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on the GMA-TD3-MPC algorithm
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Abstract: The development of efficient thermal management strategy is critical for hybrid electric drive tracked vehicles (HETVs)
due to the severe thermal safety and energy consumption challenges encountered during complex operations. Conventional
strategies struggle to balance high-precision temperature control with multi-objective collaborative optimization, while requiring
long development cycles and exhibiting weak generalization capabilities. To address these issues, we propose a hierarchical
thermal management framework integrating a gated recurrent unit multi-head attention twin delayed deep deterministic policy
gradient with model predictive control (GMA-TD3-MPC). This framework dynamically integrates reinforcement learning (RL)
and model predictive control (MPC), utilizing a gated recurrent unit with multi-head attention (GRU-MHA) module to optimize
energy consumption and temperature control precision under cyclic conditions; meanwhile, it implements a dynamic threshold
triggering mechanism to seamlessly transfer control to the MPC controller when approaching thermal safety limits. Our simulation
results demonstrate that compared to baseline strategies, the proposed method accelerates convergence by approximately 28%
and 40% over deep deterministic policy gradient (DDPG) and TD3, respectively. In a standard temperature environment (25 °C)
under off-road conditions, compared to standalone MPC, the proposed strategy reduces temperature fluctuation ranges in
high-temperature and low-temperature circuits by 44.19% and 6.45%, respectively, while achieving a 5.54% reduction in the
total energy consumption and a 10.63% decrease in the peak power demand. Furthermore, under high-temperature conditions
(45 °C), the strategy reduces the total energy consumption by 13.41%.

Key words: Thermal management strategy; Hybrid electric drive tracked vehicles (HETVs); Gated recurrent unit with multi-
head attention (GRU-MHA); Hierarchical control; Energy consumption optimization

1 Introduction on complex mechanical transmissions, hybrid electric

drive tracked vehicles (HETVs) employ an independent

Driven by the global energy transition and the
advancement of carbon peak and neutrality goals, hy-
brid electric powertrain technology has emerged as a
major focus in tracked vehicle applications involving
construction machinery and agricultural equipment
(Scolaro et al., 2021; Wang et al., 2021; Zhao et al.,
2022; He HW et al., 2024; Tian et al., 2026). Such
technology is attractive because of its high energy ef-
ficiency, low pollution levels, and reduced noise emis-
sions. Unlike conventional powertrains that are reliant
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dual-motor drive architecture for dynamic torque dis-
tribution. This configuration cuts the powertrain re-
sponse time from 300-500 ms to within 20 ms. This
millisecond-level response capability enables instan-
taneous torque adjustment to suppress track slippage
on soft soils, and ensures continuous power delivery
during abrupt resistance changes, thereby enhancing
off-road and obstacle-crossing capabilities (Hori, 2004;
Celiksoz and Kilig, 2024). Furthermore, due to the
electrification characteristics of their power output,
these vehicles operate in pure electric mode at noise
levels below 65 dB with zero exhaust emissions, mark-
edly improving environmental friendliness (Karaoglan,
2021; Celiksoz and Kilig, 2024).

However, the highly integrated powertrain of
HETVs introduces a complex thermal environment
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with multiple heat sources, posing challenges to its
thermal management system (TMS). This system in-
corporates diverse heat sources—including the engine,
generator, drive motors, and power electronics—while
contending with issues arising from intricate heat dis-
tribution, conflicting thermal control objectives, and
dynamic operating conditions (Ghate et al., 2024). The
engine coolant temperature must be maintained with-
in a high-temperature range of 80—125 °C to ensure
combustion efficiency, while the motor temperature
requires control between 55 and 75 °C to prevent the
demagnetization of permanent magnets. Furthermore,
multi-stage intercoolers must sharply reduce the in-
take air temperature from approximately 250 °C to
below 80 °C for effective cooling (Darici et al., 2012;
Dong et al., 2020; Wu et al., 2021; Mancarella and
Marello, 2023; Zhai et al., 2025).

The traditional single-loop TMS struggles to
achieve decoupled control across multiple temperature
zones due to its reliance on fixed-threshold control
strategies and the strongly-coupled relationship be-
tween flow and temperature. To meet the cooling de-
mands of high-temperature components, it often over-
cools low-temperature parts, creating conflicting heat
dissipation requirements and wasting significant energy
(Chen et al., 2024b; Nam and Ahn, 2025). During
extreme operations such as off-road climbing or rapid
acceleration, sudden power surges cause the generated
heat to jump, while heat transfer processes exhibit
a significant time lag (Yuan et al., 2020). Existing
mainstream thermal management strategies—including
lookup table-based, proportional-integral-derivative
(PID), and simple rule-based methods—fail to account
for this time-delayed characteristic. Consequently,
under abrupt load changes, such methods tend to over-
shoot or delay the response, causing component over-
heating risks (Han et al., 2017; Liu et al., 2021; Guo
et al., 2024). Research indicates that TMS consumes
12%—18% of the total vehicle energy while facing ther-
mal runaway risks under extreme conditions (Golubev
et al., 2024; Tang et al., 2024; Wang TY et al., 2025).
For example, HETV off-road missions typically involve
highly transient and extreme power loads, making
powertrain control more complex than that in stan-
dard driving cycles (Zhu et al., 2022). Moreover, ther-
mal management in such vehicles is constrained by
restricted ventilation pathways due to armored pro-
tection features such as grilles and louvers. These

limitations—in tandem with high power levels under
extreme temperature conditions—can result in the
cooling system consuming up to 11%—16% of the
total fuel energy (Sundar et al., 2023). Therefore, de-
veloping advanced thermal management strategies to
synergistically optimize temperature control precision,
system energy consumption, and operational safety
has become paramount for enhancing the comprehen-
sive performance of HETVs.

In terms of intelligent control algorithms, research
is progressively shifting from conventional PID and rule-
based methods towards data-driven and optimization-
based approaches (Chen et al., 2024a; He P et al.,
2024; Arrinda et al., 2025; Guo et al., 2025; Li et al.,
2025). For instance, Ghate et al. (2024) proposed an
integrated energy and thermal planner (IETP) for
series hybrid off-road autonomous tracked vehicles,
demonstrating that the synergistic operation of the in-
ternal combustion engine (ICE)-generator and ther-
mal actuators could improve fuel efficiency by at least
10% in power-demanding scenarios as compared
to traditional separated management strategies. Shoai
Naini et al. (2023) introduced a model reference adap-
tive controller for thermal management of autono-
mous vehicles, showing that nonlinear model predic-
tive control (NMPC) could reduce fan energy con-
sumption by 73% compared to proportional-integral
(PI) control. Furthermore, for multi-objective optimi-
zation in hybrid systems, Zhang et al. (2025) devel-
oped a hierarchical framework combining the twin
delayed deep deterministic policy gradient (TD3) with
optimization algorithms, achieving a 17.99% reduc-
tion in operating costs while maintaining thermal
stability. Moreover, Jiang et al. (2025) created a deep
reinforcement learning (DRL)-based co-optimization
strategy for dynamic coordination between energy
and thermal management. Testing across a tempera-
ture range of -5 to 30 °C showed 5% and 2% hydro-
gen consumption reductions compared with rule-
based and genetic algorithm (GA) methods, respec-
tively, alongside a 40% reduction in temperature
fluctuations.

However, critical limitations persist in existing
thermal management strategy research, constraining
applications in complex multi-source HETV systems.
In particular, the efficacy of MPC hinges heavily on
precise mathematical models of controlled objects.
At the same time, HETV thermal management is a



complex nonlinear system involving strong multiphys-
ics coupling (combustion—electrical-thermal—fluidic),
making accurate modeling difficult. Accumulated
model errors consequently degrade control precision in
complex operating scenarios (Xi et al., 2013; Wang D
et al., 2025). Reinforcement learning (RL) methods
possess strong adaptive optimization potential. How-
ever, conducting full online training and decision-
making throughout the operational control process
typically demands excessive time and computational
resources. Moreover, when system states deviate from
training distributions, the agents may output hazardous
actions, causing transient temperature overshoots in
components and potentially triggering thermal runaway
(Cobbe et al., 2018; Nguyen et al., 2020; Atkinson
et al., 2021).

To address the aforementioned challenges, we
propose a hierarchical thermal management framework
that is explicitly distinguished from existing purely
learning-based or rule-based strategies. Focusing on
the TMS of HETVs, we develop an intelligent hybrid
thermal management strategy based on a gated recur-
rent unit-enhanced multi-head attention twin delayed
deep deterministic policy gradient algorithm integrated
with model predictive control (GMA-TD3-MPC). This
approach aims to synergistically optimize tempera-
ture control precision, system energy consumption,
and operational safety. The core contributions of this
work are threefold:

(1) By utilizing a GMA-TD3 agent for global
energy-optimal planning and MPC for safety-constrained
local tracking, this framework bridges the gap be-
tween data-driven optimization and model-based ro-
bustness. An intelligent switching mechanism dynami-
cally integrates the strengths of both methods, ensur-
ing high-precision and low-energy operation within
safe boundaries.

(2) To improve exploration in high-dimensional
spaces, a gated recurrent unit-enhanced multi-head at-
tention (GMA) mechanism is integrated into the TD3
algorithm to filter out suboptimal actions. Further-
more, gated recurrent units (GRUs) and multi-head at-
tention (MHA) are incorporated to capture strong tem-
poral dependencies and emphasize critical decision-
making features, addressing the limitations of conven-
tional RL methods.

(3) The framework is tailored to handle the strong-
coupling and dynamic constraints of HETVs. Simula-
tion results demonstrate that the proposed strategy
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outperforms conventional baselines in temperature ac-
curacy, energy conservation, and actuator smoothness.

2 Vehicle and thermal management system
model

2.1 Description of HETVs

Fig. 1 illustrates the powertrain composition of
the HETVs investigated in this study. The powertrain
core is comprised of an ICE that drives a generator
via a speed-increasing gearbox. The electrical energy
generated is transmitted to a direct current (DC) bus.
A dedicated energy storage unit connects to the DC
bus through a DC/DC converter, enabling bidirectional
energy flow for charging or discharging based on op-
erational demands. Propulsion is achieved through
two independently driven tracks; each track is pow-
ered by a traction motor coupled to a final reduction
gearbox that drives the sprocket; each traction motor
is supplied by an individual inverter, which converts
the DC bus voltage into a three-phase alternating cur-
rent (AC) to actuate the motor. This left-right inde-
pendent inverter—motor—gearbox—sprocket architecture
enables flexible steering and traction torque con-
trol. Cooling is provided by two fans that facilitate
heat exchange between the TMS and the ambient air.
Each fan motor is powered by a dedicated inverter,
drawing energy from the DC bus to drive the cooling
fans and ensure thermal dissipation for critical com-
ponents. Key parameters of the HETVs are detailed
in Table S1 in the electronic supplementary materials
(ESM).

2.2 HETYV powertrain system modeling

We next concentrate on modeling the thermal
management strategy for HETVs. For the vehicle dy-
namic model, the effects of lateral and vertical dynam-
ics on motion are neglected, focusing exclusively on
longitudinal dynamics (Yu et al., 2023; Ma et al.,
2024). It should be noted that tracked vehicles experi-
ence unique steering loads arising from skid-steering
mechanisms and track ground friction (Sundar et al.,
2026). Although the longitudinal dynamic model used
here simplifies the explicit calculation of steering
resistance F.., these loads are accounted for through
an equivalent modeling approach—specifically, by
adopting a relatively high rolling friction coefficient
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I to simulate the comprehensive resistance encoun-
tered during off-road driving. This ensures that the
simulated powertrain power demand and the associ-
ated thermal load effectively capture the typical high
load characteristics, so as to provide an adequate
safety margin for validating the TMS strategy. The de-
tailed mathematical formulations of the vehicle dy-
namic modeling are provided in Section S1.2 of the

ESM.
Left driving
wheel

2.3 Modeling of the HETV thermal management
system

This section elaborates on the physics-based sim-
ulation model established on the GT-SUITE platform,
constructed according to the TMS architecture of the
HETVs shown in Fig. 2. This vehicle employs a dual-
loop cooling system, comprised of independently op-
erating high-temperature and low-temperature circuits.
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The energy storage unit in this HETV configuration
consists of a supercapacitor pack used for transient
power buffering. The supercapacitor module employs
an independent air-cooling scheme, and is thermally
decoupled from the liquid cooling networks. Therefore,
the thermal management of the energy storage unit is
considered outside the scope of the coupled liquid
TMS model established in this study. More details on
the physical modeling of the TMS are provided in
Figs. S2—-S5 and Table S2 of the ESM. Notably, the
maximum errors during transient loading remain
within 10%. Therefore, the developed model is deemed
suitable for characterizing TMS thermal behavior,
and meets the accuracy requirements for our subse-
quent control strategy simulation investigations.

3 Safety and energy-conscious thermal
management strategy

3.1 Control strategy framework

This section details the proposed integrated GMA-
TD3-MPC control strategy for HETVs. GMA-TD3-
MPC synergizes the GMA-TD3 algorithm with an
MPC algorithm. Its design objectives are precision
temperature regulation, energy consumption optimiza-
tion, and thermal safety assurance for critical compo-
nents. The architecture’s core innovation is dynami-
cally harmonizing the strengths of the GMA-TD3 and
MPC through an action selection module, which gen-
erates the final actuator commands.

The control strategy comprises three intercon-
nected modules: an “environment” module, a “heat re-
jection data prediction” module, and the GMA-TD3-
MPC module. The environment provides the system
state vector required for decision-making, including
engine speed (R,,), engine torque (z,,), left/right drive
motor speeds, left/right drive motor torques, ambi-
ent temperature (7.,,), and ambient pressure (P, ).
The heat rejection data prediction module processes
environmental inputs to generate heat rejection data
across TMS components—such as heat rejection of
the engine (Q,,,), electric components (Q,.), and gen-
erator (Q,.,)—using interpolation and neural network
predictions. Additionally, the real-time power param-
eters of the cooling actuators including fans (P, ) and
pumps (P, ) are dynamically monitored. These pre-

pump.
dictions and real-time physical states augment the
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system state vector transmitted to the GMA-TD3-
MPC module. The GMA-TD3-MPC module dynami-
cally computes optimal actuator commands by coor-
dinating GMA-TD3’s adaptive learning capabilities
with MPC’s predictive robustness. The overall frame-
work is illustrated in Fig. 3.

3.2 GMA-TD3 algorithm

RL abstracts the closed-loop control problem as
a Markov decision process (MDP), whose detailed
mathematical formulations are provided in Section S2.1
of the ESM. During training, the agent learns a state-
to-action mapping motivated by optimization of a
designed reward function. In the initial exploration
phase, the high uncertainty due to limited prior knowl-
edge necessitates active environmental exploration
to discover high-reward actions. Action selection pro-
vides direct links to the received rewards, requiring effi-
cient trial-and-error learning. As illustrated in Fig. 3,
the learning process relies on the core variables sam-
pled from the replay memory: the current state S,
the next state S’, the immediate reward R, and the
target action-value Q' (calculated as the minimum
output of the two target critic networks to enhance
the training stability). The core objective is to mini-
mize the total power consumption under temperature
constraints. To achieve this, a reward denoted as 7,
at time step ¢ is introduced to evaluate the system’s
performance:

r=w|T, Thigh,in|+a)2|Tl Tlow.out|+
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where w, is the weight for each reward component;
Tigh g A0d T e are the temperature target values
for the high-temperature circuit and low-temperature
circuit, respectively; 7', ma and T, 1y are the maxi-
mum temperature limits for the high-temperature cir-
cuit and low-temperature circuit, respectively; 7'y i
and T,,.,, are the inlet temperature of the high-
temperature circuit radiator and the outlet temperature
of the low-temperature circuit radiator, respectively;

P, and P, are the real-time power of the fan and

fan pump
u fan-s, du
-speed pump-speed
and

dr dr are the

pump, respectively;



902 | JZhejiang Univ-Sci A 2026 27(8):897-910

Speed (km/h)

1 I 1 1 L
500 1000 1500 2000 2500 3000 ::
Time (s) g

Driving cycle 1

prrd Fan motor

Engine

1]

ﬂ h

=|) D ] E
Energy storage unit "

Fan motor

Right fan 1]

1
Right driving n
wheel 1"

- - DCbus AC line

Mechanical connection

Electrically-driven tracked vehicle 1"

Pfan1v Ppump1v Qengv Qerey Qgenv 1"

tank
Oil heat
exchanger

[Transmission ol
heat exchanger

Input '@ Summation Output
layer Pattern layer  layer layer

Heat dissipation prediction model

—Rr . Mlnlbatch

ot L/
Target critic 2 Target actor Actor Critic 2

.

Memory

.  ‘ s l—»

o
Critic 1

gllin l
> =[ Loss 1 ][ Loss 2 ]

Action selection

T

HIE i
HiE "
2 = = Active _|[Suspension [1! N .
miH | b [l |1 Current state Motion optimization
g Engine [t 1 7
| 1 v
2, 1
1 .
o m Target state » Error calculation
B @ pume {J)- ictrcal contol proportonalvave ::
(1]
x Cooling system n RL-MPC model

Fig. 3 Framework of the control strategy based on GMA-TD3-MPC

rates of change of fan speed and pump speed, respec-
tively; C is the boundary penalty; /; is the judgment
function (/,=1 if the condition is satisfied, and /=0
otherwise). This equation serves as the core mecha-
nism for handling the coupling of conflicting objec-
tives. Notably, the optimization of temperature track-
ing precision and the minimization of energy con-
sumption are inherently contradictory. By integrat-
ing them into a unified scalar reward function with
calibrated weights, the GMA-TD3 agent learns to im-
plicitly navigate the trade-off surface between ther-
mal performance and power usage; this soft coupling
allows the system to sacrifice a marginal amount of
temperature precision for significant energy savings

within the safe operating range. The specific weights
and judgment functions used here are provided in
Table S3, while the hyperparameters of the neural
network are detailed in Table S4 in the ESM.

3.3 MPC algorithm

MPC is a multivariable optimization control strat-
egy based on dynamic models. Its core principle is to
achieve optimal tracking of the system states through
rolling optimization and feedback correction (Norouzi
etal., 2023). In the TMS of an HETV, MPC dynami-
cally regulates pump and fan speeds to ensure that
component temperatures stabilize within target ranges.
Distinguished from conventional feedback control,



MPC leverages the system’s mathematical model to
predict future states and optimize control inputs over
a finite time horizon, so as to meet the control objec-
tives. The configurations for the MPC are detailed in
Table S5 of the ESM.

3.4 Action selection module

The action selection module is the execution
unit of the GMA-TD3-MPC strategy, which is respon-
sible for dynamically scheduling control actions gen-
erated by the GMA-TD3 and MPC. When the system
state deviates from the suitable temperature range, it
switches to the MPC controller to ensure safe opera-
tion of the TMS. When the temperature stabilizes
within a suitable range, the GMA-TD3 strategy is ac-
tivated to balance the temperature control and energy
consumption. The temperature deviation is defined
as the decision variable for action selection:

AThigh: |Th
AT,.=|T,

low —

igh, target Thigh( out |’ (2)
T]ow., out | (3)

ow, target -

To eliminate abrupt rotational speed changes dur-
ing mode switching, a proportional mixing function
based on temperature deviation is designed to achieve
smooth action transitions:

U pump, high, output — highUtps T (1- ahigh) Uyipes 4
upump low, output = OyowUTps + (1 — Oyow )uMPC ’ (5)

U gan, output = Chigh FiowUtps T (1- ahighalow) Uypes  (6)

where u,,,, represents the control action command gen-
erated by the GMA-TD3 agent for energy-optimal
planning, and u,,. denotes the safety-constrained
control action output by the MPC controller. a,;,,=
f(AT,) and a,,,=f (AT, ) satisfy the following piece-

wise conditions:

0, AT>5°C,
o= L 1+cos(n-AT_5) , 3°C<AT<5°C,
2 2
1, AT<3°C.
(7

While the GMA-TD3 module handles the cou-
pled optimization of energy and precision, the action
selection module implements an objective decoupling
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and prioritization mechanism to guarantee safety. When
the temperature deviation AT exceeds the threshold,
the strategy recognizes that the safety objective out-
weighs the energy considerations. Consequently, the
control logic decouples the safety constraint from the
multi-objective optimization, switching dominance to
the MPC controller. This ensures that maintaining the
component temperatures within strict thermal limits
takes absolute precedence over energy minimization
during critical thermal events. Through this real-time
scheduling and smooth switching, the proposed frame-
work coherently optimizes both operational safety
and energy efficiency in the TMS.

4 Results and discussion

In this section, we analyze TMS strategies consid-
ering safety and energy consumption, so as to validate
the effectiveness of the proposed approach. To com-
prehensively evaluate the control performance, testing
was conducted using a typical driving cycle for tracked
vehicles. Detailed information regarding the input
boundary conditions, the specific driving cycle propor-
tions, and the dynamic response characteristics of the
powertrain (including the rotational speed and torque
of the engine and electric motors) are provided in
Fig. S6, Table S6, and Fig. S7 in the ESM, respectively.

4.1 Algorithm training and convergence analysis

Fig. 4 presents a comparison of the learning stab-
ility of the deep deterministic policy gradient (DDPG),
TD3, and GMA-TD3 algorithms in developing TMS
strategies. To ensure the statistical reliability of the re-
sults and eliminate the bias caused by random initial-
ization, robustness tests were conducted. Each algo-
rithm was trained using five independent random seeds;
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Fig. 4 Reward convergence results of different reinforcement
learning algorithms
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the reward curves presented in Fig. 4 denote the aver-
age performance across these independent runs. The
results indicate that while DDPG and standard TD3
showed larger performance variance across different
seeds, GMA-TD3 maintained consistent convergence
trajectories with narrow standard deviations, confirm-
ing the repeatability and robustness of the strategy.

To isolate the benefits of the proposed architec-
ture, we utilize the standard TD3 algorithm as an abla-
tion baseline. It is important to note that the GRU and
MHA are evaluated together as a combined GMA
module. This is a deliberate design choice based on
their synergistic mechanism. Thermal dynamics exhibit
significant temporal delays: while the GRU efficiently
extracts temporal dependencies from historical state
sequences, the MHA mechanism is structurally coupled
to directly process the GRU’s hidden states, dynami-
cally assigning attention weights to critical historical
moments. Separating them would disrupt this coupled
temporal-feature extraction process. Therefore, our ab-
lation study explicitly focuses on the global contribu-
tion of the integrated GMA module compared to the
baseline TD3 algorithm. During the initial training
phase, all RL algorithms frequently caused compo-
nent temperatures to exceed safety thresholds due to
insufficient learning of dynamic thermal loads, lead-
ing to early termination of the episode. As training
progressed, the algorithms gradually optimized their
strategies. However, significant performance disparities
emerged: the simple TD3 agent suffered from slower
convergence (stabilizing after 300 steps) compared to
GMA-TD3 (stable around 180 steps), while DDPG
exhibited significant oscillations even beyond step 250.
This disparity highlights the limitation of standard
MLP-based RL in handling partially observable Markov
decision process (POMDP) caused by significant ther-
mal delays. The inclusion of the GRU module effec-
tively bridges this gap by retaining historical thermal
state information to compensate for the system’s iner-
tia, while the MHA mechanism enhances feature ex-
traction efficiency by selectively prioritizing critical
thermal risk signals. Consequently, GMA-TD3 outper-
formed DDPG and the baseline TD3 in convergence
speed by about 28% and 40%, respectively. This
advantage primarily stems from its embedded GRU
module and augmented attention mechanism, which
identify and prioritize critical thermal risk signals. By
leveraging time-series thermal state data, the algorithm

captures temporal dependencies and learns patterns of
thermal delay effects. These capabilities accelerate the
learning process while improving the robustness of
the final control strategy.

4.2 Performance analysis under normal temperature
conditions

To evaluate the proposed strategies, a compara-
tive study was conducted at an ambient temperature
of 25 °C and a pressure of 1x10° Pa. The detailed dy-
namic heat rejection profiles from key components
to the coolant under this driving cycle are provided in
Fig. S8 of the ESM. These profiles demonstrate severe
thermal load surges and fluctuations that are highly
coupled with off-road driving conditions, posing sig-
nificant challenges to the TMS. Note that detailed
pump and fan speed variations across different control
algorithms are provided in Fig. S9 in the ESM.

Fig. 5 presents the comparative results of con-
trolled temperatures in the circuits. It can be seen that
GMA-TD3-MPC exhibits minimal fluctuations in both
the fan and pump speed curves, indicating superior
convergence in action space exploration. The embedded
GMA module enhances the attention mechanisms and
memory capabilities for historical thermal states, en-
abling smoother actuator adjustments. As depicted in
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the 300-600 s magnified view, when the system ap-
proaches the ideal temperature range, GMA-TD3-
MPC executes more precise actions than other algo-
rithms, achieving smoother temperature transitions.
At the maximum vehicle speed, it maintains the high-
temperature circuit control temperature at 2.1 °C lower
than MPC and TD3-MPC with comparable rotational
speeds, thus preventing overheating risks. The 1900—
2200 s interval (off-road driving with significant load
fluctuations) further reveals that GMA-TD3-MPC de-
livers faster and more stable control outputs to sup-
press temperature oscillations. It restricts temperature
fluctuations to 4.8 °C (in the high-temperature circuit)
and 2.9 °C (low-temperature circuit), representing re-
ductions of 44.19% and 6.45% compared to MPC’s
8.6 and 3.1 °C fluctuations, respectively. Relative to
TD3-MPC, the fluctuation reductions reach 38.46%
and 23.68%. While TD3-MPC outperforms the base-
line MPC in temperature stability, it remains inferior
to GMA-TD3-MPC. DDPG-MPC demonstrates the
poorest performance: under critical operating condi-
tions, the pumps and fans exhibit oscillatory behavior,
with high-temperature circuit temperatures repeatedly
reaching the 120 °C safety threshold. This necessitates
frequent MPC intervention for correction. Overall, the
deterministic policy of DDPG lacks exploratory ro-
bustness and fails to handle nonlinear heat exchange
dynamics under varying vehicle operating conditions.
Figs. 6a and 6b illustrate the variations in power
consumption and cumulative energy consumption over
time for different control algorithms, while Fig. 6¢
presents a comparative analysis of the energy con-
sumption outcomes. The GMA-TD3-MPC algorithm
achieves the lowest peak power demand during the
cycle; compared to MPC, its maximum power de-
mand decreases by 10.63%, effectively mitigating
abrupt fluctuations in demand. Notably, at the 504 s
mark, peak power reductions of 18.08% compared to
MPC were observed, with the peak power advantage
persisting thereafter. This demonstrates the algorithm’s
accurate sequence modeling capability, predicting
power system demands and preemptively adjusting
cooling power, and thus avoiding overshoot caused
by response lag. Additionally, GMA-TD3-MPC main-
tains the lowest cumulative energy consumption rate
throughout the driving cycle. Regarding global energy
consumption, GMA-TD3-MPC achieves the lowest
total energy consumption of 18.08 kWh for the entire
cycle. This represents a 5.54% reduction compared to
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Fig. 6 Comparison over time among different control
algorithms: (a) power consumption; (b) cumulative energy
consumption; (c¢) energy consumption results

MPC’s 19.14 kWh, and a further 1.15% reduction over
the second-best TD3-MPC at 18.29 kWh. While this
5.54% reduction might appear modest, its practical
implications for HETVs are substantial. First, this im-
provement was achieved against a high-performance
optimization-based controller rather than a basic rule-
based strategy, indicating a significant algorithmic
gain. Second, and perhaps more critically, the 10.63%
reduction in peak power is vital for practical engineer-
ing applications. By smoothing high-frequency power
surges, this strategy alleviates thermal and electrical
stress on the onboard energy storage system and power
electronics. Thus, GMA-TD3-MPC not only reduces
energy consumption, but also enhances system reli-
ability under extreme operating conditions.

4.3 Performance analysis under high-temperature
conditions

To further validate the robustness of the pro-
posed strategy under extreme conditions, the ambient
temperature was increased to 45 °C for testing under
the same driving cycle. This elevated ambient temper-
ature significantly narrows the temperature gradient
for radiator heat exchange, thereby imposing greater
challenges on both the operational safety and energy
efficiency of the TMS. The detailed distribution of
heat rejection power from key components to the
coolant under this elevated temperature is illustrated in
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Fig. S10 in the ESM. Also, the control trajectories for
the high/low-temperature circuit pumps and radiator
fans under various strategies at an ambient tempera-
ture of 45 °C are presented in Fig. S11 in the ESM.

Fig. 7 illustrates the regulation performance of
various control strategies on the coolant temperatures
in both the high-temperature and low-temperature cir-
cuits, within a 45 °C ambient environment. Compared
to the standard temperature, the high ambient temper-
ature leads to a sharp narrowing of the available heat
transfer temperature difference between the radiator
and the ambient air. This physical constraint is partic-
ularly severe for the low-temperature circuit, and thus
the performance disparities among the different con-
trol algorithms are amplified in this case. With the
safety threshold for the low-temperature circuit set at
75 °C, the effective temperature difference is reduced
to only 30 °C at an ambient temperature of 45 °C,
which imposes stringent requirements on the response
speed and precision of the controllers. While the MPC
maintains the temperatures within safe limits, it exhib-
its a significant “overreaction”. During the acceleration
phase (400-500 s) and the off-road segment (after
2000 s), the MPC forces the temperature down to ap-
proximately 67 °C, suggesting excessive control ef-
fort. In contrast, DDPG-MPC struggles in the high-load
region (500—600 s), with local peaks approaching
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Fig. 7 Comparison of the controlled temperature results
in high/low-temperature circuits under high-temperature
conditions

74 °C. This leaves a safety margin of less than 1 °C,
which implies substantial thermal runaway risk.

Although TD3-MPC achieves a temperature reg-
ulation trend similar to the proposed method, it does
so at the cost of higher energy consumption. Overall,
GMA-TD3-MPC demonstrates the best comprehensive
performance. During the identical off-road segment
(19002200 s), GMA-TD3-MPC restricts the tempera-
ture fluctuation amplitudes in the high-temperature
and low-temperature circuits to within 8.8 and 3.5 °C,
respectively. Compared to the fluctuations for MPC
(9.9 and 3.8 °C), this represents significant reductions
of 11.11% and 7.89%, respectively.

Figs. 8a—8c illustrate the instantaneous power de-
mand and cumulative energy consumption of various
control strategies at an ambient temperature of 45 °C.
In comparison to standard conditions (25 °C), the high-
temperature environment triggers a massive surge in
the energy demand of the TMS. Specifically, the total
energy consumption of the baseline MPC increases
from approximately 19.18 kWh at 25 °C to 63.65 kWh
at 45 °C. To compensate for the diminished heat
transfer temperature gradient, the actuators are com-
pelled to operate within high-speed ranges for ex-
tended durations to maintain thermal equilibrium. The
energy consumption differences among the algorithms
are also quite pronounced; the MPC strategy frequently
allows power peaks to hit the upper limit, keeping the
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Fig. 8 Comparison over time among different control
algorithms at 45 °C: (a) power consumption; (b) cumulative
energy consumption; (c) energy consumption results




actuator in an inefficient high-power operating state for
prolonged periods. Compared to MPC, DDPG-MPC
(57.87 kWh) and TD3-MPC (56.19 kWh) achieved
energy savings of 9.08% and 11.72%, respectively.
However, power spikes remain evident in their pro-
files. When lacking accurate predictions of tempo-
ral thermal loads, these algorithms still resort to in-
termittent high-power output to correct temperature
deviations.

The proposed GMA-TD3-MPC strategy exhibits
the most significant potential for energy conservation
under extreme conditions. Its total energy consump-
tion over the full cycle is only 55.11 kWh, represent-
ing a 13.42% reduction compared to the baseline
MPC. While ensuring that temperature limits are not
exceeded, it consistently operates the actuator within
a relatively efficient range. This approach addresses
thermal safety concerns under high-temperature con-
ditions, and conserves electrical energy through intel-
ligent management. This outcome has promising im-
plications for enhancing the endurance of HETVs in
high-temperature environments.

5 Conclusions

This study presents a GMA-TD3-MPC control
strategy for HETVs, integrating thermal management
safety and energy consumption considerations. The
strategy dynamically schedules controllers through
an action selection module that combines GMA-TD3
with MPC, optimizing energy consumption while en-
suring the thermal safety of critical components. Com-
parative simulations against benchmark strategies (tra-
ditional MPC, TD3-MPC, and DDPG-MPC) demon-
strate the method’s advantages in temperature con-
trol accuracy, system energy consumption, and opera-
tional stability.

The GMA-TD3 algorithm exhibits exceptional
training convergence and stability. Benefiting from
the temporal modeling capabilities of the GRU and
MHA mechanism, GMA-TD3 efficiently captures the
dynamic dependency characteristics of the TMS.
During training, the GMA-TD3 model achieves stable
convergence in approximately 180 steps, which repre-
sents 28% and 40% faster convergence than DDPG
and TD3, respectively.

Moreover, the GMA-TD3-MPC strategy signifi-
cantly enhances the temperature control accuracy,
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suppressing overheating risks. By leveraging RL for
temporal analysis of historical states, the actuator ac-
tion smoothness is markedly improved. Under maxi-
mum vehicle speed conditions at a standard ambient
temperature, the resulting high-temperature circuit tem-
perature is reduced by 2.1 °C compared to the TD3-
MPC and MPC strategies, effectively preventing over-
heating. In off-road conditions, the amplitude of the
temperature fluctuations decreases by 44.19% (high-
temperature circuit) and 6.45% (low-temperature cir-
cuit) compared to MPC, and by 38.46% and 23.68%
compared to TD3-MPC. Furthermore, under high-
temperature conditions (45 °C), the strategy demon-
strates superior robustness; in comparison to MPC, it
reduces temperature fluctuation amplitudes in the high-
temperature and low-temperature circuits by 11.11%
and 7.89%, respectively, thereby ensuring that com-
ponent temperatures remain within safe thresholds.

The GMA-TD3-MPC strategy accurately predicts
thermal load variations and proactively adjusts the
cooling power, thereby reducing peak power demand
and cumulative energy consumption. Under typical
tracked vehicle driving cycles at a standard tempera-
ture (25 °C), the total energy consumption decreases
to 18.08 kWh, representing reductions of 5.54% and
1.15% compared to MPC and TD3-MPC, respectively.
At the same time, the peak power demand decreases
by 10.63% compared to MPC, demonstrating the help-
fulness of the temporal predictions in stabilizing energy
consumption. Under extremely high-temperature con-
ditions (45 °C), the energy conservation advantage
widens; the total energy consumption is constrained
to 55.11 kWh, achieving a 13.42% reduction compared
to the baseline MPC strategy.

The proposed GMA-TD3-MPC strategy not only
addresses the challenge of multi-zone decoupled regu-
lation, but also demonstrates superiority in energy con-
sumption optimization. However, some limitations
persist, such as the model’s dependency on the ideal-
ized simulation environment of the GT-SUITE plat-
form, which does not consider real-world factors like
sensor noise and abrupt environmental changes. Fu-
ture research efforts will focus on validating the real-
time capability of the proposed strategy. Notably, this
strategy was designed with computational efficiency
in mind: online execution involves only the fast infer-
ence of the RL agent and the solution of a convex qua-
dratic programming problem for the linear MPC, both
of which can be readily embedded into the 1 s-long
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control cycle of the system. Conceptually, the pro-
posed framework would be deployed as a supervi-
sory thermal controller within the vehicle control unit
(VCU) or a dedicated thermal management control
unit (TMCU). In the architecture of a physical vehi-
cle, this supervisory unit would acquire real-time sys-
tem states via the controller area network (CAN) bus,
compute the global optimal actuator speed commands,
and transmit these targets to the local actuator control-
lers for high-frequency low-level execution. Building
on this, the strategy’s adaptability to extreme operat-
ing conditions should be investigated further. Addi-
tionally, considering the unique skid-steering charac-
teristics of tracked vehicles, follow-up studies will in-
tegrate a dual-track dynamic model to explicitly ana-
lyze the asymmetric thermal loads on the left and
right traction motors during steering maneuvers; this
will help enhance the spatial resolution of the thermal
management control. Most importantly, to bridge the
gap between simulations and deployment in real vehi-
cles, real-time hardware-in-the-loop testing should be
introduced to verify the robustness of the algorithm
under physical communication delays and hardware
constraints.
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