tuning scheme offered
in [109] initially assumed nonlinear system dynamics, while real-time implementation was
approximated by a linear model with recursively updated parameters. The FLC gains were
obtained here by solving a nonlinear optimization task. Two architectures were proposed
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in this study. The former one solved the constrained optimization problem offline, whereas,
in the latter, the gains were updated in real time.

A nonlinear control method was also proposed in [105]. Original lookup tables were
invoked in [119] on the basis of experimental trials, in which inadequate performance
appeared in many circumstances. This technique is also limited by the fixed set of control
properties. With respect to automotive applications, it would result in frequent detuning to
meet the worst-case scenarios, for example, braking on an icy road with bad tires.

As an example of a successful vehicle braking system, in [120], the EV was co-
simulated in MATLAB/Simulink® and AMESim® software with a two-input, three-output
fuzzy PIDC. Fuzzy variables were shared here among 11 levels, from large negative to
large positive levels.

Unlike the above studies, [120] focused on the maintenance of not necessarily the
best but some optimal braking dynamics in terms of the overspeed and the first-matching
time under variable driving scenarios and road surfaces. For that, the paper emphasized
two factors, namely, the most precise following the standard dynamics and the fastest
achieving the desired speed. The first issue is typical for some industrial EVs operated
in more or less stable conditions at moderate speeds (electric cars, forklift trucks, loaders,
carriers, and so on.). The second one is related to normal road EVs. The research focused
on PIDC autotuning using the slope error and the peak error as input signals applying the
MIMO-type FLC. The NI LabVIEW® toolkit was used in this study as a suitable tool for
simulation and an intuitive graphics-based user interface for analysis of vehicles and data
acquisition in PIDC, FLC, and fuzzy PIDC.

6. Neural Network Controllers
6.1. NN Control Systems

Several review papers gave a comprehensive introduction and opened up perspec-
tives of NN applications in the intelligent control of EMs and EVs [121,122]. The NNC
can outperform human experts used in FLC and may be realized more accurately and
quickly. The target for using the NNC is to capture the accuracy of experimental data
while saving computational time. Since NN-based computing can be carried out accurately
within short timeframes, different NN methodologies are applied in braking controllers of
vehicles [123,124].

A robust NNC published in [125] guaranteed stability against unknown uncertainties
when employing energy-efficient urgent braking on a variable-surface road by tracking
the reference wheel slip in different maneuvers. Another paper [126] contributed to the
development of an effective engineering solution aimed at improving the ABS control by
estimating the friction coefficient with the help of video data. An emerging deep learning
method was applied in [127] to evaluate six road pavements and driving combinations:
wet gravel, dry gravel, wet cobblestone, dry cobblestone, wet asphalt, and dry asphalt.
An experimental investigation of the designed convolutional NN was carried out here to
parametrize the vehicle tire model. In [128], a recurrent NN was proposed as a drive cycle
recognizer and NNC tuner. This network tracked the last 200 s of computed speed data
(average, maximum, and minimum speed and acceleration), using them as the characteristic
values for a driving cycle. The NN had six input neurons, 10 neurons with a sigmoid
function in the hidden layer, and a single-neuron output layer.

In [40], the NNC provided the torque gradient control with no tire–road models, at
which maximal energy was returned to the HES in braking. The proposed algorithm of
torque sharing defined how to allocate the driver’s request between the FB and EB to
enable regeneration in all braking scenarios, except when using a solo FB if the SOC and
voltage levels of the HES are saturated.

The authors of [129] presented an interesting example of an NN-fed BBS. The control
problem was formulated here as a search for optimal policy in the Markov decision-
making process, where the braking space was defined as a set of actions including no
braking, gradual braking, average braking, and urgent braking. The policy used to manage
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braking was implemented through computer simulation using deep reinforcement learning.
Another NNC proposed in [130] processed two kinds of braking operations, namely,
releasing the accelerator pedal and pressing the brake pedal. The radial basis function NN
was trained here through the optimal braking force, while the multi-correlation coefficient
method was used to analyze errors against a sample database. Some standard test cycles,
such as US06, UDDS, ECE, and LA92 were implicated for the system validation.

NNCs have been applied successfully to optimize energy recovery in EVs. For in-
stance, a convolutional NN was used in [131] to estimate energy or power consumption of
EVs. In [132], a regenerative EB scheme was offered aimed at transferring braking energy
to the HES devices. To this end, the multilayer feedforward NNC provided satisfactory
capability, comprising the EV speed and SOC of the HES in a number of braking situa-
tions. Furthermore, the authors of [133] used real data collected over 2 days of power
consumption, trip time, and SOC as training inputs to the NN. The NN output specified the
EV recommended operation mode as a function of time, whereas typical peak loads and
off-peak load times, human behavior, and seasonal and weather conditions contributed
to the model to generate a realistic pattern. One more example is the deep NN-based
approach of EV energy demand estimation proposed in [134]. It was based on the driving
cycle data properly preprocessed and transformed into 1D or 2D maps to serve as an NN
input. Several deep feedforward NN architectures were considered for this application
along with various input formats. In [135], the HES-based braking system implemented
automatic control of the EV, providing both driver comfort and energy efficiency. To apply
this approach, an accurate prediction of the vehicle driving state was produced. An original
EV deceleration model developed in this paper was based on the deep NN consisting of
a sequential recurrent NN with long short-term memory and a two-layer conventional
NN model.

Many NNCs were designed for use in driving scenarios other than braking ones.
However, these solutions represent a good perspective in terms of EV braking.

For example, the contributions of [136] were threefold. First, the authors developed
an imitation learning method for longitudinal management of vehicles. Second, the paper
demonstrated the interventions needed to retrain the NN and to improve its robustness to
mistakes. Third, two safety cages were presented that prevent forward collisions during
highway driving. The safety cages were applied to manage the outputs of the NN in critical
situations, when the NN output was not responding correctly to the danger. Testing under
normal and critical driving scenarios on two different NNs demonstrated the prospects of
the approach from the standpoint of braking.

In [137], an NNC replaced the PIDC for controlling the position of an EM shaft to
drive a vehicle-like plant. This double-input NNC provided supervised learning, during
which the dataset used to train the NN was run before simulation. Since the output of the
plant was fed back to the NNC input, it could be applied as the NNC backpropagation
model of the braking vehicle.

The solution designed in [138] could be employed in both the gradual and the urgent
braking modes. During the training, the authors used random sampling to make sure
that the numbers of urgent and gradual samples were equal in every batch. Since urgent
braking is a rare event, they faced an unbalanced dataset problem, in which the urgent
samples were collected five times more than the gradual ones. As a result, a balanced
testing dataset was constructed.

6.2. NN-Based PIDCs

One of the directions in NNC implementation into onboard HES focuses on determin-
ing the optimal coefficients of the classic PIDC and their influence on power distribution.

The aim of the adaptive self-tuning technique created in [139] was to adjust the
parameters of the PIDC with NN using a particle-swarm optimization algorithm. The
number of dimensions in swarm optimization was equal to the number of PIDC gains.
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The mean squared error function was chosen here as a criterion for estimating the system
performance quality.

The method offered in [140] combined the conventional PIDC with a single-layer
NN, which tuned online the P, I, and D gains of the PIDC. The controller used a desired
trajectory and an error as inputs for self-tuning and the NN output as its output. An
adaptive linear NN was applied here, in which the least mean squared error algorithm
adjusted the weights and biases of the NN targeting to minimize this error.

In [141], the PIDC was fed by an NN with three special types of neurons: P-neurons, I-
neurons, and D-neurons, which realized the three fundamental controlling actions. In [142],
an adaptive NN-based PIDC was offered for the MIMO nonlinear vehicle system. In [143],
the NNC provided twofold lower transition time compared to the classic PIDC, along with
a reduction in both the energy loss and the EV speed overshoot. The proposed control
method made it possible to automatically tune the PIDC, thus reducing the inrush currents
and torque surges, thereby prolonging the service life of vehicle mechanical components.
This PIDC could effectively implement gradual braking due to its capability to determine
optimal gains of the PIDC and their influence on the energy distribution in the onboard
HES of the EV. Adaptive control of EMs takes into account operating conditions, road
surface, and other factors. Two options were introduced for the controller implementation:
a conventional PIDC and an intelligent PIDC with an observer based on an NN.

Similarly, the NN technique given in [144] was applied to enhance the PIDC operation.
This energy management strategy was robust with respect to the load and mass uncertain-
ties. The nonlinear model of a mobile robot considered the robot’s position, speed, and
acceleration. Accordingly, the speed was presented on the NN input. The weight updating
law minimized the quadratic objective function, which was considered as the training
signal. Weight adaptation was obtained using the algorithm of the gradient propagation.
The feedforward NNC included a linear input layer, an output layer, and a hidden sigmoid
intermediate layer, which used a boundary magnitude function.

6.3. Hybrid NN Controllers

Several examples of fuzzy NN integrated into EVs to improve their energy efficiency
can be found in the literature.

In [145], the input constraints considered were the speed and the speed range. The
fuzzy NN designed consists of 10 hidden layers with one neuron each. The NN was
evaluated using 110 different cases.

An example of a hybrid intelligent controller, in which an FLC and NNC were merged
together, can be found in [146], where the FLC was fed by the NN. An NN-based FLC
presented in [147] solved the torque distribution problem for regenerative braking of a
hybrid bus. By linking the FLC and the backpropagation NNC, an algorithm for processing
the bus speed, wheel speed, and the brake pedal travel was implemented.

A successful combination of NNC, SMC, and PIDC was shown in [148]. To meet the
time-varying nonlinear dynamics characteristics, the NNC was designed on the basis of
an SMC and a single-neuron PIDC, providing deceleration in urgent braking conditions.
Co-simulation using CarSim® and Simulink® software was carried out in an intelligent
vehicle model. The sum of wind and rolling resistances was taken into account.

In [37], a neuro-fuzzy PIDC for ABS was developed, where the proportional, integral,
and derivate gains could be self-tuned online under the EV speed control. Three control
improvements were approached in this design, namely, reduced stopping time, limited slip
ratio, and enhanced vehicle energy efficiency. Considering the error derivation as inputs,
this system featured 27 free parameters that were actually the coefficients of the linear
combination of inputs to compose the rules. Furthermore, there were 12 parameters for
inputs, whereby each one was used for three modules. Therefore, the total number of free
parameters was 93.

The task of the MRC as an intelligent control module is to generate control signals
that minimize some fitness function, which is the difference between the output signals of
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a real plant and an ideal model [149]. The MRC involves the reference model and adaptive
mechanism, wherein the controller and the plant form an inner loop, and the reference
model and adaptive mechanism form an outer loop [150–153] absent in conventional
closed-loop negative feedback controllers [154]. The benefit of this topology is in ensuring
that the system output closely tracks the output of the reference model. As an example
of the MRC usage, in [143], the receding horizon NN control strategy [155] was chosen,
suitable to control gradual braking. According to this approach, the observer predicted the
reaction of the plant over a certain time interval in the future. The prediction of the current,
voltage, and motor speed was performed taking into account previous data, transients,
and the system robustness.

An MRC created in [40] is capable of meeting the conflicting requirements of urgent
and gradual braking scenarios for changing road surfaces. Two stages of the MRC design
were conducted in this study, namely, identification of the NN model of the EV and training
the NNC using the identified model. The aim of the NN EV model identification was to
obtain its parameters capable of representing the behavior of the unknown vehicle. In
the NN EV model, a feedforward topology was initiated, and, in the NNC, a recurrent
topology was used. In both NNs, a double-layer architecture was applied with delay lines
to hold the previous values of braking torque in such a way that the input signals entered
the input layers of the NNs in the next cycle.

7. Conclusions

Given that most challenges in the wide adoption of EVs are related to battery-based
energy sources, the focus of this review was on energy recovery in braking. As a basic
step to improve battery operation, encourage energy economy, and implement efficient
regenerative braking, it was found that most EV manufacturers promote two instruments,
namely, the HES, which combines high energy density and high power density, and the
BBS, in which the FB and EB perform together. In the scope of the literature analysis,
different aspects were studied, including the gradual and urgent braking scenarios, the
abilities of road surface estimation and torque allocation, and the simulation toolboxes
and model verification tools used by different authors. As a result, all controllers in this
research were divided into those that are able to save energy and those that do not have this
ability. The former ones were additionally divided into conventional (road-independent)
and intelligent (road-dependent).

In the first group, attractive energy recovery possibilities were detected under the
PIDC management of gradual braking. Some SMCs also demonstrated quite interesting
opportunities in this direction. However, the best results were shown by intelligent con-
trollers, such as FLC, NNC, MRC, and their numerous associations. All of them ensure
energy saving during gradual braking. In this context, it is especially important that the
most advanced of their representatives are capable of recovering braking energy during
urgent braking. At the same time, several findings in other areas of technology look very
promising for their possible use in vehicle braking controllers. This review opens up such
application fields and provides advice for their implementation in electromobility.
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Abbreviations

ABS antilock braking system
BBS blended braking system
BBW brake-by-wire
EB electrical (or regenerative) braking
EM electrical machine
EV electric vehicle
FB friction (or hydraulic) brake
FLC fuzzy logic controller
HES hybrid energy storage
HIL hardware-in-the-loop
MIMO multiple input, multiple output
MISO multiple input, single output
MRC model reference controller
NN neural network
NNC neural network controller
PIDC proportional–integral–differential controller
SISO single input, single output
SMC sliding-mode controller
SOC state of charge
TA torque allocator
TC threshold controller
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