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Abstract

The optimization of clutch engagement strategies is of great significance for improving ve-
hicle power performance, fuel economy, and driving comfort. Traditional control strategies
are difficult to adapt to complex working conditions and lack coordinated optimization
of fuel and clutch. This paper proposes a multi-objective optimization method for clutch
engagement strategies based on the Deep Deterministic Policy Gradient (DDPG) algo-
rithm. A simulation environment is constructed, which includes a vehicle longitudinal
dynamics model, clutch state switching logic, and a reinforcement learning agent. A multi-
dimensional state space and action space are designed, and a composite reward function
combining power performance, fuel economy, and comfort is developed to achieve multi-
objective optimization of the fuel-clutch coordination curve. Experimental results show
that the optimized engagement strategy significantly reduces sliding friction power (by
94.07%), power interruption speed (by 8.75%), and jerk (with a maximum reduction of
35.6%), while the average fuel consumption per distance is reduced by 0.39%. Through
weight sensitivity analysis, it is found that when the weight of fuel economy is 0.3 and the
weight of power performance is 0.5 (Scheme P5E3), the optimal balance among multiple ob-
jectives can be achieved. This study provides a new theoretical framework and engineering
practice reference for the intelligent control of clutches.

Keywords: clutch optimization; deep reinforcement learning; DDPG algorithm; fuel-clutch
coordination; multi-objective optimization

1. Introduction

Dry clutches, characterized by their simple structure, low cost, and convenient mainte-
nance, have emerged as the ideal solution for manual transmissions [1]. Drivers achieve
smooth gear-shifting operations by engaging and disengaging the clutch plates from the
flywheel through manipulation of the clutch pedal. In these systems, precise control strate-
gies are particularly crucial [2,3]. Common control methods include closed-loop control
based on position feedback and adaptive control based on fuzzy logic [4-7]. The core
objective of these methods is to optimize the engagement and disengagement processes of
the clutch, but these strategies alone cannot ensure smooth power transmission and driving
comfort. Therefore, this paper proposes a clutch and throttle coordinated control method
based on deep reinforcement learning, which fully considers the coordination between the
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clutch and the accelerator pedal in actual driving, providing new insights for solving the
collaborative optimization problem between the clutch and the engine.

Research has indicated that dry clutches are prone to significant temperature increases
in the friction discs during repeated engagement. This is especially true in applications
such as Automated Manual Transmissions (AMT) and Dual Clutch Transmissions (DCT),
where the non-linear and time-varying characteristics of friction make gear-shifting quality
control difficult [8,9].

Therefore, thermal effects have become an important research topic in clutch control.
Skugor et al. [10] proposed an open-loop torque control strategy for an E-type clutch, which
introduced a thermal expansion compensation mechanism. Experiments conducted on
a custom test bench showed a significant correlation between the displacement changes
in the clutch slave cylinder (CSC) due to thermal expansion and the attenuation of the
transmitted torque, highlighting the importance of thermal management in clutch control.
Mario et al. [11] developed a lumped parameter thermal model for real-time prediction of
the temperature of the clutch plates and buffer springs, and proposed a control strategy
combining Model Predictive Control (MPC) with thermal compensation. Simulation results
demonstrated that this strategy effectively improved vehicle launch quality under different
initial temperatures and gradient road conditions.

Accurate real-time estimation of clutch torque transmission is crucial for high-precision
control [12], especially for the coordinated control of the engine and dual clutches. Current
mainstream methods typically rely on experimentally calibrated torque-displacement
characteristics, converting the torque tracking problem into a position control issue for the
release bearing [13]. However, due to the strong non-linear and time-varying characteristics
of dry clutches, a fixed torque-displacement relationship struggles to accurately describe
system dynamics [14].

Based on the dynamics model of a dual-intermediate-shaft DCT, Zhiguo Z et al. [15]
developed an improved engine constant-speed control strategy based on the dynamics
model of a dual-intermediate-shaft dual-clutch transmission (DCT). The strategy employs
a dual-forgetting-factor recursive least squares (DFF-RLS) method to estimate the vehicle’s
resistance torque, uses a high-order sliding mode observer to reconstruct the angular
acceleration signal, and estimates the clutch torque transmission via an unknown input
observer. The optimal launch control is achieved by incorporating the minimum principle.

Focusing on an electric vehicle’s three-speed mechanical automatic transmission,
Peng W et al. [16] designed a torque loop based on adaptive control and a position loop
based on Active Disturbance Rejection Control (ADRC), forming a cascaded dual-loop
control architecture. Simulation results indicated that this structure effectively coped with
non-linearity and disturbances, enhancing torque tracking performance.

To further improve clutch engagement quality, many scholars have conducted multi-
objective optimization research. Vu T M et al. [17] designed a fuzzy logic controller that
achieved efficient control of the engagement process, ensuring transmission efficiency while
suppressing vibration and noise. Park ] et al. [18] proposed a sliding friction speed opti-
mization strategy aimed at minimizing the weighted sum of friction energy loss and jerk,
significantly improving vehicle launch comfort. Chu et al. [19] proposed a variable slope
clamping force loading strategy by analyzing the engagement dynamics of clutches under
high-speed conditions. Combined with Support Vector Machine Regression (SVR) and
Particle Swarm Optimization (PSO), this strategy optimized loading parameters through
multi-objective optimization, effectively reducing engagement time and impact torque,
and demonstrated better robustness under various working conditions.

The aforementioned research has primarily focused on the control of the clutch itself,
without adequately considering the coordinated operation mechanism between the clutch



Vehicles 2025, 7, 147

30f21

n_rpm

NEDC.mat

;
x‘ﬁ

Grade

and the accelerator pedal in actual driving [20]. Experienced drivers typically maintain
continuous power transmission and improve engagement efficiency through the coordina-
tion of the accelerator and clutch [21,22]. Therefore, existing control strategies still have
shortcomings in terms of humanization and overall performance.

With the focus on the coordinated design of clutch engagement strategies and accelera-
tor pedal control, this study introduces throttle closure control to simulate the manipulation
behavior of skilled drivers. Based on this approach, we propose a clutch and throttle
coordinated control method using the Deep Deterministic Policy Gradient (DDPG) algo-
rithm. The main innovations of this method are embodied in the following points: the first
application of the DDPG algorithm to the coordinated optimization of the clutch engage-
ment process and throttle control by optimizing the high-dimensional continuous control
parameters for clutch—throttle coordination, effectively solving the problem of traditional
control strategies’ insufficient adaptability under complex working conditions; the design
of a composite reward function that comprehensively considers power performance, fuel
economy, and comfort, achieving multi-objective optimization of the fuel-clutch coordina-
tion curve; and through systematic weight sensitivity analysis, determining the optimal
balance point among different performance indicators, providing a theoretical basis and
design guidance for engineering practice.

2. Modeling of Vehicle Powertrain System

To simulate the impact of different clutch control strategies on vehicles during gear
shifting, this paper develops a vehicle forward simulation model as shown in Figure 1.
The model mainly consists of seven key component models: vehicle longitudinal dynamics
model, driveline model, transmission model, clutch model, engine model, Electronic
Control Module (ECM), and driver model.
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Figure 1. Vehicle Simulation Model.

The driver model uses a PID controller to generate drive and brake signals based on the
deviation between the target speed and the actual speed. A clarification on the source of the
throttle command is necessary. During normal vehicle operation (non-shifting conditions),
the throttle command is generated by the driver model’s PID controller to maintain the



Vehicles 2025, 7, 147

40f21

target speed. However, during a gearshift event, initiated by a clutch disengagement
signal, the throttle control is superseded by a pre-computed, optimized closure curve.
The parameters for this curve are output by the DDPG agent, and the instantaneous
throttle opening during the shift is determined by referencing this curve based on the
elapsed time since the shift began. This creates a clear operational hierarchy where the PID
controller handles steady-state tracking, and the DDPG-optimized trajectory handles the
transient shift phase. These signals are then input into the ECM and the driving strategy.
The ECM calculates the required fuel injection amount based on the drive and brake signals
and outputs it to the engine module. A lookup function calculates the engine’s output
torque at this point. The torque is then controlled by the clutch to connect or disconnect
the powertrain. After passing through the transmission, which changes the gear ratio,
the torque is transmitted to the vehicle longitudinal dynamics model, causing the vehicle to
accelerate until its speed matches the driver’s required speed, thus simulating the vehicle’s
driving state.

To better simulate the working process of the clutch, this study designs the clutch state
switching logic as shown in Figure 2 and constructs the corresponding actuator model in
Simulink as shown in Figure 3. The model takes the engine output torque (7.), engine speed
(we), and clutch separation displacement (aqc) as inputs. It sequentially calculates the
maximum static friction torque, the speed difference between the primary and secondary
discs, and the system inertia moment, which are then input into the state switching unit.
This unit, based on a finite state machine, judges and switches the working state of the
clutch and outputs the torque transmitted by the clutch (T¢) in real time.
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Figure 2. Clutch Actuator Working Process Diagram.

To accurately describe the transition process of the clutch state and establish a reason-
able torque transmission mechanism, this paper encodes the clutch states: when the clutch
is in the slipping or disengaged state, the state flag is set to 1; when it is in the locked state,
the state flag is set to 0. In the early stage of clutch engagement, there is a speed difference
between the primary and secondary discs, and the clutch is in the slipping or disengaged
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state (state 1). The torque transmitted at this time is the kinetic friction torque, which can
be expressed by Equation (1):
Tout = Thric X Cdlutch 1)

where Tp;. represents the kinetic friction force of the friction plates, and Cgjyin represents
the clutch opening.

As the clamping force of the clutch gradually increases, the torque transmitted by the
clutch also increases, and the rotational speeds of the primary and secondary friction plates
gradually synchronize. When the speed difference between the primary and secondary
friction plates is zero, the clutch will switch to the locked state, at which point there will be
no relative sliding between the primary and secondary friction plates, and the transmitted
torque will be the static friction torque.

The direction of the static friction force is determined by the relative magnitudes of
the rotational speeds of the primary and secondary friction plates, while its magnitude can
be calculated using Equations (2) and (3).

|T0ut| = min Slgl‘l(Tp B Tinertia)Tfric (2)
TP - Tinertia
Tinertia = (] et ] up)“clutch 3)

where (T)) represents the engine torque, (Tinertia) represents the inertial torque of the engine,
(Je) represents the engine moment of inertia, (Jup) represents the moment of inertia of the
clutch driving plate, and (a.juich) represents the angular acceleration of the clutch.
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Figure 3. ClutchState Transition Diagram.

When the engine torque exceeds the clutch friction torque, the clutch will experience
overload slipping, and the state of the clutch will switch from the locked state to the
slipping state. Based on the above analysis, the clutch state transition diagram is designed
in Simulink as shown in Figure 3.

3. Deployment and Optimization of Reinforcement Learning Algorithms

To enhance the performance of the fuel-clutch coordination strategy, accurately sim-
ulate the driver’s operating habits, optimize the vehicle’s power transmission efficiency,
and improve vehicle performance and driving safety, this paper employs a variable slope
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loading curve to simulate the driver’s control process of the clutch and accelerator pedal
during gear shifting. The vehicle simulation model is used as the training environment to
deploy reinforcement learning algorithms to create an agent. The parameters of the variable
slope loading curve are set as the action space of the agent, and the simulation results of
the vehicle model are used as the state space of the agent. By setting up a reward and
punishment mechanism with the goals of reducing torque shock, lowering speed shock,
controlling speed fluctuation, and minimizing sliding friction power, the reinforcement
learning agent is guided to adjust the key parameters of the clutch and throttle opening
during the interactive training process with the training environment. This optimizes the
fuel—clutch coordination strategy, improving gear-shifting efficiency while ensuring the
smoothness of the gear-shifting process and enhancing the overall driving experience.

3.1. Principle of the DDPG Algorithm

In the field of reinforcement learning, traditional methods such as Q-Learning and
DOQON have achieved significant success in handling problems with discrete action spaces.
However, these methods encounter difficulties when dealing with continuous action space
problems. Continuous action spaces require iterative optimization at each step to find the
optimal action, which is often impractical in real-world applications. To address this issue,
the Deepmind team proposed the Deep Deterministic Policy Gradient (DDPG) algorithm
in 2016. As summarized in Algorithm 1, this algorithm is based on the Deterministic Policy
Gradient (DPG) algorithm and incorporates deep learning techniques, using deep neural
networks as function approximators [23]. The DDPG algorithm improves the Actor-Critic
framework and successfully applies it to continuous action spaces while ensuring the
stability and efficiency of the algorithm. DDPG draws on the successful experience of
DQN, employing experience replay and target network techniques to stabilize the learning
process. Additionally, DDPG introduces batch normalization to enhance training stability
and uses time-correlated noise generated by the Ornstein-Uhlenbeck process as an effective
exploration strategy to promote the algorithm’s exploration capabilities in real-world
physical environments.

Algorithm 1 Deep Deterministic Policy Gradient (DDPG) Algorithm

1: Initialize Critic Network Q(s, 4;600) and Actor Network y(s;6),)

2: Initialize Target Network Q'(s,a;6¢/) and p'(s; 6,/)

3: Initialize Experience replay buffer R

4: for episode = 1 to M {Each Episode} do

5. Initialize random process noise for action exploration

6: fort=1to T {Each Time Step} do

7: Select action according to the current policy and exploration noise:
8 ay = pi(st;0)) + noise

9 Execute action a;, observe reward r; and new state s;1

10: Store the transition (s¢, at,7¢,811) to R

11: Randomly sample a batch of N transitions (s;, a;,7;,5;11)
12: Compute the target value:

13: yi =1 +vQ (siy1, 1 (8i41,0,0);0g)

14: Update critic network by minimizing the loss:

15: L= % Y(yi— Qsi,a:;00))?

16: Update target networks:

17: GQ/ < TGQ + (1 — T)GQ/,

18: 61’/ — Tel" +(1- T)HP‘/

19: end for
20: end for




Vehicles 2025, 7, 147

7 of 21

The optimization of fuel—clutch coordination is a complex task involving numerous
variables, requiring a comprehensive consideration of driving conditions, engine perfor-
mance, driver habits, fuel efficiency, the balance between power and economy, as well as the
control system and algorithms [24]. Given the complex interplay of these factors, the DDPG
algorithm provides a viable solution suitable for this multi-dimensional optimization prob-
lem. The DDPG algorithm was selected for this optimization task due to its capability to
handle problems with continuous, high-dimensional action spaces, which aligns with the
nature of optimizing the 12 key parameters defining the clutch-throttle coordination curve .
While it is recognized that the exploration noise (Ornstein-Uhlenbeck process) can be undi-
rected and that the critic may suffer from overestimation bias, several factors contributed to
its effective application here. The physically meaningful constraints imposed on the action
space inherently restricted invalid explorations. Furthermore, the use of target networks
and soft updates helped stabilize training and mitigate potential value overestimation.
Therefore, this paper constructs a throttle-clutch engagement curve optimization model
based on the DDPG algorithm, with the system architecture shown in Figure 4.
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Figure 4. DDPG Throttle-Clutch Coordination Strategy Optimization Framework.

To simulate the control process of the clutch and accelerator pedal by skilled drivers
during gear shifting, this paper employs a variable slope loading curve to mimic the
driver’s actions, as shown in Figure 5. A key consideration for the practical implementation
of the optimized clutch-throttle curves is their interaction with the driver. The curves are
not designed for direct, precise replication by a human driver. Rather, they represent an
optimal mapping that can be embedded within the vehicle’s transmission control unit
(TCU). In this scenario, the driver’s pedal inputs (clutch travel, accelerator position) serve
as commands that are then translated by the TCU, using a lookup table derived from the
optimized curves, into the precise actuator controls. This allows drivers to achieve near-
optimal shift quality through simple, smooth pedal operations, as the system automatically
executes the complex coordination strategy. Thus, the proposed method aims to emulate
skilled driver behavior through automated control, simplifying the driver’s task while
enhancing overall vehicle performance. The clutch engagement curve and throttle closure
curve are composed of three segments with different slopes. The key points on the clutch
curve are determined as (¢1,0), (f2,41), (£3,42), (t4,1). The key points on the throttle curve are

(t510)1 (t6rﬁ1)/ (t71.32)r (t8/1)'
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Figure 5. Clutch and Throttle Closure Curves.

In the optimization task of the clutch-throttle coordination curve, the agent is respon-
sible for optimizing the key parameters of the curve. The agent selects actions from the
action space and interacts with the vehicle model environment; the interaction experience
data obtained from this process is then stored in the experience replay buffer R. As shown
in Equation (4), to strike a balance between the exploitation of existing strategies and the
exploration of new actions, the agent adopts a noisy action strategy.

The definition of the action space is given by Equation (5). Under the premise of
satisfying the aforementioned constraints, the agent outputs continuous actions — selecting
four values within the interval [0, 1] to represent the opening degrees of the clutch and the
accelerator pedal; and selecting eight values within the interval [0, 2] as the time parameters
of the key points. Its specific expression is as follows:

{“1/ 2, ﬁl/ ,32/ tl/ t2/ t3/ t4/ t5/ t6/ t7/ t8}
act = § wy, 25,1, B2 € [0,1] @
t to, t3, ta, t5, te, t7, ts € [0,2]

ar = u(se | O%) + N ®)

At the start of each training round, a small batch of transition samples is randomly
sampled from the experience replay buffer R, denoted as:

{(si,a;,ri,si:1)} €R (6)

Subsequently, the critic network is updated using the Temporal Difference (TD) mech-
anism. First, the target Q-values y; for each sample are calculated via the target network:

yi=ri+7Q <5i+1,#/ (Si+l | 9”,) | 9Q/> @)
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The loss function of the critic network is given by Equation (8), which is used to
measure the mean squared error between the current Q-estimates Q(si, a; | GQ) and the
target Q-values y;:

1 2
L(GQ) = ﬁZ(yi_Q(Si/ai | 9Q)> (8)
i

By minimizing this loss through gradient descent, the parameters of the critic network
09 are updated, making the action value evaluation under policy u more accurate. The actor
network is updated based on policy gradients, and its gradient expression is shown in
Equation (9):

1
Vo] ~ N Zan<51a | GQ) |s:si,a:y(sl-) Vf)"]’l(s | glzl)Si )
i

Fine-tuning the parameters of the actor network along the gradient direction of the
Q-values with respect to actions enables the output actions to achieve higher Q-value scores.
Subsequently, the parameters of the target network are slowly aligned using a soft update
mechanism, and the update rule is shown in Equations (10) and (11):

09 + 762 + (1 — 7)o (10)

0" — O + (1 — 7)o" (11)

Among them, the soft update coefficient 7 is fixed at 0.001, enabling the target network
to gradually follow the online network in the form of an exponential moving average. This
effectively suppresses fluctuations in Q-value estimation and significantly improves the
stability of the training process.

In each training cycle, the agent outputs a set of parameters as an action and injects
them into the vehicle model for simulation execution. The monitor module collects vehicle
operating state data in real time and immediately feeds it into the reward function to
evaluate the quality of the current action.

3.2. Constructing a Hybrid Reinforcement Learning Model

A skilled driver should complete the clutch operation within 2 s, so the constraints
(t4 = 2) and (g = 2) are set. Based on the key points, the variable slope engagement
equations for the clutch and throttle pedals can be expressed as:

X

tz—h(t_tl) b<t<t

ae = ii:le(tftzHal th <t<ts (12)
12:7‘:32(’5—7?3)+az b <t
téﬁ_l%(tf%) ts <t <t

ay = éi:f;(t—téwrﬁl to <t <ty (13)
lzif;(t—w)ﬂ%z t; <t

To constrain the basic shape of the closure curves and ensure that the clutch operates
within the allowable range, the following constraints are established:

O<m<ar<l1 O<ﬁ1<ﬁ2<1 (14)
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To ensure the coordination between the throttle and clutch, the following constraints
are established:
H<thh<ty3<ty t5g<tg<ty<tg (15)

Meanwhile, considering human reaction time and the response speed of vehicle
equipment, the slopes of the closure curves should be within a reasonable range, so the
following constraints are established:

15} Ny — Kq 1- [L%)
ki

< , , <k 16
ll’lftz_t_1 t3—t2 t4_t3f max ( )

o < 2, BB TSR g, a7
During gear shifting, the difference in rotational speed between the primary and
secondary discs of the clutch can be significant depending on the selected gear. When per-
forming an upshift, the engine speed exceeds the speed of the clutch secondary disc, and the
driver should first operate the clutch pedal and then the accelerator pedal. Conversely,
during a downshift, the engine speed is lower than the speed of the clutch secondary
disc, and the driver should first operate the accelerator pedal and then the clutch pedal.
Therefore, a set of additional constraints as shown in Equation (18) is defined to ensure
that the driver’s operation sequence correctly matches the speed relationship between
the engine and the clutch during gear shifting. This reduces vehicle damage or perfor-
mance degradation caused by improper operation, ensuring smooth gear shifting and
vehicle performance.

ts >t Agear >0 (18)
5 >t Agear <0

In the optimization of the fuel-clutch coordination curve, the agent is mainly respon-
sible for optimizing the key parameters of the fuel-clutch coordination curve. Under the
above constraints, the agent takes continuous actions, selecting four values within the
continuous space of 0 to 1 as the corresponding clutch and throttle pedal openings for each
state; and selecting eight values within the continuous space of 0 to 2 as the key point time
parameters, as shown in the following equation:

{061, 2, ﬁl/ ,82/ t]/ t2/ t3/ t4/ t5/ t6/ t7/ ts}
act = x1,%2, ,81/ ,BZ S [Or 1] (19)
tl/ t2/ t3/ t4/ t5/ t6/ t7/ t8 € [0/ 2]

The network structure and training hyperparameters are presented in Table 1. The
Actor network, which maps states to actions, was constructed with the following architec-
ture: an input layer corresponding to the state dimension, followed by two fully connected
hidden layers with 64 neurons each, using ReLU activation functions. The output layer
has 12 neurons (corresponding to the 12-dimensional action vector) with a tanh activation
function, whose outputs were subsequently scaled to the appropriate ranges defined for
the clutch and throttle parameters.

The Critic network, which estimates the Q-value, was designed as follows: an input
layer receiving the concatenated state and action vectors, followed by two fully connected
hidden layers with 64 neurons each (ReLU activation), and a single linear output neuron for
the Q-value. At the beginning of each training round, the agent selects a set of parameters as
an action to be executed and inputs them into the vehicle model for simulation calculation.
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The monitor module then supervises and records the dynamic parameters during the
vehicle’s motion and passes them to the reward function to evaluate the quality of the action.

Table 1. Network Structure and Training Hyperparameters.

Category Parameter Value
Actor Network Structure Input layer — 64 — 64 — Output layer
Network Architecture Actor Activation Functions Hidden: ReLU, Output: tanh
Critic Network Structure Input layer (state+action) — 64 — 64 — Output layer
Critic Activation Functions Hidden: ReLU, Output: Linear
Actor Learning Rate 0.001
Training Parameters Critic Learning Rate 0.01
Discount Factor (7) 0.99

3.3. Design of the Reward and Punishment Mechanism

In reinforcement learning, the reward and punishment mechanism refers to guiding
the learning process of an agent by providing it with rewards or punishments. This
mechanism is a core component of reinforcement learning algorithms, used to evaluate the
quality of an agent’s actions in a particular state and adjust the agent’s behavioral strategy
based on the evaluation results. The fundamental principle behind the design of the reward
and punishment mechanism is to maximize the agent’s long-term cumulative reward [25].
Through the reward mechanism, the agent’s actions are assessed and feedback is provided,
guiding the agent towards the desired goals.

Rewards are typically represented as scalar values, which can be positive, negative,
or zero. Positive rewards indicate that the agent’s action is positive or correct, contribut-
ing to the achievement of the goal. Negative rewards signify that the action is negative
or incorrect, potentially hindering the agent’s ability to achieve the goal. Zero rewards
imply that the action has no significant impact. The reward and punishment mechanism
balances exploration and exploitation. By setting appropriate reward signals, the agent
is encouraged to explore unknown areas and discover new effective strategies. At the
same time, the mechanism also guides the agent to exploit known effective strategies to
obtain higher rewards. The design of the reward function, particularly the use of metrics
compared to the previous cycle, requires further justification. While normalized metrics or
fixed thresholds could enhance generalization across different vehicles or conditions, they
presented a practical challenge during preliminary investigations. Specifically, in the early
stages of training with random exploration, the agent could produce policies resulting in ex-
ceptionally high values of metrics like Wloss. Using such extreme values for normalization
would compress the reward signal for subsequent, better-performing policies, hindering the
learning process. Therefore, to provide a stable and consistent learning signal that guides
the agent toward progressive improvement, we employed a relative comparison approach.
This method rewards the agent for outperforming its previous attempt, effectively driving
policy refinement within the context of this specific simulation environment.

During the gear-shifting process in a vehicle, the closing speed of the clutch signifi-
cantly affects performance. If the clutch closes too quickly, it may generate a large impact
torque, which can cause the engine to stall in severe cases. Additionally, rapid closure
can lead to significant speed shocks, reducing driving comfort. Conversely, if the clutch
closes too slowly, the vehicle will experience prolonged power loss, affecting its power
performance and increasing fuel consumption, which is detrimental to fuel economy [26].
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Therefore, the reward function is designed from three aspects: power performance, fuel
economy, and comfort. The specific reward and punishment mechanism is as follows:

where R, represents the cumulative reward, R, represents the power performance reward,
R, represents the fuel economy reward, and R, represents the comfort reward.

3.3.1. Power Performance Reward Function Design

During gear shifting, when the clutch disengages and re-engages, the vehicle speed
decreases due to the interruption of power. If the decrease is too large, it will affect
the vehicle’s power performance. Additionally, during the stage where the primary and
secondary discs are in contact but not yet synchronized, the friction between the friction
discs generates sliding friction power, which not only affects the clutch’s service life but
also the efficiency of power transmission. Therefore, to meet the power performance
requirements, the power performance reward function is established as follows:

1 AVmax < AUy

—0.5 Avmax > AV,
Rp(t,lfl,b) _ max = / max 1)
1 Wigss < W,

0ss

05 Wiges > Wi,

where Avmax represents the difference between the vehicle speed before clutch disengage-

/

ment and the lowest speed after disengagement in the current calculation round, Avy,,,

represents the difference between the vehicle speed before clutch disengagement and
the lowest speed after disengagement in the previous calculation round, Wy, represents
the sliding friction power generated during the sliding phase in the current calculation
round, and W|__ represents the sliding friction power generated during the sliding phase
in the previous calculation round. According to the calculation method in reference [27],
the sliding friction power generated by the clutch during the sliding phase can be expressed
as follows:

te
Wioss = /t (wl - WZ)Tcdt (22)

where w; represents the angular velocity of the primary disc, wy represents the angular
velocity of the secondary disc, T, represents the clutch friction torque, t; represents the time
when the primary and secondary discs of the clutch begin to contact, and t, represents the
time when the clutch is fully locked.

3.3.2. Fuel Economy Reward Function Design

During gear shifting, when the clutch disengages and re-engages, the interruption
of power transmission between the primary and secondary discs of the clutch leads to
a longer duration of power interruption. The longer the interruption, the higher the
additional fuel injection amount of the engine. Therefore, to meet the fuel economy
requirements, the power interruption time and the fuel consumption per unit distance
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during the simulation process are used as observation indicators to establish the sub-
objective function as follows:

1 Aty < DH
—0.5 Aty > At

Re(ta,b) = bric ~ Tbrk (23)
1 fuel < fuel

—0.5 fuel > fuel

where Aty represents the difference between the time when the clutch disengages and the
time when the vehicle speed returns to the level before disengagement; fuel represents the
fuel consumption per unit distance during the simulation process.

3.3.3. Comfort Reward Function Design

In the study of automotive clutches, jerk is an important indicator for evaluating the
smoothness of the gear-shifting process. Fundamentally, it is the disturbance of torque that
causes the appearance of shocks. Jerk represents the rate of change of the vehicle’s forward
direction, so to meet the comfort requirements, the sub-objective function is established
as follows:

Jo < T}

Re(t,a,b) = 05 o> T

(24)
According to the calculation method in reference, the vehicle speed jerk during the
clutch closing process can be expressed as:

_ day

Jo =5} (25)

where g, represents the vehicle’s longitudinal acceleration, J, represents the vehicle speed
jerk, and its magnitude reflects the strength of the jolt felt by the driver during the driv-
ing process.

In summary, considering power performance, fuel economy, and comfort, three sub-
objective functions are designed. The first sub-objective function focuses on the speed
drop and sliding friction power during the gear-shifting process to ensure that power
performance is not affected. The second sub-objective function focuses on the power
interruption time and fuel consumption per unit distance during the clutch disengagement
and re-engagement process to improve fuel economy. The third sub-objective function
focuses on the vehicle speed jerk to evaluate the smoothness of the gear-shifting process
and reduce the jolt felt by the driver.

4. Simulation Experiments and Result Comparison
4.1. Design of Experimental Schemes

The reference speed profile for the driver model was a uniform acceleration, and train-
ing focused solely on optimizing the control actions for a single upshift event occurring
at approximately 68 km/h. To normalize the reward function in Equation (20) and intro-
duce a weighting mechanism to emphasize the importance of different optimization goals,
this study focuses on commercial vehicles, which prioritize power performance and fuel
economy while also considering comfort. Therefore, the weight for the comfort objective is
fixed at 0.2, and the weights for the power performance and fuel economy objectives are
varied systematically to explore vehicle performance under different requirements. This
section designs five scenarios to investigate the impact of weight changes on optimization
results. Scenarios 1 to 4 primarily address different weight combinations for power perfor-
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mance and fuel economy to assess their effects on commercial vehicle performance. Each
scenario has distinct weight settings to reflect varying performance needs and priorities.
Additionally, Scenario 5 serves as a comparative scenario with a higher weight for the
comfort objective to compare vehicle performance under high comfort requirements with
the other scenarios. The specific weight settings are detailed in Table 2.

Table 2. Weight Settings for Each Scheme.

Scheme Power (P) Economy (E) Comfort (C)
P1E7 0.1 0.7 0.2
P3E5 0.3 0.5 0.2
P5E3 0.5 0.3 0.2
P7E1 0.7 0.1 0.2

P2E2C6 0.2 0.2 0.6

Based on the five scenarios mentioned above, the reward function weights are set
accordingly, and the DDPG algorithm is deployed. After iterating for 300 rounds for each
scenario, the cumulative average reward values during the iteration process are recorded,
as shown in Figure 6.

P2E2C6

L /"
= 1200 F /
<
g
S 800 b
P1E7
wor P3ES5
0 ! I ' I ! I ! I ! I ! I ! I ! I ! I P5E3
0 20 40 60 80 100 120 140 160 180 P7EL

Episode P2E2C6

Figure 6. Original Closing Curve of Clutch and Throttle.

The figure indicates that the cumulative average reward values have converged,
signifying that the optimization is essentially complete. The optimized closure curves are
illustrated in Figure 7.
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Figure 7. Clutch and Throttle Pedal Curves for Different Optimization Schemes.

4.2. Comparison of Engagement Characteristics After Optimization

The optimized curves were substituted into the dynamic simulation model of the

clutch to simulate the separation and engagement process of the clutch during gear shifting,
in order to verify the effectiveness of the optimization results. The simulation data from
the model are shown in Figure 8, and the main indicators for each scheme are summarized
in Table 3.

Table 3. Comparison of Key Performance Indicators for Each Scheme.

Scheme Original P1E7 P3E5 P5E3 P7E1 P2E2Cé6
Power-interruption duration (s) 3.84 494 4.49 4.32 4.02 3.49
Speed during Power Interruption (m/s) 0.16 0.19 0.18 0.146 0.145 0.13
Maximum Slip Friction Work (J) 9764.5 573.39 548.91 578.85 569.75 584.05
Jerk count 4 3 4 3 2 2

Figure 8a illustrates the changes in vehicle speed during the gear shifting process.
At 60.86 s, the clutch begins to disengage, temporarily interrupting the power transmission
and causing a drop in vehicle speed. Once the gear shifting operation is completed,
the clutch re-engages according to different closure curves, restoring power and gradually
increasing the vehicle speed. The time required for the vehicle speed to return to its
original level after the clutch disengages is defined as the power interruption time. It can
be seen from the figure that as the weight of the power performance objective function
gradually increases, the power interruption time gradually decreases but is still longer
than before optimization. The scheme with the highest power performance weight, P7E1,
has a power interruption time that is 4.6% longer than before optimization. However,
the speed fluctuation during the gear shifting process is reduced by 9.4% compared to
before optimization. The preliminary analysis suggests that this is mainly because scheme
P7E1 takes comfort into account, resulting in a slower clutch closure rate than before, which
slightly delays the acceleration time but reduces speed fluctuations, thereby meeting the
power performance requirements. The results for scheme P7E1, which prioritizes power
performance, warrant further discussion. Although the power interruption time increased
slightly compared to the original strategy, this does not indicate a degradation in overall
power performance. Analysis of the optimized curves (Figure 7) reveals a control strategy
of ‘slower clutch engagement paired with faster throttle recovery.” This trade-off was
made to achieve more significant improvements in other critical power-related metrics: a
substantial reduction in speed fluctuation (9.4%) and a drastic decrease in slip friction work
(94%). The former ensures smoother power transmission and better drivability, while the
latter improves powertrain efficiency and durability. Thus, the P7E1 scheme enhances the
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overall quality and efficiency of power performance, demonstrating the multi-objective
optimizer’s ability to make intelligent compromises between competing goals.
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Figure 8. Simulation results of clutch engagement process: (a) vehicle speed; (b) vehicle acceleration;
(c) engine speed; (d) engine angular acceleration.

Figure 8b records the changes in vehicle acceleration during the gear shifting process.
Without optimization, there is a significant inflection point in vehicle acceleration at 62.57 s.
After optimization, this inflection is replaced by a smoother acceleration curve, with lower
power performance weights resulting in smaller curve slopes. This indicates that the
optimization process effectively smoothed the acceleration changes during gear shifting,
thereby improving driving comfort.

Figure 8c shows the changes in engine angular velocity. In the unoptimized state,
the engine speed has a significant peak of about 1800 rpm, which may be due to the clutch
closing too early after gear shifting, causing the load speed transmitted by the drive shaft to
exceed the engine speed and thus causing engine speed fluctuations. However, after opti-
mization, the changes in engine speed are much smoother, with no significant fluctuations.

Figure 8d records the changes in engine angular acceleration. In the unoptimized state,
the engine angular acceleration has three fluctuations, but after algorithm optimization,
the number of fluctuations is reduced to one, significantly improving the vehicle’s smooth-
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ness. Specifically, the optimized closure curve of scheme P1E7 reduces the maximum
fluctuation amplitude of angular acceleration by 26.7%, while the optimized closure curve
of scheme P5E3, which is inclined towards power performance, increases the maximum
fluctuation amplitude of angular acceleration by 28.1% compared to before optimization
but reduces the number of fluctuations, thus balancing driving comfort to some extent.

Figure 9b shows the amount of sliding friction power during the clutch closure process.
The optimized results indicate a significant reduction in sliding friction power, from the
original 9764.5 ] to about 600 J. Scheme P3ES5 has the largest reduction, with sliding friction
power reduced to 5.62% of the original, while the optimized closure curve of scheme
P7E1, which is inclined towards power performance, reduces sliding friction power to
5.88% of the original. As the weight of the power performance objective function increases,
the sliding friction power generated during clutch closure gradually decreases. This may be
because the relative speed between the primary and secondary discs of the clutch is lower
when they engage after optimization, thereby reducing the generation of sliding friction
power. By integrating vehicle speed to obtain the distance traveled and calculating the
ratio of engine fuel injection to distance traveled, the fuel consumption per unit distance
can be obtained.
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Figure 9. Simulation results of the clutch engagement process: (a) clutch friction torque; (b) clutch
friction work; (c) fuel consumption per 100 km; (d) vehicle jerk.



Vehicles 2025, 7, 147

18 of 21

Figure 9c records the fuel consumption per unit distance under different optimized
curves. The results show that after applying the optimization algorithm, the vehicle’s fuel
consumption per unit distance is reduced compared to the unoptimized state, and the
optimized curve with a preference for fuel economy achieves lower fuel consumption per
unit distance.

In summary, by setting five different weight reward functions, five sets of closure
curves were obtained, and curves with different weights have different performances in
terms of power performance, fuel economy, and comfort, all of which are better than before
optimization.Considering all three aspects, scheme P5E3 is chosen as the final optimized
“fuel-clutch coordination” curve, as shown in Figure 10. The optimal weight combination
(P5E3) was identified through a comparative analysis of the results from several pre-defined
weighting schemes, rather than through a formal optimization of the weights themselves.
The P5E3 scheme was selected because it achieved the most favorable and balanced trade-
off across all three performance objectives—power, economy, and comfort—as evidenced
by the comprehensive data in Table 2 and Figures 8 and 9.
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Figure 10. The final optimized results of the throttle-clutch coordination curve.

After applying the best optimized “fuel—clutch coordination” curve, the fuel consump-
tion is reduced by an average of 0.39%, the maximum vehicle impact is reduced by 35.6%,
the maximum sliding friction power is reduced to 5.93% of the original, and the power
interruption speed is reduced by 8.75%. Therefore, it has a good performance in terms of
fuel economy, comfort, and power performance.

5. Conclusions and Future Work

This study proposes a multi-objective optimization framework for clutch engagement
strategies based on the Deep Deterministic Policy Gradient (DDPG) algorithm, aiming to
enhance vehicle power performance, fuel economy, and driving comfort in a coordinated
manner. By integrating a high-fidelity vehicle longitudinal dynamics model with a detailed
clutch state transition mechanism, a reinforcement learning simulation environment was
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constructed to accurately simulate real-world driving conditions and driver behavior.
A hybrid reward function was designed, incorporating multiple competing objectives
such as sliding friction power, power interruption, and jerk in a weighted form to achieve
effective balance among different performance metrics.

Experimental results indicate that the proposed DDPG-based control strategy signifi-
cantly improves the overall performance of the clutch engagement process: sliding friction
power is reduced by 94.07%, power interruption speed is decreased by 8.75%, maximum
jerk is lowered by 35.6%, and average fuel consumption per 100 km is also reduced by
0.39%. This demonstrates the effectiveness of the strategy in multi-objective optimization,
achieving a good balance among key performance indicators.

Through systematic sensitivity analysis of the reward function weights, it was found
that the overall performance is optimal when the fuel economy weight is 0.3 and the power
performance weight is 0.5 (Scheme P5E3), achieving excellent comprehensive performance
without significantly sacrificing any single performance indicator. This conclusion provides
a practical reference for the calibration of performance targets in the clutch control systems
of commercial vehicles, especially in scenarios where both driving quality and fuel efficiency
are key requirements.

The main contributions of this study include: first, the development of a novel DDPG-
driven optimization framework integrating throttle-clutch coordination mechanisms; sec-
ond, the design of a multi-objective reward structure that fully reflects real-world driving
requirements; and third, the validation of the proposed method’s consistent improvement
in multiple performance metrics through high-fidelity simulation. It is important to note the
scope of the training conditions for this study. The DDPG agent was trained and evaluated
on a specific, standardized shift scenario to validate the core methodology. The reference
speed profile for the driver model was a uniform acceleration, and training focused solely
on optimizing the control actions for a single upshift event occurring at approximately
68 km/h. This approach allowed for a controlled analysis of the algorithm’s capability
to improve shift quality. While this demonstrates the potential of the framework, it is
recognized that the generalizability of the policy to diverse driving cycles (e.g., urban,
highway) and varying initial states requires further investigation. Ensuring robustness
across a wider operating envelope is a key objective for subsequent research.

Despite the positive experimental results, the current study still has certain limita-
tions, including the idealized assumption of actuators, incomplete coverage of dynamic
uncertainties, and external disturbances (such as changes in road gradient and extreme
thermal conditions). While the simulation results demonstrate the strong potential of the
proposed method, this study has certain limitations that must be addressed for practical
implementation. The current simulation environment does not account for critical real-
world factors such as clutch temperature variations (which affect friction coefficient and
thermal deformation) and changes in road gradient (which alter vehicle load torque). These
disturbances could significantly impact the performance and robustness of the learned
control policy. Therefore, future work will explicitly focus on enhancing the system’s
robustness. This will involve: (1) integrating a high-fidelity thermal model of the clutch
into the simulation environment; (2) introducing external disturbances, including varying
road profiles and load conditions, during training; and (3) exploring robust or adaptive
reinforcement learning techniques to ensure consistent performance under uncertainty.
The final validation will be conducted through Hardware-in-the-Loop (HIL) testing and
ultimately, real vehicle experiments. A limitation of the current study is the absence of
a direct quantitative comparison with other control strategies, such as finely-tuned PID
controllers, Model Predictive Control (MPC), or alternative reinforcement learning algo-
rithms. The primary focus of this work was to establish the feasibility of the DDPG-based
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framework as a novel alternative to traditional experimental calibration for clutch—throttle
coordination. Future work will include a comprehensive comparative analysis against
these benchmark strategies to rigorously evaluate the relative advantages, computational
efficiency, and performance trade-offs of the proposed method.

In summary, this study provides an innovative and feasible technical pathway for
intelligent clutch control based on deep reinforcement learning, offering both theoretical
significance and engineering value in the optimization of vehicle powertrains. The method-
ology presented in this study, centered on a DDPG-driven optimization framework, demon-
strates significant potential for generalizability and scalability. While the current validation
is focused on a specific dry clutch model, the core architecture—comprising a vehicle
simulation environment, a multi-objective reward function, and an agent optimizing con-
tinuous control parameters—is inherently flexible. This suggests its potential applicability
to other types of transmission systems (e.g., automated manual transmissions) and to the
coordinated control of power sources in hybrid electric vehicles. The practical validation of
this potential on diverse powertrain systems constitutes a key and necessary direction for
our future work. in addition, future research will explore systematic methodologies, such
as Pareto front analysis or automated hyperparameter optimization, to more rigorously
determine the optimal reward function weights for specific vehicle performance targets.
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