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Abstract : This paper proposes a model-reference-based reinforcement learning control method to improve longitudinal
speed tracking of heavy-duty vehicles. Because of their large mass and inertia, such vehicles show significant variations in
longitudinal dynamics due to payload, road grade, driving resistance, and external disturbances. These conditions make
consistent tracking difficult with a single model-based controller. To address this, the study uses a Linear Quadratic Regulator
(LQR) based on a linearized longitudinal model as the baseline controller. A residual control structure, in which a
reinforcement learning agent compensates for the state deviation between the LQR closed-loop reference model and the
actual vehicle, is also presented. A Twin Delayed Deep Deterministic Policy Gradient (TD3)-based residual policy generates
additional compensation input according to this state deviation. Validated through IPG TruckMaker simulations under various

driving conditions, the proposed method reduced speed-tracking error when compared with conventional controllers. Results

showed improved longitudinal speed-tracking performance under model variations and disturbances.

Key words : Heavy-duty vehicle(th3 8 2}), Longitudinal speed tracking control(Z W3 &%= FF A|of),
Reinforcement learning(7 3} &} <5), Longitudinal vehicle dynamics(F % & X} 5 9 8}, Model uncertainty(2- 2 & &2

4d), Adaptive control(%-§ A ©])
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Table 2 Comparison of RRL and MRRLC over 10 training
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Scenario 2 0.45526 0.39410 0.52908
Scenario 3 0.61356 0.42539 0.56262
Scenario 4 0.77786 0.46708 0.60008
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Fig. 7 Simulation results for Scenario 1 Fig. 8 Simulation results for Scenario 4
Table 4 Quantitative results across all scenarios (best results in bold)
Scenario Controller Velocity RMSE Peak Jerk ETP
[m/s] [m/s3] [%]
LQR 0.130132 - 93.85
, LQR + MRAC 0.084641 2.115164 100.00
Scenario 1 0.029547 2.115136 100.00
LQR + MRRLC (Proposed) | o o778, 0.0484) (2.0834 + 0.0735) | (99.7300 + 0.4739)
LQR 0.544409 - 72.46
, LQR + MRAC 0.526330 0.818421 69.46
Scenario 2 0.455261 0.760675 80.32
LQR + MRRLC (Proposed) | = 474, 0.0503) (0.7968 + 0.0459) | (78.3699 + 2.6727)
LQR 0.711727 - 67.55
_ LQR + MRAC 0.704777 0.848446 63.75
Scenario 3 0.613563 0.828493 76.60
6135 ) }
LQR + MRRLC (Proposed) | =, 66354 0.0492) (0.8091 + 0.0276) | (72.0622 + 3.4273)
LQR 0.882182 - 59.77
, LQR + MRAC 0.875711 0.858829 63.09
Scenario 4
0.777856 0.691260 72.36

LQR + MRRLC (Proposed)

(0.8319 + 0.0526)

(0.7148 + 0.0278)

(68.2079 + 3.7726)
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Table 5 Comparison of RL algorithms for MRRLC in Scenario 4

Controller Veloc[iltny/:}l\ISE
LQR + MRAC 0.875711
LQR + MRRLC (DDPG) 0.862659
LQR + MRRLC (SAC) 0.870841
LQR + MRRLC (TD3) 0.777856
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