Reinforcement Learning-Based Fuzzy Control for
E-Bike Power Adaptation

Jin-Shyan Lee and Zheng-Yan Lee

Department of Electrical Engineering, National Taipei University of Technology, Taiwan
*Corresponding author: jslee@mail.ntut.edu.tw

Abstract—While electric-assist bicycles (e-bikes) promote
sustainable and convenient mobility, current assist mechanisms
often ignore the balance between physical exertion and user
fatigue. Excessive assistance diminishes exercise benefits, while
insufficient power increases injury risk. This paper proposes a
fuzzy logic control system that integrates pedal force, riding
habits, environmental factors, and real-time physiological data.
Unlike traditional heart-rate-only controllers which suffer from
latency and instability, our model employs a reinforcement
learning (RL) algorithm to optimize assist delivery dynamically.
The system maintains the rider’s heart rate and speed within
optimal, safe ranges across diverse user profiles. Simulation and
field test results demonstrate that the proposed method
significantly improves riding comfort and physiological stability
compared to standard control models.

Index Terms—Electric assist bicycles (e-bikes), Fuzzy logic
control, Reinforcement learning, Physiological feedback

1. INTRODUCTION

Traditional electric-assist bicycles (e-bikes) often fail to
accommodate riders with physical limitations due to rigid
power-assist strategies [1]-[4]. Currently, commercial e-bikes
typically rely on either constant-assist or proportional-assist
approaches. Neither method accounts for the rider’s real-time
physiological state, leading to either excessive exertion or
insufficient exercise benefits. Rider fatigue is best indicated
by metabolic energy expenditure. While direct measurement
of Adenosine Triphosphate (ATP) or oxygen consumption is
impractical for daily commuting, heart rate (HR) serves as a
reliable, non-invasive proxy for physical exertion.
Consequently, HR-based regulation has become a focal point
for intelligent e-bike control.

Existing literature highlights several control challenges.
Methods using Sliding Mode Control (SMC) or Model
Predictive Control (MPC) often require pre-established,
subject-specific nonlinear heart rate models [5]. These lack
generalizability across diverse user profiles. Furthermore,
systems focusing on transmission ratios often reduce vehicle

speed to lower HR, which is impractical for urban commuting.

Early Fuzzy Logic and PID implementations have also shown
significant HR fluctuations and high deviation from target
ranges, with some experiments showing actual heart rates
deviating by over 30 bpm from the target [6]-[8].

To address these gaps, this paper proposes a Three-Tier
Fuzzy Logic Heart Rate Controller (FLHRC), further
optimized via a Q-Learning reinforcement learning algorithm
(Q-FLHRC). This model-free approach adapts to pedaling
habits and environmental conditions without requiring prior
physiological modeling. The main contributions of this work
include:
® Model-Free Universality: Combining Q-Learning with

Fuzzy Logic to eliminate the need for individualized HR

modeling, ensuring applicability to the general public.

® Multi-Input Integration: A robust controller that
synthesizes pedal force, riding habits, environmental
factors, and physiological states.

® RL Optimization: Utilizing Q-Learning to dynamically
optimize the fuzzy rule base, significantly enhancing
system robustness.

Experimental results from both simulations and real-world
trials demonstrate that the proposed system maintains HR
within target ranges while ensuring stable speed and safe
acceleration.

II. DYNAMICS AND MODELLING OF BIKE SYSTEMS

A. System Architecture

The proposed e-bike architecture, illustrated in Fig. 1,
integrates a centralized controller, a motor driver, a high-
torque rear hub motor, and a sensor array (IMU, torque, speed,
and electronic braking sensors). A 36V/10Ah LiFePO4
battery provides power, offering a higher energy-to-weight
ratio than traditional lead-acid batteries to extend the
operational range. At the system's core, the controller
executes the proposed regulation algorithms to maintain the
rider's heart rate within target zones. For stability and safety,
the system synthesizes real-time data from the IMU, torque,
and speed sensors to adapt to terrain and intensity, while
electronic braking signals ensure immediate power
termination during deceleration.
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Fig. 1. Developed electric-assist bike.

B. Dynamics and Modelling of Bike Systems

During operation, an electric-assist bicycle is subject to
external resistive forces, primarily aerodynamic drag,
gradient resistance, and rolling friction. The integration of
specialized hardware—including the controller, battery pack,
and hub motor—substantially increases the vehicle’s gross
weight compared to conventional bicycles. This added mass
exacerbates the gravitational force components acting



parallel and perpendicular to the road surface, thereby
intensifying slope resistance and rolling friction.
Consequently, the rider must exert higher torque to maintain
velocity, which can negatively impact pedaling efficiency
[2]-[3]. The comprehensive force distribution is
characterized in the free-body diagram shown in Fig. 2.

Fig. 2. . Resisting forces acting on a bike in the upward motion on a slope.

The riding resistance includes air resistance Fy;,., friction
resistanceFgc, and slope resistance Fy, as shown in (1) to (3).
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The power sources for an electric assist bicycle under ideal
conditions are mainly divided into two types: one is the
torque Tpeqar generated by human pedaling, which produces
an angular velocity wpeqa during the pedal stroke. This
angular velocity is transmitted to the rear sprocket via the
chain, driving the tire to move the bicycle forward. The
human output here is referred to as pedaling power Ppegal,
calculated as shown in (4); the other source is the torque
output by the hub motor under the controller's command,
acting on the rear wheel to generate an angular velocity. The
motor output here is referred to as motor power Pyotor»
calculated as shown in (5).

Ppedal = Wpedal X Tpedal 4
Piotal = Ppedal + Protor (5

Therefore, when the total power Py, of the power
sources exceeds the total power Ppqgs; Of the environmental
resistance, the bicycle can achieve an instantaneous speed
Vinstant moving forward. Additionally, this paper does not
consider friction or heat loss in the transmission system or
energy conversion losses. The calculation method for Ppegist
is shown in (6).

Presist = (Fg + Ffric + Fair) X Vinstant (6)

The power required for forward movement of the bicycle,
obtained by subtracting the total power of environmental
resistance Pegisr from the total power Py, of the power
sources, divided by Vipstant, yields the thrust force Fippyst
needed for riding, calculated as shown in (7).

Fthrust = (Ptotal - Presist)/Vinstant (7)

C. Cyclist Heart Rate Model

The cardiovascular response in humans varies dynamically
with exercise intensity. Precise regulation of intensity is
critical for both athletic performance optimization and
clinical rehabilitation, as tailored exertion levels facilitate
specific physiological adaptations. Consequently, HR has
emerged as a standard auxiliary metric for monitoring
physical load, leading to a surge in HR-targeted control
systems across various domains. For instance, recent studies
have demonstrated successful HR regulation by adjusting
treadmill velocity via automated controllers or by
establishing subject-specific heart rate response models to
guide running intensity.

To evaluate the proposed control strategy, this study
integrates the heart rate (HR) model from [7] for simulation.
This model simulates real-time physiological responses
across diverse environmental conditions. The resulting HR
error-the deviation between the measured and target HR-
serves as the primary input for the fuzzy controller, which
modulates motor assistance to maintain exertion within the
desired range. The cardiovascular dynamics are governed by
the first-order nonlinear state-space equations in (8)-(12).
Specifically, x; captures the instantaneous HR response to
pedaling intensity, while x, represents the progressive
cardiovascular drift during prolonged exercise. Driven by the
rider’s instantaneous pedaling power (normalized relative to
maximum aerobic power), the model outputs a normalized
HR response, which is then converted to the absolute heart
rate via the transformation in (11).
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III. THE PROPOSED POWER-ASSISTED CONTROL SYSTEM

A. Fuzzy Logic Heart Rate Controller (FLHRC)

The architecture of the proposed Fuzzy Logic Heart Rate
Controller (FLHRC) is illustrated in Fig. 3. The control
process begins with user initialization via a mobile
application, where demographic data—including gender,
height, weight, and age—are inputted. The system utilizes
these parameters to calculate the user's theoretical maximum
heart rate, subsequently deriving an optimal target exercise
heart rate range. Alternatively, riders may manually define a
custom target heart rate based on specific training
requirements. Once the target heart rate is established and
transmitted to the control panel, the real-time operational
phase commences. The controller continuously monitors a
comprehensive set of inputs: braking status, battery state-of-



charge, pedaling power, road slope, velocity error, and heart
rate error. These variables are processed through the three-
tier fuzzy logic controller to determine the optimal motor
assistance level. This hierarchical approach aims to regulate
the rider's heart rate within the target zone while
simultaneously optimizing for riding comfort and operational
safety. Furthermore, the application provides real-time
feedback on recommended pedaling power, assisting the rider
in maintaining their physiological targets through a human-
in-the-loop interface.
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Fig. 3. Overall control system architecture of FLHRC.

B. O-FLHRC: Integration of Q-Learning and Fuzzy Logic

This section details the integration of the FLHRC with a
Q-Learning algorithm, forming the proposed Q-FLHRC
framework illustrated in Fig. 4. In this architecture, the inputs
to the FLHRC function as the state space within the
environment. As the system operates, the RL agent observes
the resulting state transitions and evaluates the performance
through a predefined reward function. The agent then updates
the Q-table—a state-action value mapping—based on these
transitions, rewards, and the controller's outputs. Through an
iterative optimization process guided by the chosen policy
(e.g., e-greedy), the agent refines the rule-base of the Tier-
Three Fuzzy Logic controller. This continuous learning loop
allows the system to converge toward an optimized rule-set,
ensuring the assist power remains robust under varying riding
conditions.

i
Q-FLHRC

T i |
Fuzzy Logic

- 1
i !
« !
Controller |} Q-table !
I
! i
! 1
| 1
1 1
1 ) f :
Action ]
}4—{ Rule-base 4-—{ Agent ‘:
1
1
1
1
1
v i
1
1
1
1
1
1
1
1
1
1
1

Fuzzification

v

Inference
Engine

Outputs

i AAA
1
1
i
H
1
Defuzzification {
3
]

Observe State

v
Observe State ]

Fig. 4. Q-FLHRC schematic diagram.
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The system parameters of Q-FLHRC are designed as
follows:
® State Space and Actions

Because the traditional Q-learning algorithm operates over
a finite, discrete state space, the continuous input variables
must be discretized to facilitate the learning process. In this
study, the Q-learning agent is integrated into the third-tier
fuzzy control layer—which specifically governs heart rate
regulation—to optimize the underlying rule base.
Consequently, the inputs for the third-tier rules are mapped
into a multi-dimensional state space. The state variable is
defined by a triplet of discretized variables: heart rate error,
estimated motor power, and road slope. Experimental results
indicated that the inclusion of the slope variable significantly
enhances the system’s predictive performance and adaptive
stability across varying terrains.
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Fig. 5. The heart rate error membership function.

Fig. 5 illustrates the membership functions employed for
discretizing the heart rate error. The state space is defined by
297 discrete states, spanning from -148 to 148 bpm. In this
configuration, each 1 bpm interval is mapped to one specific
state. Similarly, the membership functions for the motor
power budget are established as shown in Fig. 6, comprising
251 states. For the slope membership functions shown in Fig.
7, the interval from -3% to 3% is divided into 7 states. Based
on this composition, the total Q-learning state space is
521,829 states. The action a;; represents the output linguistic
variables from the third-tier fuzzy logic rule base.
Consequently, the state space and action sets used in this
study are defined in (13) and (14), respectively.
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Fig. 6. The motor power budget membership function.
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Fig. 7. The slope membership function.

S={s;]i=1,..,521,829}

A = {a;li = 1,..,521,829;
=1,..,6}

(13)

(14)

® Action policy

The choice of strategy in the Q-Learning algorithm will
greatly affect the performance of the final system. Therefore,
we adopt the e-greedy strategy, as shown in equation (15).

(15)

arg max Q(s;, a;;), with probability 1 — &
= a;j

random(A(s;)), otherwise

The parameter € affects the probability of selecting the
action with the highest Q-value. A larger ¢ results in a lower
probability of selecting the action with the maximum Q-
value. Therefore, during the initial stages, agents typically set
€ to a larger value to facilitate exploration and accumulation
of Q-table values by making it easier to select other available
actions in the same state. As the number of iterations
increases, the agent gradually decreases ¢, eventually setting
it to 0, allowing the system to consistently choose the action
with the highest Q-value in future iterations.
® Rewards

After the first two points and setting up the environment,
the agent will select an action based on the current state s,
according to its behavioral policy. After executing the action
and interacting with the environment, it transitions to the next
state sy, . At this point, the agent receives an immediate
reward r from the reward mechanism to evaluate the
effectiveness of the action. This paper defines two types of
rewards: range reward and trend reward. The range reward is
based on whether the next state falls within the target range,
while the trend reward is based on whether the next state is
progressively closer to the target range.

IV. EXPERIMENTAL EVALUATION

To prevent excessive fatigue or insufficient exercise
intensity, this paper evaluates the controller's ability to
maintain the rider's heart rate within the target zone. Based on
the intensity and safety intervals defined in [7,9], we
introduce Heart Rate Regulation Efficiency (HRRE) as a
performance indicator. This metric assesses whether the heart
rate remains within the target zone with a maximum error of
+10 bpm.

A. Simulation Results

Considering that the main application is urban riding, the
heart rate reference values in the simulation phase of this
paper are set to a low-intensity range and fixed at 110 bpm.

This reference value is relatively easy to maintain while
riding and can achieve a training effect. We apply normal
pedaling force scenarios in our simulation.

The gradient of the slope significantly affects the force
exerted by the rider, which can lead to instability in the rider's
heart rate. The simulation scenarios are set to typical road
gradients in urban areas, with the gradient range set from 0%
to 3%. Through these simulation scenarios, the paper verifies
whether the proposed method can maintain stable heart rates
across different gradient changes. The gradient is defined as
the elevation gain per 100 meters of horizontal travel; for
example, a 3% gradient means an elevation gain of 3 meters
for every 100 meters traveled. The simulation scenario is
defined as shown in Fig. 8.
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Fig. 8. Simulation scenario gradient settings.

® Fixed heart rate reference value

In this case, the Q-FLHRC method proposed in this paper
is used, and the experimental results are shown in Fig. 9. The
fixed heart rate reference value is set to 105.66 bpm. This
value is used for low-intensity exercise heart rate simulation
scenarios. The results show good performance on low-
gradient sections. Although there are fluctuations in heart rate
on high-gradient sections, it remains effectively controlled
within the low-intensity exercise heart rate range, as indicated
by the black dashed line. In the evaluation indicators, the
HRRE value proposed in this paper is 99.27%, and the
average heart rate is 106.35 bpm, which preliminarily verifies
the Q-FLHRC method proposed in this paper.
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Fig. 9. Simulation results of the fixed heart rate reference value for Q-
FLHRC
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Fig. 10. Simulation results of the changing heart rate reference value for Q-
FLHRC

® Changing heart rate reference value

To effectively verify the performance of the heart rate
controller, reference [6] used a slow-changing heart rate
reference value and set the simulation scenario on flat terrain
to evaluate the controller's performance. To test whether the
Q-FLHRC method proposed in this paper can also achieve
good tracking performance with continuously varying heart
rate reference values, simulation experiments were included.
The simulation results are shown in Fig. 10.
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Fig. 11. Simulation results of the low-intensity exercise heart rate reference
value for Q-FLHRC

The heart rate reference value is set to vary between 100
bpm and 110 bpm with fixed intervals, and the simulation
scenario is on flat terrain. The results show that even with
varying heart rate reference values, the controller can still
effectively maintain the heart rate within a =10 bpm range. In
the evaluation indicators, the HRRE value proposed in this
paper is 98.8%, and the root mean square error of heart rate
is 2.38 bpm, which preliminarily verifies the Q-FLHRC
method proposed in this paper, demonstrating its
performance even with changing heart rate reference values.

® Low-intensity exercise heart rate zone

This section focuses on simulating and comparing the low-
intensity exercise heart rate zone. The comparison methods
include the two-tier adaptive fuzzy-logic control (2TAFLC)
[10], FLHRC, and Q-FLHRC. The low-intensity exercise
heart rate zone ranges from 93.5 bpm to 117.8 bpm, with the
heart rate reference value set at the average of this range,
105.66 bpm. The speed reference value is set to the average
of the comfort zone, 18 km/h, which ranges from 16 km/h to
20 km/h.

In the case of general pedaling force, with pedaling force
set between 42 and 98 W, the simulation results are shown in
Fig. 11. It can be observed that although the 2TAFLC method
generally maintains the speed within the comfort zone, the

heart rate is consistently lower throughout the entire route.
This is due to the higher motor output power of 2TAFLC,
making the ride easier for the rider. The FLHRC and Q-
FLHRC methods proposed in this paper are able to maintain
both speed within the comfort zone and heart rate within the
low-intensity exercise heart rate zone. While FLHRC
performs well in both speed and heart rate, noticeable
fluctuations occur on high-gradient sections, and the heart

rate on low-gradient sections is lower than the reference value.

TABLEI

THE LOW-INTENSITY EXERCISE HEART RATE ZONE UNDER GENERAL
PEDALING FORCE SCENARIOS

Parameters HR

Average HRRE H,R HR Standard Average Comfortability
HR Maximum  RMSE . Velocity
(%) Deviation (%)
Methods (bpm) (bpm)  (bpm) (knvh)

Safety
(%)

2TAFLC 95.70 20.64 110.98 15.21 5.20 18.62 99.64

99.91

Proposed-
FLHRC 106.98 98.46 112,91 448 331 18.12 99.78

99.92

Proposed-

QARG 110.18

98.55 114.89 3.00 3.00 18.56 99.64

99.91

Based on Table I, it can be seen that although the Q-
FLHRC does not perform the best in terms of vehicle average
speed, comfort, and safety, it does achieve good results in
heart rate-related indicators. In this study, it is observed that
the FLHRC shows the best performance in vehicle average
speed, comfort, and safety. However, in heart rate-related
evaluation indicators, the overall average heart rate is
relatively low, leading to a reduced maximum heart rate. The
2TAFLC demonstrates good performance in speed, comfort,
and safety based on various indicators, but there is a
significant gap in heart rate-related evaluation indicators
compared to FLHRC and Q-FLHRC.

From the above observations, Q-FLHRC still shows the
best performance. In the average heart rate, the error for Q-
FLHR is only 0.16%, FLHRC is 2.8%, and 2TAFLC is 5.7%.
In this scenario, it can be seen that Q-FLHRC performs better
in heart rate-related evaluation indicators. Regarding the
maximum heart rate, Q-FLHRC has the highest value,
followed by FLHRC. The reason is that the 2TAFLC
provides more motor assistance compared to FLHRC and Q-
FLHRC, resulting in a lower heart rate during the process and
consequently a lower maximum heart rate.

B. Real-World Experiments

This section describes the field trial environment. A 850-
meter course within a Forest Park, featuring typical urban
gradients (up to 3%) and minimal traffic interference, was
selected to evaluate the controllers' performance. While long-
distance endurance was tested via simulation, these field trials
focused on real-world feasibility.

As illustrated in Fig. 12, the baseline 2TAFLC method
operates on an open-loop basis relative to the rider's
physiology, focusing exclusively on physical variables. This
lack of feedback results in significant heart rate (HR)
fluctuations and an inability to maintain the target training
intensity, which may lead to excessive fatigue or insufficient
exercise efficacy. In contrast, FLHRC and Q-FLHRC exhibit
superior physiological synchronization. By detecting early
HR elevations and dynamically modulating motor assistance,
both proposed controllers effectively stabilize the rider within
the prescribed exercise zone. The metrics summarized in



Table II confirm that incorporating physiological feedback
optimizes the assistance logic, significantly enhancing both
safety and riding comfort.
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Fig. 12. . The real-world experiments.

QUANTITATIVE ANALYSIS OF THE VALIDATION RESULTS

Parameters HR

Average ppRE HR HR  Standard AV Comfortability ~Safety
R o Maximum  RMSE . Velocity o o
bpm) (%) (bpm) (bpm) Deviation (km/h) (%) (%)
Methods (bpm) P P (bpm)

2TAFLC 99.96 51.05 109 11.22 5.04 17.12 83.41 7176
Proposed-

FLIRC 114.78 82.24 123 8.44 6.96 18.87 97.76 87.76
Proposed-
QFLHRG 113.70 100 120 522 3.67 18.03 89.65 90.82

V. CONCLUSIONS

This study developed the FLHRC and self-optimizing Q-
FLHRC systems to address the limitations of conventional e-
bike control. By synthesizing fuzzy logic with Q-learning, the
proposed controller adaptively modulates assistance across
diverse terrains and individual rider profiles. Experimental
results demonstrate that Q-FLHRC significantly outperforms
existing benchmarks, minimizing average heart rate error in
both simulations and real-world trials while ensuring optimal
safety and comfort. Ultimately, this research validates that the
synergy of reinforcement learning and fuzzy logic provides a
robust, feasible, and high-performance framework for
personalized e-bike adaptation, effectively bridging the gap
between mechanized assistance and human physiological
health.
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