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Project abstract 

This project developed and evaluated an online adaptive platoon control framework for connected and 

automated vehicles (CAVs) to improve mobility and safety in dynamic traffic environments. The proposed 

Physics Enhanced Residual Learning (PERL) framework integrates a physics-based centralized controller, 

which models vehicle dynamics to ensure stability and interpretability, with a neural network residual module 

that adaptively corrects unmodeled dynamics and disturbances in real time. Our work can contribute to the 

U.S. DOT CARMA Platform by serving as a tactical-level cooperative longitudinal control component within 

the platooning plugin. In this role, PERL has the potential to enhance CARMA’s mobility operations layer 

by enabling real-time gap regulation, adaptive disturbance mitigation, and improved string stability under 

heterogeneous and mixed traffic scenarios. By providing a flexible yet interpretable control approach, PERL 

could support CARMA’s cooperative driving automation objectives and facilitate smoother integration of 

platooning strategies into broader transportation system management and operations. High-fidelity 

simulations and scaled platform experiments demonstrated that PERL outperforms both pure physics-based 

and pure learning-based controllers, reducing cumulative position and speed errors by more than 50% in 

simulation and up to 99% in scaled platform tests. These results suggest that the proposed framework could 

strengthen CARMA’s cooperative driving capabilities, improve the resilience of platoon control, and support 

the deployment of safe, efficient, and adaptive CAV platooning in real-world operations. 

 

 

 

  



 

 

1. Introduction  

Connected and automated vehicles (CAVs) have the potential to improve roadway throughput, reduce 

congestion, and enhance traffic safety by enabling close, coordinated vehicle following. Among the various 

cooperative driving applications, vehicle platooning has emerged as a promising strategy that leverages 

vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications to achieve string stability and 

maintain short headways without compromising safety. Despite its advantages, the practical deployment of 

CAV platooning faces significant challenges. Real-world traffic environments are dynamic and uncertain, 

characterized by fluctuating traffic densities, heterogeneous vehicle capabilities, environmental disturbances, 

and communication imperfections. These factors can degrade platoon performance, creating a persistent 

trade-off between safety and mobility. 

Traditional platoon control methods can be broadly divided into three categories: physical model-based (e.g., 

rule-driven, optimization), learning-based (e.g., reinforcement learning), and hybrid approaches combining 

learning with physical models. Physical model-based control strategies for CAV platoons predominantly rely 

on classical control theories, leveraging well-established physical rules of vehicle dynamics and behavior (1). 

These methods that explicitly model dynamics and ensure interpretable, stable control. For instance, linear 

control theories, including proportional-integral-derivative (PID) control (2) and linear quadratic regulators 

(LQR) (3), provide simple and computationally efficient solutions but are limited in handling nonlinearities. 

Nonlinear control methods, like sliding mode control (SMC) (4) offer robustness against model uncertainties 

and external disturbances. While model predictive control (MPC) (1), optimize control inputs over prediction 

horizons and can incorporate system constraints; extensions such as distributed MPC (5) and hybrid MPC for 

intersections (6) enhance scalability and coordination. Robust control techniques, such as tube-based MPC 

(7), are designed to maintain stability and performance under bounded disturbances and modeling 

uncertainties, ensuring string stability across heterogeneous platoons. The proposed robust control strategy 

significantly enhances disturbance rejection performance and substantially reduces the online computation 

burden(8). Although these methods are grounded in strong theoretical foundations and maintain 

interpretability, they tend to oversimplify real-world nonlinearities, particularly in heterogeneous platoon 

scenarios. This can lead to significant control errors, causing the system’s output to deviate notably from 

ideal control and prediction scenarios (9, 10). 

Learning-based control methods enable online adaptations to dynamic environments through data-driven 

approaches (11, 12). This group includes data-driven adaptive and policy learning approaches using machine 

learning and reinforcement learning, enabling to capture characteristic nonlinear relationships and to evolve 

dynamics in urban traffic (13, 14). These methods excel in environments where the vehicle dynamics and 

interactions are too complex for traditional models to handle accurately. For instance, deep reinforcement 

learning (DRL) and neural networks (NN) have been utilized to optimize platoon strategies in real-time, 

adapting to changes in traffic flow and signal timings without relying on predefined models (15, 16). Shi et 

al. (17) proposed a cooperative control strategy for CAVs in mixed traffic environments, utilizing DRL to 



 

 

segment the platoon into multiple subsystems for centralized management. Li et al. developed an adaptive 

platoon-based intersection control model, named INTEL-PLT, which utilizes learning-based control to 

optimize multiple dynamic objectives (18). Multi-agent reinforcement learning (MARL) further expands 

these capabilities, facilitating distributed decision-making within platoons. Representative works by Busoniu 

et al. (19), Xu et al. (20) have shown that MARL can effectively capture inter-vehicle dependencies, leading 

to scalable and flexible traffic coordination. Multi-agent systems extend these capabilities by enabling 

decentralized decision-making in CAV platoons, using multi-agent NNs to support scalable, flexible traffic 

management (21, 22). Despite their adaptability, learning-based controllers often suffer from low 

interpretability and transparency, especially in safety-critical environments where decision traceability is 

crucial. Moreover, their dependency on large, high-quality datasets can hinder performance in rare-event 

scenarios and environments with limited real-world training data. 

To address the limitations of pure physics-based or purely learning-based approaches, recent studies have 

explored Physics-Informed Machine Learning (PIML) approaches that integrate physical principles into data-

driven models (23, 24). For instance, Physics-Informed Neural Networks (PINNs) encode physical laws, such 

as partial differential equations (PDEs), as soft constraints within neural network training, enabling solutions 

that inherently respect dynamical principles (25, 26). While PINNs have shown success in modeling 

dynamical systems, their reliance on end-to-end offline training significantly limits real-time adaptability, 

especially in response to disturbances such as abrupt braking or sensor degradation. This integration enhances 

the learning efficiency and generalizability of the models under limited data conditions typical in novel traffic 

scenarios. For instance, we aim to leverage a physical model as the foundation to achieve approximately 90% 

of the desired control performance from scratch, and then employ neural networks and other learning-based 

methods to capture and refine the remaining 10% induced by dynamic factors. These hybrid methods aim to 

achieve high performance by leveraging physical priors while compensating for unmodeled dynamics 

through machine learning (27). Despite recent advances, existing hybrid control methods face key limitations 

in dynamic, safety-critical applications such as CAV platoons. Most PIML approaches rely on offline 

retraining when encountering novel disturbances, limiting real-time adaptability. Their tight integration of 

physics and learning also reduces interpretability, complicating fault diagnosis and certification (17). 

Moreover, frameworks like PINNs often model full dynamics from scratch, requiring large-scale data and 

overlooking the value of existing physical models.  

Fig. 1 compares the PERL model with three existing models: the fixed physics model, the NN pure learning 

model, and the PINN model. The fixed physics model, reliant on offline control, incurs increased positional 

errors. The NN model improves control through data but lacks interpretability and is heavily data-dependent. 

The PINN model, merging physical and data-driven features, offers adaptability but underperforms with 

limited data. Furthermore, PINNs are typically trained offline and are not designed for real-time adaptation. 

Our proposed PERL framework innovatively combines physical models with data-driven NN methods. It 

utilizes prior knowledge from the physical model and employs residual learning to correct physical model 

predictions, enhancing control precision in scenarios with platoon dynamics disturbances. Unlike PINNs, 



 

 

which treat physical constraints as training regularizes, PERL maintains the physical model as a fixed, reliable 

base and learns residual errors separately. This design enables both interpretability and online adaptability, 

allowing PERL to achieve high-precision control under limited data and dynamic disturbances.  

 

 

Fig. 1 Comparison of different model structures. 

Fig. 1 compares four control model structures for connected and automated vehicle platoon control. (a) Fixed 

physics model: physics model, physics prediction, and optimizer produce a fixed controller, with high control 

error. (b) Neural network (NN)-based learning model: NN control with multiple network layers and an online 

controller, with high control error. (c) Physics-informed neural network (PINN)-based hybrid model: physics 

control and NN control with optimizer and online learning form a hybrid controller, adaptability unknown, 

with notable control error. (d) Physics Enhanced Residual Learning (PERL)-based adaptive model: physics 

control, optimizer, residual learning, and adaptive controller achieve precise states with minimal control error. 

 

Inputs for all models include platoon status, vehicle trajectory, relative velocity, relative distance, and traffic 

uncertainty.This project addresses these challenges by developing an online adaptive platoon control 

framework. The proposed Physics Enhanced Residual Learning (PERL) framework embeds a physics-based 

centralized platoon controller within a neural network residual learning module that continuously corrects 



 

 

unmodeled dynamics in real time. This hybrid approach maintains the stability and interpretability of physics-

based control while leveraging the adaptability of data-driven methods to respond to unpredictable operating 

conditions. By enabling rapid adaptation to disturbances and maintaining safe inter-vehicle gaps, the PERL 

framework aims to reduce the traditional safety–mobility trade-off, supporting Transportation System 

Management and Operations (TSMO) goals and paving the way for large-scale, cooperative CAV 

deployment. Our work can contribute to the U.S. DOT CARMA Platform by serving as a tactical-level 

cooperative longitudinal control component within the platooning plugin, enhancing its mobility operations 

layer through adaptive gap regulation and disturbance mitigation. In future implementations, the PERL 

framework could be integrated into CARMA’s tactical control modules to strengthen cooperative driving 

automation capabilities in both simulated and real-world environments. 

2. Framework 

As shown in Fig. 2, the proposed vehicle platoon control system consists of three main modules: vehicle 

platoon disturbance, inherent physical model, and residual learning model. The controller’s input consists of 

uncertain vehicle platoon states with multiple disturbances, while the output includes control actions with 

residual compensation for all vehicles. (1) Vehicle platoon disturbance module: this module accounts for 

disturbances such as non-linearity, dynamic coupling, vehicle interactions, and external friction. These 

disturbances are captured and utilized in the control model to understand and adjust for deviations in platoon 

behavior. (2) Inherent physical model module: This module generates the reference trajectory based on 

vehicle dynamics, reference states, and control inputs. As the controller's core, it ensures path adherence by 

modeling motion from physical parameters and dynamics. (3) Residual learning model module: this module 

compensates for residual errors not addressed by the physical model. A NN is trained with a small amount of 

dynamic data to learn and adjust control signals in real time, compensating for discrepancies between the 

ideal and actual vehicle behaviors, thereby enhancing accuracy and system robustness. Through this adaptive 

learning process, the controller allows for appropriate driving speeds and real-time control adjustments, 

minimizing deviations from the reference trajectory while maximizing stability. Together, these modules 

enable the controller to effectively handle dynamic changes and external disturbances, ensuring precise and 

stable control for all vehicles in the platoon. 

Specifically, PERL fundamentally differs from PINN in principle, as illustrated in Fig. 1 (b) and (c). The 

physical model is not merely a guide for the learning process but a core component of the PERL output. By 

incorporating prior knowledge, the residual learning model focuses on predicting the residuals as corrections. 

PERL learns residuals to correct the physical model, offering key advantages: (1) lower bias risk due to the 

physical model; (2) efficient learning by reducing dimensions and concentrating on residuals; (3) lower data 

requirements; (4) improved interpretability and transparency, vital for autonomous systems. These benefits 

improve platoon control under uncertainty. 

 



 

 

 

Fig. 2 The integrated CAVs platoon control framework. 

Fig. 2 presents the integrated connected and automated vehicle (CAV) platoon control framework. It includes 

three modules: (1) Vehicle platoon disturbance, covers dynamics non-linearity, dynamics coupling, vehicle 

interaction, and inherent frictions; (2) Inherent physical model, uses platoon dynamics, reference state, 

optimizer, prediction model, and physical controller to generate control commands; (3) Residual learning 

model, uses few-shot dynamics data and neural network adaptive learning to produce control residuals, with 

online residual fine-tuning for improved accuracy. The framework regulates following and leading vehicles 

to maintain ideal stable states. 

3. Adaptive platoon control  

Connected and automated vehicles (CAVs) have the potential to improve roadway throughput, reduce 

congestion, and enhance traffic safety by enabling close, coordinated vehicle following. Among the various 

cooperative driving applications, vehicle platooning has emerged as a promising strategy that leverages 

vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications to achieve string stability and 

maintain short headways without compromising safety. Despite its advantages, the practical deployment of 

CAV platooning faces significant challenges. Real-world traffic environments are dynamic and uncertain, 

characterized by fluctuating traffic densities, heterogeneous vehicle capabilities, environmental disturbances, 

and communication imperfections. These factors can degrade platoon performance, creating a persistent 



 

 

trade-off between safety and mobility. 

The PERL controller framework streamlines into two core components: (1) The foundational physical-based 

controller that accounts for platoon dynamics in centralized control. (2) A supplementary learning module 

that embeds a residual feedback mechanism into the physical model, employing NN for adaptive online 

correction of model inaccuracies and disturbances. This dual system facilitates precise speed regulation and 

dynamic control responses, ensuring vehicles adhere closely to their trajectories for optimal platoon stability. 

3.1 Vehicle platoon system dynamics 

The platoon, consisting of 𝐼 + 1  homogeneous vehicles including a leader and 𝐼  followers, is a crucial 

component of the control system. The main task of the platoon control is to use V2V communication to form 

a flexible mixed platoon from individual vehicles on the road, achieving vehicle coordination through mutual 

cooperation. According to the hierarchical structure, platoon control is divided into centralized control and 

distributed control. Centralized control relies on a central controller to collect and process data from all 

vehicles, generating control commands to coordinate the movement of each vehicle. This approach can 

optimize and coordinate the entire system. In this study, we employ the centralized control for real vehicle 

platoon system. 

According to the vehicle longitudinal dynamics, the linear model for a single vehicle 𝑖 ∈ ℐ = {1,2,… , 𝐼} at 

time step 𝑘 ∈ ℤ with constant sampling interval Δ𝑡: 

{
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where 𝑝𝑘
𝑖  denotes the position, 𝑣𝑘

𝑖  denotes the speed, 𝑎𝑘
𝑖  denotes the acceleration, 𝜏 denotes the control cycle 

time interval, 𝛼 denotes the proportional constant relating control input (e.g., PWM duty cycle or motor 

torque command) to linear acceleration in the physical model, 𝛽 denotes the static resistance offset. 

Then, we can get the state space model for vehicle 𝑖 at time 𝑘: 

𝑥𝑘+1
𝑖 = 𝐴𝑖𝑥𝑘

𝑖 +𝐵𝑖𝑢𝑘
𝑖 + 𝐶𝑖 

where 𝑥𝑘
𝑖 = [𝑝𝑘
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𝑖 , 𝑎𝑘

𝑖 ]
⊤

 is the state information for vehicle 𝑖,  
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This study assume all vehicles in the platoon are homogeneous (𝐴𝑖 = 𝐴,𝐵𝑖 = 𝐵, 𝜏𝑖 = 𝜏). We then define: 

𝑋𝑘 = [𝑝𝑘
1, … , 𝑝𝑘

𝐼 , 𝑣𝑘
1, … , 𝑣𝑘

𝐼 , 𝑎𝑘
1 , … , 𝑎𝑘

𝐼 ]
⊤

 

𝑈𝑘 = [𝑢𝑘
1 , … , 𝑢𝑘

𝐼 ]
⊤

 

such that the platoon dynamics are: 

𝑋𝑘+1 = 𝐴𝐼𝑋𝑘 + 𝐵𝐼𝑈𝑘 

where 𝐴𝐼 = 𝐴⊗𝐸𝐼 , 𝐵𝐼 = 𝐵⊗ 𝐸𝐼 ,⊗ is the Kronecker operator, which is used to extend the single-vehicle 

dynamics 𝐴 and control matrix 𝐵 to the entire platoon by replicating them across all 𝐼 vehicles. 𝐸𝐼 is the 𝐼 

dimensional elementary matrix. 

Define the change in control actions Δ𝑈𝑘 from the previous control action 𝑈𝑘−1: 

Δ𝑈𝑘 = 𝑈𝑘 − 𝑈𝑘−1 = [Δ𝑢𝑘
1 , … , Δ𝑢𝑘

𝐼 ]
⊤

 

where Δ𝑢𝑘
𝑖  is the change in control action for vehicle 𝑖. 

To predict the platoon’s state for the next 𝑁 steps, this study introduces the predicted state value of the platoon 

at time 𝑘 + 𝑛 for 𝑛 ∈ 𝒩 = {1, . . . , 𝑁} from the measured state value at time 𝑘, denoted as 𝑋̂𝑘+𝑛∣𝑘, with the 

prediction window defined as: 

𝒳𝑘 = [𝑋̂𝑘+1∣𝑘
⊤ , … , 𝑋̂𝑘+𝑁∣𝑘

⊤ ]
⊤

 

For the predicted value of the platoon controller as: 

Δ𝑈̂𝑘 = [Δ𝑈̂𝑘∣𝑘
⊤ , … , Δ𝑈̂𝑘+𝑁−1∣𝑘

⊤ ]
⊤

 

where from the measurement at time 𝑘 the predicted applied control at time 𝑘 + 𝑛 is: 

𝑈̂𝑘+𝑛∣𝑘 = 𝑈̂𝑘+𝑛−1∣𝑘 + Δ𝑈̂𝑘+𝑛∣𝑘 

Δ𝑈̂𝑘+𝑛∣𝑘 = [𝛥𝑢̂𝑘+𝑛∣𝑘
1 , … , 𝛥𝑢̂𝑘+𝑛∣𝑘

𝐼 ]
⊤

 

The state prediction of the platoon 𝒳𝑘 can be written as a linear combination of the current state 𝑋𝑘, the 

previously applied control 𝑈𝑘−1 and the predicted change in control Δ𝑈̂𝑘: 

𝒳𝑘 = 𝛷𝑋𝑘 + 𝜆𝑈𝑘−1 + 𝛤𝛥𝑈̂𝑘 

Where 
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where 𝛷 is constructed via a Kronecker product to capture the temporal evolution of the platoon state over 

the prediction horizon 𝑁, 𝜆 accounts for the influence of previously applied control inputs 𝑈𝑘−1, 𝛤 represents 

the mapping from predicted control input changes 𝛥𝑈̂𝑘 to the future state vector. 

This study defines the reference state of each vehicle 𝑖 ∈ ℐ at time step 𝑘 as 𝑝𝑘
𝑖∗, 𝑣𝑘

𝑖∗, 𝑎𝑘
𝑖∗, the joint reference 

state for the platoon is denoted as: 

𝑋𝑘
∗ = [𝑝𝑘

1∗, … , 𝑝𝑘
𝐼∗, 𝑣𝑘

1∗, … , 𝑣𝑘
𝐼∗, 𝑎𝑘

1∗, … , 𝑎𝑘
𝐼∗]

⊤
 

𝒳𝑘
∗ = [(𝑋𝑘+1

∗ )⊤, … , (𝑋𝑘+𝑁
∗ )⊤]⊤ 

where ∗ denotes the desired or nominal value obtained from the first-step prediction of the physical model, 

considering vehicle dynamics and inter-vehicle constraints. At each control step, the model solves an 

optimization problem to generate a finite-horizon trajectory, from which the first predicted state is extracted 

as the reference for residual learning. 

Consider for each vehicle 𝑖 ∈ ℐ, the absolute position, velocity, and acceleration errors between the actual 

state and the reference state is computed as: 

{

𝑝̃𝑘
𝑖 = 𝑝𝑘

𝑖 − 𝑝𝑘
𝑖∗

𝑣̃𝑘
𝑖 = 𝑣𝑘

𝑖 − 𝑣𝑘
𝑖∗

𝑎̃𝑘
𝑖 = 𝑎𝑘

𝑖 − 𝑎𝑘
𝑖∗

 

For the entire platoon, these errors can be written as: 

𝑋𝑘 − 𝑋𝑘
∗ = [𝑝̃𝑘

1, … , 𝑝̃𝑘
𝐼 , 𝑣̃𝑘

1, … , 𝑣̃𝑘
𝐼 , 𝑎̃𝑘

1 , … , 𝑎̃𝑘
𝐼 ]
⊤

 

Then denote 𝑝̂𝑘+𝑛∣𝑘
𝑖 , 𝑣𝑘+𝑛∣𝑘

𝑖 , 𝑎̂𝑘+𝑛∣𝑘
𝑖  as the prediction error where the subscript indicates the state prediction 

at time 𝑘 + 𝑛 given the state at time 𝑘.  

3.2 Optimized MPC for platoon control 

Centralized control requires a central controller to optimize vehicle control at each timestep, facing challenges 

from intertwined vehicle states and controls, and the need to forecast complex, long-term traffic dynamics 

due to dimensionality and disturbances. MPC, a closed-loop method, predicts system behavior for a defined 



 

 

future period and optimizes control laws within constraints, applying only the first-step control. Repeated 

each timestep, MPC effectively adjusts to control errors and uncertainties, making it well-suited for CAV 

Platoon control. The formulation of the MPC controller, featuring a finite prediction horizon of 𝑁 steps, is as 

follows: 

𝐽(𝑘, 𝑁) = min∑  

𝑁−1

𝑛=0

[∑  

𝐼

𝑖=1

𝑞1(𝑝̂𝑘+𝑛∣𝑘
𝑖 )

2
+ 𝑞2(𝑣̂𝑘+𝑛∣𝑘

𝑖 )
2
+ 𝑞3(𝑎̂𝑘+𝑛∣𝑘

𝑖 )
2
+ 𝑞4(𝛥𝑢̂𝑘+𝑛∣𝑘

𝑖 )
2
] 

𝑠. 𝑡.: 

𝑑min  ≤ 𝑝
𝑖−1 − 𝑝𝑖 ≤ 𝑑max, ∀𝑖 ∈ ℐ 

𝑣min ≤ 𝑣
𝑖 ≤ 𝑣max, ∀𝑖 ∈ ℐ 

𝑎min ≤ 𝑎𝑖 ≤ 𝑎max, ∀𝑖 ∈ ℐ 

where 𝑞1, 𝑞2, 𝑞3, 𝑞4  correspond to errors in position, velocity, acceleration, and control inputs. 

𝑑max, 𝑑min, 𝑎max, 𝑎min, 𝑣max, 𝑣min  are the maximum and minimum limits for space, acceleration, and 

velocity. Constraint (20) ensures platoon safety and distance limits; constraint (21) enforces road speed limits; 

constraint (22) sets acceleration limits based on vehicle engine and braking capacities. 

The problem can be written in the form of a quadratic program: 

𝐽(𝑋𝑘 , 𝛥𝑈̂𝑘) = 𝛥𝑈̂𝑘
⊤(𝛹 + 𝛤⊤𝛺𝛤)𝛥𝑈̂𝑘 + 2(𝛷𝑋𝑘 + 𝜆𝑈𝑘−1 −𝒳𝑘

⋆)⊤𝛺𝛤𝛥𝑈̂𝑘 

𝑠. 𝑡.: 

𝐺̅𝛤𝛥𝑈̂𝑘  ≤ −𝐺̅(𝛷𝑋𝑘 + 𝜆𝑈𝑘−1) − 𝑔̅ 

where 𝛺 = diag {𝑄,… , 𝑄, 0},𝛹 = diag {𝑅𝛥, … , 𝑅𝛥} are block diagonal matrices, 

𝑄 = [

𝑞1𝐸𝐼 0 0
0 𝑞2𝐸𝐼 0
0 0 𝑞3𝐸𝐼

] , 𝑅𝛥 = 𝑞4𝐸𝐼 

𝐺̅ = diag[𝐺̌, … , 𝐺̌] , 𝑔̅⊤ = [𝑔⊤, … , 𝑔⊤], 

𝐺̌ =

[
 
 
 
 
 
𝔗𝐼 0 0
−𝔗𝐼 0 0
0 −𝐸𝐼 0
0 𝐸𝐼 0
0 0 −𝐸𝐼
0 0 𝐸𝐼 ]

 
 
 
 
 

, 𝑔 =

[
 
 
 
 
 
1𝐼−1𝑑min
−1𝐼−1𝑑max
1𝐼𝑣min
−1𝐼𝑣max
1𝐼𝑎min
−1𝐼𝑎max ]

 
 
 
 
 

, 

where 𝔗𝐼 is a size (𝐼 − 1) ∗ 𝐼 Toeplitz matrix with −1 on the diagonal and 1 on the first upper diagonal. 



 

 

Vectors 1𝐼−1 and 1𝐼 are columns of ones of size (𝐼 − 1) and 𝐼, respectively. Advanced solvers can rapidly 

solve this quadratic optimization problem. The optimal platoon control action minimizes the constrained 

finite horizon cost function. 

𝛥𝑈̂𝑘
⋆ = argmin

𝛥𝑈̂𝑘

  𝐽(𝑋𝑘 , 𝛥𝑈̂𝑘) 

where the first item Δ𝑈̂𝑘|𝑘
⋆  will be the output control 𝑢𝑘

𝑝
 of the physical model. 

3.3 The inherent vehicle physical model 

For vehicle platoon system, to effectively model the nonlinear characteristics of platoon dynamics within 

processing constraints and without incurring substantial computational expenses, this study utilizes a model 

based on physical principles that captures the essence of these dynamics efficiently. The control command, 

expressed in terms of revolutions per minute (RPM), ensures the smooth and safe operation of the entire 

platoon by directly adjusting the duty cycle of the pulse width modulation (PWM), which ranges from 0% to 

100%. This PWM duty cycle, in turn, linearly dictates the motor voltage, thereby determining the motor speed 

and allowing for precise regulation of the robotic system’s movement. As shown in Fig. 3, under ideal 

conditions, the motor voltage and RPM should exhibit a linear relationship. 

Therefore, the input to the physical model consists of the initial vehicle states and the predicted trajectory 

over a finite horizon, as illustrated in Fig. 4b. 

𝑆Phy = [𝑝𝑖0, 𝑣𝑖0, 𝑎𝑖0]∀𝑖∈ℐ, [𝑝̂𝑖𝑘 , 𝑣𝑖𝑘 , 𝑎̂𝑖𝑘]∀𝑘∈𝒦,𝑖∈ℐ 

The output is a set of control commands: 

𝑓Phy: (𝑆Phy|𝜃Phy) → [𝑢𝑖]∀𝑖∈ℐ = linear (MPC(𝑆
Phy)) 

where 𝑆Phyis the model inputs for the physics model; 𝑢𝑖  is the control command of CAV 𝑖 ∈ ℐ, i.e., the 

revolutions per minute (RPM), 𝑓Phy is the physics model; 𝜃Phy is the model parameters for the physics 

model. 

However, experimental observations reveal systematic deviations due to nonlinearities introduced by motor 

friction, drivetrain losses, internal resistance, and battery voltage drops. These unmodeled physical effects 

lead to residual errors between expected and actual system responses. an unmodeled residual capturing low-

speed/high-speed distortions, including friction, back EMF, and battery variation. As illustrated in Fig. 4b, 

given the difficulty of modeling residual errors analytically, this study employs a data-driven residual learner 

(see Section 3.4) to capture and correct this term in real time. This hybrid strategy ensures that the physical 

model remains interpretable and analytically valid, while the PERL framework compensates for its systematic 

bias under real-world conditions. 



 

 

 

Fig. 3 The control command for vehicle platoon system. 

Fig. 3 describes the control command process for a vehicle platoon system. Input: controller outputs vehicle 

RPM (0–400) with a linear relationship. Run: vehicle PWM duty cycle (0%–100%) ideally has a linear 

relationship with RPM. Transfer: motor voltage (0–6V) ideally linear to control speed; if not, output is ideal 

control speed. If voltage is linear but motor speed deviates, actual speed includes residual errors. Final output 

is ideal control speed when no residuals are present. 

 

3.4 Online adaptation based on residual learning 

While physics-based controllers provide reliable and interpretable nominal control, their simplified dynamics 

and offline parameterization often fail to capture real-world nonlinearities such as actuator saturation, voltage 

drops, and frictional effects. As illustrated in Fig. 4b, to address this, the PERL framework incorporates a 

residual learning module that continuously refines the output of the physical controller by learning and 

compensating for systematic deviations observed during execution. Specifically, residual learning refines 

control outputs by addressing the “gap” between predicted and actual system states. Simplified motion models 

often introduce residual dynamic errors between actual outputs and intended commands. To address this, the 

residual module employs a three-layer fully connected multilayer perceptron (MLP) with 64, 32, and 16 units, 

respectively, and ReLU activations. It is trained online using the Adam optimizer and outputs discrete 

adjustments to the control signal. It maps a set of observed and predicted variables to a control correction 

term 𝑢̅𝑖 for each vehicle. The input to the residual model is: 

𝑆RL = [𝑝𝑖0, 𝑣𝑖0, 𝑎𝑖0]∀𝑖∈ℐ,  [𝑝̂𝑖𝑘 , 𝑣𝑖𝑘 , 𝑎̂𝑖𝑘]∀𝑘∈𝒦,𝑖∈ℐ,   [𝑒𝑖 , 𝑟𝑖, 𝑏𝑖]∀𝑖∈ℐ 

The output is a set of control commands: 

𝑓RL: (𝑆RL|𝜃RL) → [𝑢̅𝑖]∀𝑖∈ℐ = MLP(MPC(𝑆
RL), 𝑆RL) 

where 𝑆RL is the model inputs for the residual learning; 𝑢̅𝑖 is the residual of the RPM of CAV 𝑖 ∈ ℐ; 𝑓RL is 



 

 

the residual learning model; 𝜃RL is model parameters for the residual learning. 

Therefore, the physical controller outputs a baseline control 𝑢𝑖, and the NN predicts a residual term 𝑢̅𝑖, which 

is then combined to produce the final control command for PERL: 

𝑓PERL(𝑆PERL|𝜃PERL) =  𝑓Phy: (𝑆Phy|𝜃Phy) + 𝑓RL: (𝑆RL|𝜃RL) → [𝑢𝑖 + 𝑢̅𝑖]∀𝑖∈ℐ 

where 𝑓PERL is the PERL model; 𝑆PERL is the model inputs for the PERL; 𝜃PERL is the model parameters for 

the PERL. 

To ensure stable deployment across various platforms, the residual policy is trained over a discretized action 

space within the allowable acceleration range. The NN-based residual learner is decoupled from the physical 

controller, allowing independent adaptation without retraining the entire model pipeline. This decoupled 

architecture differs fundamentally from monolithic models like Physics-Informed Neural Networks (PINNs), 

where physical constraints are embedded directly in the loss function and training is typically offline. In 

contrast, PERL treats the physics-based model as a stable, fixed prior and applies residual learning only to 

compensate for unmodeled effects. 

Illustration of control deviation and residual compensation in PERL. (a) Control errors from actuator 

imperfections and external disturbances cause actual trajectories (red) to deviate from planned ones (black 

dashed), undermining platoon performance. (b) The PERL framework mitigates this by combining a physical 

controller with a neural residual module: the former generates nominal control 𝑢𝑖, while the latter refines it 

using features like turning rate 𝑟𝑖, battery state 𝑏𝑖, and past trajectory errors to generate a residual correction 

𝑢̅𝑖. (c) The final control (green) improves tracking accuracy and platoon stability. 

 

Fig. 4 Illustration of control deviation and residual compensation in PERL.  



 

 

Fig. 4 is the illustration of control deviation and residual compensation in the PERL framework. (a) Control 

errors from actuator imperfections and external disturbances cause actual trajectories (red) to deviate from 

planned ones (black dashed), undermining platoon performance. (b) The PERL framework mitigates this by 

combining a physical controller with a neural residual module: the former generates nominal control 𝑢𝑖, while 

the latter refines it using features like turning rate 𝑟𝑖, battery state 𝑏𝑖, and past trajectory errors to generate a 

residual correction 𝑢̅𝑖. (c) Adjusted trajectories (green) closely match planned trajectories, improving tracking 

accuracy and platoon stability. 

 

Fig. 4 illustrates the motivation and core idea behind the proposed PERL framework. As shown in subfigure 

(a), conventional model-based controllers, generate planned trajectories based on simplified vehicle 

dynamics. However, real-world actuator imperfections (e.g., motor nonlinearity, delay) and external 

disturbances (e.g., wind, road friction) cause actual trajectories to diverge from the plan, leading to safety 

risks and reduced control performance. To mitigate this, PERL introduces high-level physical controller and 

a residual learning module, as shown in (b). The physical model outputs a nominal control command 𝑢𝑖, 

while the residual learner observes tracking deviation and platform features such as turning rate 𝑟𝑖, battery 

state 𝑏𝑖, and past trajectory errors to generate a residual correction 𝑢̅𝑖. As a result, the adjusted control leads 

to trajectories (green curves in (c)) that closely follow the intended path, thereby reducing accumulated error, 

improving control fidelity, and enabling tighter platoon spacing. This integration enables real-time 

adaptability without sacrificing interpretability. 

 

 

Fig. 5 The dynamic residuals between reference and predicted trajertory control in CAV platoon. 



 

 

Fig. 5 is the dynamic residuals between reference and predicted trajectory control in a CAV platoon. The 

reference trajectory (red) and predicted trajectory (blue) differ due to vehicle platoon disturbances. Residuals 

are estimated in the past period, corrected through neural network learning, and compensated in the future 

period to match the actual state. Predicted control speed follows the corrected trajectory. Insets show 

conceptual vehicle platoon disturbances and a reduced-scale robot platoon on a circular track. 

 

Fig. 5 illustrates the dynamic residuals between the reference and predicted trajectory control in a CAV 

platoon system. It outlines the key phases of trajectory prediction and control, divided into past and future 

periods. The red line represents the reference trajectory, while the blue line depicts the predicted trajectory. 

Based on the outputs of the baseline physical model, residuals inevitably arise, which are mitigated through 

residual compensation using neural network (NN) learning. The PERL framework achieves 90% of the 

control effect via the baseline model and further incorporates NN-driven residual learning and compensation 

to reduce the remaining 10% of residual errors and disturbance impacts. 

4. Simulation experiment and results 

In this section, we assess the performance of the proposed PERL controller model within a simulation 

environment by conducting a comparative analysis against two baseline models. The simulation platform 

utilized is Python 3.8.18. The quadratic programming problem is solved using the Sequential Least Squares 

Programming (SLSQP) method, implemented through the “scipy.optimize” package in Python. 

4.1 Experiment setting and baselines 

In this simulation, we set a platoon of 5 vehicles for 30 seconds, with a 𝛥𝑡 = 0.1 seconds. To test the 

effectiveness of the PERL controller under different scenarios, we designed two types of test trajectories. (1) 

Real-world platooning trajectories, sourced from the OpenACC dataset (28). These trajectories are derived 

from actual AV-following scenarios on highways and provide empirical benchmarks that reflect realistic 

driving dynamics, including inter-vehicle spacing, acceleration patterns, and natural human-like 

perturbations. By requiring controllers to track these observed trajectories during testing, the evaluation 

process ensures a realistic and representative benchmark for assessing algorithmic performance. (2) Synthetic 

trajectories from car-following models. Specifically, the intelligent driver model (IDM) (29) is applied to 

obtain the longitudinal trajectories. The models are particularly versatile due to its capacity to adjust headway 

parameters, thus allowing for the simulation of various traffic densities and driving behaviors. The 

formulation of the IDM is shown as follows: 

𝑎𝑘 = 𝑎𝑚𝑎𝑥  [1 − (
𝑣𝑘
𝑣0
)
𝛿

− (
𝑠∗(𝑣𝑘 , 𝛥𝑣𝑘)

𝑠𝑘
)

2

] 

where the definitions and values of the parameters are shown in Table 1 and the desired minimum gap 

𝑠∗(𝑣𝑘 , 𝛥𝑣𝑘) is calculated as: 



 

 

𝑠∗(𝑣𝑘 , 𝛥𝑣𝑘) = 𝑠0 + 𝑠1√
𝑣𝑘
𝑣0
+ 𝑇𝑣𝑘 +

𝑣𝑘𝛥𝑣𝑘

2√𝑎𝑏
 

For the first type of trajectories, we randomly extracted one trajectory as Scenario 1. For the second type of 

trajectory, another one trajectory is generated as Scenario 2. By employing both types of trajectories, the 

study aims to cover a comprehensive range of driving conditions, enhancing the robustness and applicability 

of the developed algorithms. Diverse disturbance scenarios have been extensively tested in our previous work 

(30), so this study focuses on two representative reference trajectories to validate online adaptability. 

The parameters in the MPC constraints are set as follows: 𝑑min = 5m,𝑑max = 80m, 𝑎max = 5m/s
2, 𝑎min =

−5m/s2, 𝑣max  = 50m/s, 𝑣min = 5m/s. To account for control output errors during RPM and velocity 

transfer, two error models were used: affine error𝑢𝑘
𝑎 = 1.1𝑢𝑘 − 3 + 𝑥 , 𝑥~𝑁(0, 1),and quadratic error 𝑢𝑘

𝑞
=

0.01𝑢𝑘
2 + 𝑢𝑘 − 3 + 𝑥 , 𝑥~𝑁(0, 1). The online learning updated the NN every 20 time steps (2 seconds) using 

experimental data. To evaluate the effectiveness of the PERL method, the results are compared with the MPC 

with physical model and the PERL controller. These methods were tested across two scenarios and two error 

types, totaling four evaluations. 

 

Table 1 Parameters of the IDM model used for generating reference trajectories. 

Parameters Typical value 

Desired speed 𝑣0 33.3 m/s 

Safety time headway 𝑇 1.6s 

Maximum acceleration 𝑎𝑚𝑎𝑥 0.73 m/s2 

Desired deceleration 𝑏 1.67 m/s2 

Acceleration exponent 𝛿 4 

Jam distance 𝑠0 2 m 

Jam distance 𝑠1 0 m 

 

4.2 Simulation results and analysis 

Table 2 details the cumulative and maximum absolute velocity errors for the MPC with physical model and 

the online PERL method across four tests. This study uses four metrics to measure the performance of the 

two methods: the cumulative absolute error and the maximum absolute error for position and velocity, 

denoted as 𝐶𝐴𝐸𝑝, 𝑀𝐴𝐸𝑝, 𝐶𝐴𝐸𝑣, and 𝑀𝐴𝐸𝑣, respectively. The ‘Gap’ represents the difference in errors when 

compared to those obtained by the PERL method. The results demonstrate that the PERL method consistently 

outperforms the MPC with the physical model and the MPC with NN across all four tests. Specifically, the 

average cumulative absolute position errors for the PERL method are 58.5% lower compared to the MPC 

with the physical model and 58.4% lower compared to the MPC with NN. Furthermore, the average gap in 

cumulative absolute velocity errors between the PERL method and the other two methods is 40.1% and 



 

 

47.7%, respectively, indicating that the PERL method significantly outperforms the alternatives. In terms of 

maximum absolute error, the error gaps for position between the PERL method and the other methods are 

substantial, at 53.3% and 57.7%, respectively. However, the gap in maximum absolute velocity error is 

relatively smaller, averaging 2.1% and 17.4%, respectively.  

The variations in velocity error across all trajectories are depicted in Table 2, providing an explanation for 

the results. The results confirm that the online PERL method significantly outperforms the MPC with the 

physical model and NN. Additionally, Table 2 demonstrates that, in all four tests, the errors for PERL 

eventually stabilize near zero. This trend is particularly evident in Scenario 2 with quadratic error, where 

PERL initially exhibits a larger absolute velocity error than the physics-based controller. This result, however, 

does not indicate a fundamental limitation of PERL. Rather, it reflects dynamic factors such as transient phase 

sensitivity and nonlinearity in velocity-position coupling, which can amplify momentary error magnitudes 

before convergence.  

 

Table 2 Simulation results for the three control models in four tests. 

Test Scenario 1 (affine error) Scenario 1 (quadratic error) 

Method Physics NN PERL Physics NN PERL 

𝐶𝐴𝐸𝑝 3689 2409 1884 5503 9194 2892 

𝐺𝑎𝑝𝐶𝐴𝐸𝑝 48.9 21.8 0.0 47.4 68.5 0.0 

𝐶𝐴𝐸𝑣  268.6 200.5 154.0 367.6 631.3 273.8 

𝐺𝑎𝑝𝐶𝐴𝐸𝑣 42.6 23.2 0.0 25.5 56.6 0.0 

𝑀𝐴𝐸𝑝 7.0 5.0 3.7 8.1 16.2 5.4 

𝐺𝑎𝑝𝑀𝐴𝐸𝑝 47.2 26.4 0.0 33.4 66.9 0.0 

𝑀𝐴𝐸𝑣 0.6 0.5 0.5 0.8 1.1 0.6 

𝐺𝑎𝑝𝑀𝐴𝐸𝑣 19.5 7.7 0.0 21.3 41.3 0.0 

Test Scenario 2 (affine error) Scenario 2 (quadratic error) 

Method Physics NN PERL Physics NN PERL 

𝐶𝐴𝐸𝑝 12953 5089 1985 3752 10016 1769 

𝐺𝑎𝑝𝐶𝐴𝐸𝑝 84.7 61.0 0.0 52.9 82.3 0.0 

𝐶𝐴𝐸𝑣 838.5 345.1 155.1 310.6 629.0 277.0 

𝐺𝑎𝑝𝐶𝐴𝐸𝑣  81.5 55.1 0.0 10.8 56.0 0.0 

𝑀𝐴𝐸𝑝 21.4 9.0 3.7 6.9 16.3 3.4 

𝐺𝑎𝑝𝑀𝐴𝐸𝑝 82.8 58.8 0.0 49.8 78.9 0.0 

𝑀𝐴𝐸𝑣  1.1 1.3 0.6 0.9 1.3 1.7 

𝐺𝑎𝑝𝑀𝐴𝐸𝑣 48.3 56.2 0.0 -80.6 -35.6 0.0 

 

In this work, we have already conducted multiple independent training runs and selected the result that offers 

the most balanced performance across all evaluation metrics. For the online PERL controller, the initial lack 

of sufficient training data results in a large negative error. However, as training progresses, the residual 

learning component effectively learns and corrects the error, reducing the velocity error below zero and 

compensating for the initial position error caused by the negative velocity error at the outset. This 



 

 

phenomenon explains the maximum absolute error observed for the PERL method in Table 2. After training, 

the error stabilizes within the ±0.3 range, validating the effectiveness of online learning. In contrast, the MPC 

with NN approach, lacking the support of a physical model, continues to exhibit significant error even after 

training, indicating that achieving results comparable to those of PERL would require a larger volume of 

training data. 

It is also important to note that these simulations are conducted under simplified conditions, which may not 

fully capture the complexities of real-world vehicle dynamics, thus necessitating further real-world testing to 

validate the PERL methods’ performance. 

 

5. Reduced-scale platform test 

For the experiment, this study utilizes a reduced-scale robot car platform shown in Fig. 6 to evaluate the 

proposed PERL. These robot cars provide full controllability and minimize safety risks, making them 

effective proxies for validating models before full-scale deployment. The platform includes Pololu Zumo 

32U4 robots, infrared sensors for distance measurement, a PC (Intel i5, 8 GB RAM, macOS) for computation, 

Wi-Fi modules for communication, and a circular test track. This setup enables the extraction of velocity and 

acceleration to assess PERL’s performance. 

5.1 Reduced-scale platform 

As shown in Fig. 6，in this reduced-scale platform, this study divides it into 4 parts, including: 1) Robots: 

The experimental setup featured a Pololu Zumo 32U4 robot, equipped with a 75:1 HP gear ratio and advanced 

line sensors for precise line tracking. Key components include an Arduino microcontroller for ease of 

programming, additional serial port for communication upgrades, and dual motors with encoders for accurate 

position and speed monitoring. 2) Distance/Position Measurement: An infrared sensor, GP2Y0A51SK0F, 

mounted on the robot provides rapid and accurate distance measurements by converting analog signals to 

digital. This facilitates effective collision avoidance controlled by a calibrated proportional-derivative (PD) 

controller. 3) Wireless Communication: Each robot uses an ESP8266 Wi-Fi chip for low-power, IP/TCP-

based communication with the PC via a Wi-Fi router, enabling real-time exchange of speed data and 

trajectories. Packet loss is mitigated through retransmission with timeout handling, and robots are 

synchronized via periodic polling and timestamp alignment. Measured latency remains stable at 15–20 ms 

and is accounted for in controller tuning. 4) Test Track: The test track is a ring-shaped path with a 110 cm 

inner radius and 5 cm width, designed to optimize line tracking via sensor-calibrated reflectivity contrast 

between the track materials. 

 



 

 

 

Fig. 6 Reduced-scale platform and the test track. 

Fig. 6 introduces the reduced-scale platform and test track for CAV platoon experiments. Components include 

distance/position measurement using an infrared sensor and front camera, local wireless communication via 

Wi-Fi router and computer station, and robots physical testbed with control chassis and 32U4 robot. Scenario 

1 shows a single vehicle test on a circular track with cones; Scenario 2 shows a CAV platoon test with multiple 

robots on the same track. 

 

5.2 Experiment setting 

Table 3 details the parameter settings for the online adaptation algorithm, where both physical model and 

online learning update parameters every 80 milliseconds. A count threshold (Cth) of 5 allows for parameter 

updates every 0.4 seconds, independent of road condition changes. 

Table 3 Parameters of online adaptation. 

Parameters Optimal Parameters Optimal 

Layer  64 Input dim 3 

Epochs 100 Validation split 0.2 

Verbose 1 Loss MSE 

Activation relu Optimizer ADAM 

 

To assess the control accuracy of various algorithms, this study deploys three Pololu Zumo robots, each 

equipped with consistent dynamic models, to form a multi-robot platoon that autonomously navigated a 

predetermined circular track (as shown in Fig. 7). During the experiment, the robots’ states, such as position 



 

 

and speed, were continuously recorded. Fig. 7(a) illustrates the platoon system, where the robots, under 

dynamic disturbances, followed the circular trajectory, testing the platoon’s ability to maintain stable control 

and precise tracking. Fig. 7(b) shows the X-Y position trajectories collected from 10 independent runs of the 

circular platoon experiment. Each colored line represents the trajectory from one run, illustrating how the 

actual paths vary slightly from the planned trajectory due to model inaccuracies and external disturbances. 

The platoon’s performance will be validated under the PERL and baseline models (physical, NN) through 

multiple trajectory control trials. Fig. 7(c) demonstrates the reduced-scale platform testing, which includes a 

series of evaluations designed to optimize the platoon’s stability and trajectory control for the reduced-scale 

robot models, offering valuable insights into the scalability of the proposed control strategies for more 

complex systems. 

 

 

Fig. 7 Robot platoon circle trajectories for 10 laps with a target velocity. 

Fig. 7 presents the robot platoon circle trajectories for 10 laps with a target velocity. (a) Schematic of a multi-

robot platoon navigating a circular trajectory under external disturbances. (b) Circular trajectory plots for 10 

control trials. Each colored line represents a full-lap trajectory from one trial, used to evaluate tracking 

consistency, inter-robot coordination, and control repeatability. (c) Real-world reduced-scale experiment 

setup with three Zumo robots. (d) Examples of disturbance error, control error from robot dynamics, and 

control error in position and speed for robots 1, 2, and 3. 

The evaluations are divided into two stages to comprehensively assess the performance of the algorithms: 1) 

Preliminary testing, assessing stability control through pure trajectory tracking in both single and multi-robot 

platoons, focusing on responsiveness and coordination; 2) Introducing disturbances, where dynamic 

challenges are introduced to the circle scenario in order to test trajectory control under real-world conditions 

with external disruptions. Fig. 7(d) highlights various control errors, including disturbance errors, robot 

dynamics-related control errors, and position and speed control errors, to evaluate the overall performance 



 

 

and robustness of the algorithms. The errors offer insights into the system’s ability to recover from 

perturbations and maintain the desired trajectory. 

5.3 Experiment results and analysis 

Fig. 8 presents the experimental results of speed and position control for a single robot under three models: 

the Fixed Physical Model, the Online Neural Network (NN) Model, and the Online PERL Framework. Each 

graph shows the robot’s speed (desired speed as a dashed line, actual speed as a solid line) and position 

(desired position as a dashed line, actual position as a solid line) over time steps. The Fixed Physical Model 

exhibits significant fluctuations, especially between time steps 300 and 400, indicating slow response and 

imprecise adjustments. In contrast, both the Online NN and PERL models follow the desired speed more 

closely, with PERL offering smoother variations, highlighting its superior accuracy and responsiveness. 

 

 

Fig. 8 Speed comparison in single robort control. 

Fig. 8 compares speed in single robot control. It shows desired speed (black dashed) and actual robot speed 

(blue) for a single robot under three control methods: fixed physical model, online neural network (NN), 

and online PERL. Insets display zoomed-in speed variations. The PERL method achieves smoother and 

more accurate speed tracking compared to the other methods. 

 

 

Fig. 9 Speed comparison for robot 1 in platoon control. 

Fig. 9 compares speed tracking for robot 1 in platoon control under three methods: fixed physical model, 



 

 

online neural network (NN), and online PERL. Desired speed is shown in black dashed lines and actual robot 

speed in blue. The online PERL framework closely follows the desired speed with minimal fluctuations, 

outperforming the other methods in precision, stability, and responsiveness for multi-robot platoon control. 

 

 

Fig. 10 Speed comparison for robot 2 in platoon control. 

Fig. 10 compares speed tracking for robot 2 in platoon control under three methods: fixed physical model, 

online neural network (NN), and online PERL. Desired speed is shown as black dashed lines and actual 

robot speed as blue lines. The online PERL framework maintains close alignment with the desired speed 

and minimal fluctuations, outperforming the other methods in precision, stability, and responsiveness for 

multi-robot platoon control. 

 

 

Fig. 11 Speed comparison for robot 3 in platoon control. 

Fig. 11 compares speed tracking for robot 3 in platoon control under three methods: fixed physical model, 

online neural network (NN), and online PERL. Desired speed is shown as black dashed lines and actual robot 

speed as blue lines. The online PERL framework closely follows the desired speed with minimal fluctuations, 

outperforming the other methods in precision, stability, and responsiveness for multi-robot platoon control. 

 

Regarding position control, the Fixed Physical Model keeps the robot’s position near the desired trajectory, 

with slight deviations later on. The Online NN and PERL models show marked improvements, particularly 

PERL, where the robot consistently follows the desired path, emphasizing its real-time adaptability and 



 

 

precision. Overall, the PERL model outperforms the Fixed Physical and NN models in speed and position 

control, particularly in dynamic adjustments and precise tracking. 

In Figs. 9-11, the first row illustrates the speed tracking performance of three robots under three different 

models. In the fixed physical model, the robot speed fluctuates significantly around the desired speed, 

demonstrating lower stability and control precision. The online NN model shows improvement with smaller 

fluctuations, though some deviations persist. The online PERL model excels, with the robot speed closely 

following the desired trajectory and minimal fluctuations, showcasing superior control accuracy and stability. 

The second row of subplots presents the corresponding position tracking data. In the fixed physical model, 

there are significant deviations between the actual and desired positions, especially in the later stages (time 

steps 250-300), highlighting clear position control errors. The online NN model, through real-time 

adjustments, improves position control across all three robots. The online PERL model, however, nearly 

perfectly tracks the desired position with minimal error, demonstrating its powerful capability in dynamic 

platoon control. 

The comparisons in Figs. 9-11 indicate that the online PERL framework significantly outperforms both the 

fixed physical model and the online NN model in both speed and position control, showcasing exceptional 

performance in multi-robot platoons. The PERL model offers higher precision, stability, and responsiveness, 

proving its immense advantage in tasks requiring precise control. 

 

Table 4 Control performance with different models in the field experiments. 

Test Single Robot 
Platoon (Robot 1, 2, 3) 

Robot 1 Robot 2 Robot 3 

Metrics Physic NN PERL Physic NN PERL Physic NN PERL Physic NN PERL 

S. MSE 

(𝑚2/
𝑠2) 

0.0007 0.0005 0.0003 0.0014 0.0002 0.0002 0.0005 0.0013 0.0002 0.0003 0.0002 0.0002 

P. MSE 

(𝑚2) 
0.0796 0.0436 0.0017 1.2525 0.0202 0.0019 0.2818 0.0156 0.0090 0.1075 0.0211 0.0047 

 

Table 4 summarizes the control performance of different models in single-robot and robot-platoon field tests, 

reporting mean squared error (MSE) values for speed (S.MSE) and position (P.MSE). The PERL model 

consistently achieved the lowest MSE values, demonstrating superior accuracy and performance. In single-

robot tests, the PERL model recorded an S.MSE of 0.0003 and a P.MSE of 0.0019, reducing speed and 

position errors by 57.14% and 97.86% compared to the physical model, and by 40.00% and 96.10% compared 

to the NN model. This trend persisted in the platoon tests, where the PERL model outperformed its 

counterparts. For robots 1, 2, and 3, the PERL model also outperformed others, with average S.MSE and 

P.MSE values of 0.0002 and 0.0052 across three robots, reducing errors by 72.73% and 99.05% against the 

physical model, and by 64.71% and 72.58% against the NN model. These results highlight the exceptional 

performance of the PERL framework, offering lower control errors and higher precision compared to the 

fixed physical and NN models in both single robot and platoon control. 



 

 

6. Findings and Conclusions 

This study introduces an online adaptive PERL controller that combines a physical model with residual 

learning, showcasing exceptional capability in addressing the challenges of dynamic and unpredictable CAV 

platoon systems. The PERL controller, using NN-learning to adjust the physical controller’s output, 

minimizes transitional disturbances. It integrates high-precision residual predictions and adaptability, 

incorporating a physical model with inertial delay and using velocity as the control output for multi-objective 

optimization. Online residual learning effectively addresses disturbances from complex environments and 

vehicle dynamics. Simulation results reveal that trajectories generated by the online PERL controller have 

significantly lower errors compared to the physical model, with average cumulative absolute position and 

speed errors reduced by 58.5% and 40.1%, respectively, and by 58.4% and 47.7% compared to NN models. 

Tests on a reduced-scale robot car platform further confirm the superiority of the adaptive PERL controller, 

with position and speed errors reduced by 72.73% and 99.05% compared to the physical model and by 64.71% 

and 72.58% compared to NN models. PERL’s online parameter updates in response to external disturbances 

lead to marked improvements in vehicle control, with the system demonstrating rapid convergence and high 

accuracy, ensuring platoon stability under various conditions. 

Despite encouraging results, this work remains limited by small-scale validation under simplified conditions, 

which cannot fully reflect real-world CAV platoon complexity. Future work will optimize the physical model 

and enhance residual learning to better capture unmodeled dynamics and communication delays. Large-scale 

deployment at facilities such as Mcity will assess performance under realistic traffic and dense V2X 

interactions. The proposed PERL controller could also be applied within the U.S. DOT CARMA Platform as 

a tactical-level cooperative longitudinal control component in the platooning plugin, enhancing adaptive gap 

regulation and disturbance mitigation for coordinated driving automation. 

 

The outputs, outcomes, and impacts of this study are summarized as follows: 

7. Research Outputs 

• Publication: 

Zhang, P., Huang, H., Zhou, H., Shi, H., Long, K., & Li, X. (2025). Online adaptive platoon control for 

connected and automated vehicles via physics enhanced residual learning. Transportation Research Part C: 

Emerging Technologies, 178, 105242. 

Zhou, H., Huang, H., Zhang, P., Shi, H., Long, K., & Li, X. (2024, June). Online Physical Enhanced Residual 

Learning for Connected Autonomous Vehicles Platoon Centralized Control. In 2024 IEEE Intelligent 

Vehicles Symposium (IV) (pp. 16-22). IEEE. 

• Poster:  

Zhou, H., Huang, H., Zhang, P., Shi, H., Long, K. and Li, X. Online Physical Enhanced Residual Learning 

for Connected Autonomous Vehicles Platoon Centralized Control. TRB Annual Meeting, Presented at the 

104th TRB Annual Meeting, Washington D.C., January 2025. 



 

 

8. Research Outcomes 

• Enhanced Platoon Control Performance: The developed Physics Enhanced Residual Learning (PERL) 

framework significantly improves CAV platoon stability and mobility, reducing position and speed errors 

by over 50% in simulation and up to 99% in scaled platform tests under dynamic disturbances. 

• Real-Time Adaptive Capability: The framework enables online adjustment of control parameters in 

response to changing traffic conditions and disturbances, providing a robust and scalable solution for 

real-world connected and automated vehicle platoon operations. 

9. Research Impacts 

• Traffic Flow Stability: The PERL framework enhances longitudinal stability in CAV platoons, reducing 

speed oscillations and shockwave propagation, which can contribute to smoother traffic flow and reduced 

congestion. 

• Safety Enhancement: By enabling rapid adaptation to disturbances and maintaining safe inter-vehicle 

gaps, the framework reduces collision risks in dynamic and uncertain traffic environments. 

• Operational Efficiency: The adaptive control strategy allows transportation agencies and fleet operators 

to maintain high throughput while minimizing unnecessary accelerations and decelerations, reducing fuel 

consumption and improving overall operational efficiency. 

• CARMA Platform Relevance: The framework’s capabilities align with the U.S. DOT CARMA Platform, 

where it could serve as a tactical-level cooperative longitudinal control component in the platooning 

plugin, strengthening coordinated driving automation. 
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	Project abstract 
	This project developed and evaluated an online adaptive platoon control framework for connected and automated vehicles (CAVs) to improve mobility and safety in dynamic traffic environments. The proposed Physics Enhanced Residual Learning (PERL) framework integrates a physics-based centralized controller, which models vehicle dynamics to ensure stability and interpretability, with a neural network residual module that adaptively corrects unmodeled dynamics and disturbances in real time. Our work can contribu
	 
	 
	 
	  
	1. Introduction  
	Connected and automated vehicles (CAVs) have the potential to improve roadway throughput, reduce congestion, and enhance traffic safety by enabling close, coordinated vehicle following. Among the various cooperative driving applications, vehicle platooning has emerged as a promising strategy that leverages vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications to achieve string stability and maintain short headways without compromising safety. Despite its advantages, the practical deplo
	Traditional platoon control methods can be broadly divided into three categories: physical model-based (e.g., rule-driven, optimization), learning-based (e.g., reinforcement learning), and hybrid approaches combining learning with physical models. Physical model-based control strategies for CAV platoons predominantly rely on classical control theories, leveraging well-established physical rules of vehicle dynamics and behavior (1). These methods that explicitly model dynamics and ensure interpretable, stabl
	Learning-based control methods enable online adaptations to dynamic environments through data-driven approaches (11, 12). This group includes data-driven adaptive and policy learning approaches using machine learning and reinforcement learning, enabling to capture characteristic nonlinear relationships and to evolve dynamics in urban traffic (13, 14). These methods excel in environments where the vehicle dynamics and interactions are too complex for traditional models to handle accurately. For instance, dee
	segment the platoon into multiple subsystems for centralized management. Li et al. developed an adaptive platoon-based intersection control model, named INTEL-PLT, which utilizes learning-based control to optimize multiple dynamic objectives (18). Multi-agent reinforcement learning (MARL) further expands these capabilities, facilitating distributed decision-making within platoons. Representative works by Busoniu et al. (19), Xu et al. (20) have shown that MARL can effectively capture inter-vehicle dependenc

	To address the limitations of pure physics-based or purely learning-based approaches, recent studies have explored Physics-Informed Machine Learning (PIML) approaches that integrate physical principles into data-driven models (23, 24). For instance, Physics-Informed Neural Networks (PINNs) encode physical laws, such as partial differential equations (PDEs), as soft constraints within neural network training, enabling solutions that inherently respect dynamical principles (25, 26). While PINNs have shown suc
	Fig. 1 compares the PERL model with three existing models: the fixed physics model, the NN pure learning model, and the PINN model. The fixed physics model, reliant on offline control, incurs increased positional errors. The NN model improves control through data but lacks interpretability and is heavily data-dependent. The PINN model, merging physical and data-driven features, offers adaptability but underperforms with limited data. Furthermore, PINNs are typically trained offline and are not designed for 
	which treat physical constraints as training regularizes, PERL maintains the physical model as a fixed, reliable base and learns residual errors separately. This design enables both interpretability and online adaptability, allowing PERL to achieve high-precision control under limited data and dynamic disturbances.  

	 
	 
	Figure
	Fig. 1 Comparison of different model structures. 
	Fig. 1 compares four control model structures for connected and automated vehicle platoon control. (a) Fixed physics model: physics model, physics prediction, and optimizer produce a fixed controller, with high control error. (b) Neural network (NN)-based learning model: NN control with multiple network layers and an online controller, with high control error. (c) Physics-informed neural network (PINN)-based hybrid model: physics control and NN control with optimizer and online learning form a hybrid contro
	 
	Inputs for all models include platoon status, vehicle trajectory, relative velocity, relative distance, and traffic uncertainty.This project addresses these challenges by developing an online adaptive platoon control framework. The proposed Physics Enhanced Residual Learning (PERL) framework embeds a physics-based centralized platoon controller within a neural network residual learning module that continuously corrects 
	unmodeled dynamics in real time. This hybrid approach maintains the stability and interpretability of physics-based control while leveraging the adaptability of data-driven methods to respond to unpredictable operating conditions. By enabling rapid adaptation to disturbances and maintaining safe inter-vehicle gaps, the PERL framework aims to reduce the traditional safety–mobility trade-off, supporting Transportation System Management and Operations (TSMO) goals and paving the way for large-scale, cooperativ

	2. Framework 
	As shown in Fig. 2, the proposed vehicle platoon control system consists of three main modules: vehicle platoon disturbance, inherent physical model, and residual learning model. The controller’s input consists of uncertain vehicle platoon states with multiple disturbances, while the output includes control actions with residual compensation for all vehicles. (1) Vehicle platoon disturbance module: this module accounts for disturbances such as non-linearity, dynamic coupling, vehicle interactions, and exter
	Specifically, PERL fundamentally differs from PINN in principle, as illustrated in Fig. 1 (b) and (c). The physical model is not merely a guide for the learning process but a core component of the PERL output. By incorporating prior knowledge, the residual learning model focuses on predicting the residuals as corrections. PERL learns residuals to correct the physical model, offering key advantages: (1) lower bias risk due to the physical model; (2) efficient learning by reducing dimensions and concentrating
	 
	 
	Figure
	Fig. 2 The integrated CAVs platoon control framework. 
	Fig. 2 presents the integrated connected and automated vehicle (CAV) platoon control framework. It includes three modules: (1) Vehicle platoon disturbance, covers dynamics non-linearity, dynamics coupling, vehicle interaction, and inherent frictions; (2) Inherent physical model, uses platoon dynamics, reference state, optimizer, prediction model, and physical controller to generate control commands; (3) Residual learning model, uses few-shot dynamics data and neural network adaptive learning to produce cont
	3. Adaptive platoon control  
	Connected and automated vehicles (CAVs) have the potential to improve roadway throughput, reduce congestion, and enhance traffic safety by enabling close, coordinated vehicle following. Among the various cooperative driving applications, vehicle platooning has emerged as a promising strategy that leverages vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communications to achieve string stability and maintain short headways without compromising safety. Despite its advantages, the practical deplo
	trade-off between safety and mobility. 

	The PERL controller framework streamlines into two core components: (1) The foundational physical-based controller that accounts for platoon dynamics in centralized control. (2) A supplementary learning module that embeds a residual feedback mechanism into the physical model, employing NN for adaptive online correction of model inaccuracies and disturbances. This dual system facilitates precise speed regulation and dynamic control responses, ensuring vehicles adhere closely to their trajectories for optimal
	3.1 Vehicle platoon system dynamics 
	The platoon, consisting of  homogeneous vehicles including a leader and  followers, is a crucial component of the control system. The main task of the platoon control is to use V2V communication to form a flexible mixed platoon from individual vehicles on the road, achieving vehicle coordination through mutual cooperation. According to the hierarchical structure, platoon control is divided into centralized control and distributed control. Centralized control relies on a central controller to collect and pro
	𝐼+1
	𝐼

	According to the vehicle longitudinal dynamics, the linear model for a single vehicle  at time step  with constant sampling interval : 
	𝑖∈ℐ={1,2,…,𝐼}
	𝑘∈ℤ
	Δ𝑡

	{    𝑝𝑘+1𝑖=𝑝𝑘𝑖+𝑣𝑘𝑖Δ𝑡+12𝑎𝑘𝑖Δ𝑡2𝑣𝑘+1𝑖=𝑣𝑘𝑖+𝑎𝑘𝑖Δ𝑡𝑎𝑘+1𝑖=−Δ𝑡𝜏𝑖𝑣𝑘𝑖+Δ𝑡𝜏𝑖𝑠𝑘𝑖=−Δ𝑡𝜏𝑖𝑣𝑘𝑖+𝛼𝑖Δ𝑡𝜏𝑖𝑢𝑘𝑖+𝛽𝑖Δ𝑡𝜏𝑖 
	where  denotes the position,  denotes the speed,  denotes the acceleration,  denotes the control cycle time interval,  denotes the proportional constant relating control input (e.g., PWM duty cycle or motor torque command) to linear acceleration in the physical model,  denotes the static resistance offset. 
	𝑝𝑘𝑖
	𝑣𝑘𝑖
	𝑎𝑘𝑖
	𝜏
	𝛼
	𝛽

	Then, we can get the state space model for vehicle  at time : 
	𝑖
	𝑘

	𝑥𝑘+1𝑖=𝐴𝑖𝑥𝑘𝑖+𝐵𝑖𝑢𝑘𝑖+𝐶𝑖 
	where  is the state information for vehicle ,  
	𝑥𝑘𝑖=[𝑝𝑘𝑖,𝑣𝑘𝑖,𝑎𝑘𝑖]⊤
	𝑖

	𝐴𝑖=[    1Δ𝑡Δ𝑡2201Δ𝑡0−Δ𝑡𝜏𝑖0]    ,𝐵𝑖=[00𝛼𝑖Δ𝑡𝜏𝑖],𝐶𝑖=[00𝛽𝑖Δ𝑡𝜏𝑖] 
	This study assume all vehicles in the platoon are homogeneous . We then define: 
	(𝐴𝑖=𝐴,𝐵𝑖=𝐵,𝜏𝑖=𝜏)

	𝑋𝑘=[𝑝𝑘1,…,𝑝𝑘𝐼,𝑣𝑘1,…,𝑣𝑘𝐼,𝑎𝑘1,…,𝑎𝑘𝐼]⊤ 
	𝑈𝑘=[𝑢𝑘1,…,𝑢𝑘𝐼]⊤
	𝑈𝑘=[𝑢𝑘1,…,𝑢𝑘𝐼]⊤
	 

	such that the platoon dynamics are: 
	𝑋𝑘+1=𝐴𝐼𝑋𝑘+𝐵𝐼𝑈𝑘 
	where  is the Kronecker operator, which is used to extend the single-vehicle dynamics  and control matrix  to the entire platoon by replicating them across all  vehicles.  is the  dimensional elementary matrix. 
	𝐴𝐼=𝐴⊗𝐸𝐼,𝐵𝐼=𝐵⊗𝐸𝐼,⊗
	𝐴
	𝐵
	𝐼
	𝐸𝐼
	𝐼

	Define the change in control actions  from the previous control action : 
	Δ𝑈𝑘
	𝑈𝑘−1

	Δ𝑈𝑘=𝑈𝑘−𝑈𝑘−1=[Δ𝑢𝑘1,…,Δ𝑢𝑘𝐼]⊤ 
	where  is the change in control action for vehicle . 
	Δ𝑢𝑘𝑖
	𝑖

	To predict the platoon’s state for the next  steps, this study introduces the predicted state value of the platoon at time  for  from the measured state value at time , denoted as , with the prediction window defined as: 
	𝑁
	𝑘+𝑛
	𝑛∈𝒩={1,...,𝑁}
	𝑘
	𝑋̂𝑘+𝑛∣𝑘

	𝒳𝑘=[𝑋̂𝑘+1∣𝑘⊤,…,𝑋̂𝑘+𝑁∣𝑘⊤]⊤ 
	For the predicted value of the platoon controller as: 
	Δ𝑈̂𝑘=[Δ𝑈̂𝑘∣𝑘⊤,…,Δ𝑈̂𝑘+𝑁−1∣𝑘⊤]⊤ 
	where from the measurement at time  the predicted applied control at time  is: 
	𝑘
	𝑘+𝑛

	𝑈̂𝑘+𝑛∣𝑘=𝑈̂𝑘+𝑛−1∣𝑘+Δ𝑈̂𝑘+𝑛∣𝑘 
	Δ𝑈̂𝑘+𝑛∣𝑘=[𝛥𝑢̂𝑘+𝑛∣𝑘1,…,𝛥𝑢̂𝑘+𝑛∣𝑘𝐼]⊤
	Δ𝑈̂𝑘+𝑛∣𝑘=[𝛥𝑢̂𝑘+𝑛∣𝑘1,…,𝛥𝑢̂𝑘+𝑛∣𝑘𝐼]⊤
	 

	The state prediction of the platoon  can be written as a linear combination of the current state , the previously applied control  and the predicted change in control : 
	𝒳𝑘
	𝑋𝑘
	𝑈𝑘−1
	Δ𝑈̂𝑘

	𝒳𝑘=𝛷𝑋𝑘+𝜆𝑈𝑘−1+𝛤𝛥𝑈̂𝑘 
	Where 
	𝛷=[𝐴𝐼⋮𝐴𝐼𝑁],𝜆=[𝐴𝐼0𝐵𝐼⋮(𝐴𝐼𝑁−1+⋯+𝐴𝐼0)𝐵𝐼] 
	𝛤=[𝐵𝐼⋯0⋮⋱⋮(𝐴𝐼𝑁−1+⋯+𝐴𝐼0)𝐵𝐼⋯𝐵𝐼]
	𝛤=[𝐵𝐼⋯0⋮⋱⋮(𝐴𝐼𝑁−1+⋯+𝐴𝐼0)𝐵𝐼⋯𝐵𝐼]
	 

	where  is constructed via a Kronecker product to capture the temporal evolution of the platoon state over the prediction horizon ,  accounts for the influence of previously applied control inputs ,  represents the mapping from predicted control input changes  to the future state vector. 
	𝛷
	𝑁
	𝜆
	𝑈𝑘−1
	𝛤
	𝛥𝑈̂𝑘

	This study defines the reference state of each vehicle  at time step  as , the joint reference state for the platoon is denoted as: 
	𝑖∈ℐ
	𝑘
	𝑝𝑘𝑖∗,𝑣𝑘𝑖∗,𝑎𝑘𝑖∗

	𝑋𝑘∗=[𝑝𝑘1∗,…,𝑝𝑘𝐼∗,𝑣𝑘1∗,…,𝑣𝑘𝐼∗,𝑎𝑘1∗,…,𝑎𝑘𝐼∗]⊤ 
	𝒳𝑘∗=[(𝑋𝑘+1∗)⊤,…,(𝑋𝑘+𝑁∗)⊤]⊤
	𝒳𝑘∗=[(𝑋𝑘+1∗)⊤,…,(𝑋𝑘+𝑁∗)⊤]⊤
	 

	where  denotes the desired or nominal value obtained from the first-step prediction of the physical model, considering vehicle dynamics and inter-vehicle constraints. At each control step, the model solves an optimization problem to generate a finite-horizon trajectory, from which the first predicted state is extracted as the reference for residual learning. 
	∗

	Consider for each vehicle , the absolute position, velocity, and acceleration errors between the actual state and the reference state is computed as: 
	𝑖∈ℐ

	{𝑝̃𝑘𝑖=𝑝𝑘𝑖−𝑝𝑘𝑖∗𝑣̃𝑘𝑖=𝑣𝑘𝑖−𝑣𝑘𝑖∗𝑎̃𝑘𝑖=𝑎𝑘𝑖−𝑎𝑘𝑖∗ 
	For the entire platoon, these errors can be written as: 
	𝑋𝑘−𝑋𝑘∗=[𝑝̃𝑘1,…,𝑝̃𝑘𝐼,𝑣̃𝑘1,…,𝑣̃𝑘𝐼,𝑎̃𝑘1,…,𝑎̃𝑘𝐼]⊤ 
	Then denote  as the prediction error where the subscript indicates the state prediction at time  given the state at time .  
	𝑝̂𝑘+𝑛∣𝑘𝑖,𝑣̂𝑘+𝑛∣𝑘𝑖,𝑎̂𝑘+𝑛∣𝑘𝑖
	𝑘+𝑛
	𝑘

	3.2 Optimized MPC for platoon control 
	Centralized control requires a central controller to optimize vehicle control at each timestep, facing challenges from intertwined vehicle states and controls, and the need to forecast complex, long-term traffic dynamics due to dimensionality and disturbances. MPC, a closed-loop method, predicts system behavior for a defined 
	future period and optimizes control laws within constraints, applying only the first-step control. Repeated each timestep, MPC effectively adjusts to control errors and uncertainties, making it well-suited for CAV Platoon control. The formulation of the MPC controller, featuring a finite prediction horizon of 
	𝑁
	 steps, is as follows: 

	𝐽(𝑘,𝑁)=min∑ 𝑁−1𝑛=0[∑ 𝐼𝑖=1𝑞1(𝑝̂𝑘+𝑛∣𝑘𝑖)2+𝑞2(𝑣̂𝑘+𝑛∣𝑘𝑖)2+𝑞3(𝑎̂𝑘+𝑛∣𝑘𝑖)2+𝑞4(𝛥𝑢̂𝑘+𝑛∣𝑘𝑖)2] 
	𝑠.𝑡.:
	𝑠.𝑡.:
	 

	𝑑min ≤𝑝𝑖−1−𝑝𝑖≤𝑑max,∀𝑖∈ℐ
	𝑑min ≤𝑝𝑖−1−𝑝𝑖≤𝑑max,∀𝑖∈ℐ
	 

	𝑣min≤𝑣𝑖≤𝑣max,∀𝑖∈ℐ
	𝑣min≤𝑣𝑖≤𝑣max,∀𝑖∈ℐ
	 

	𝑎min≤𝑎𝑖≤𝑎max,∀𝑖∈ℐ
	𝑎min≤𝑎𝑖≤𝑎max,∀𝑖∈ℐ
	 

	where  correspond to errors in position, velocity, acceleration, and control inputs.  are the maximum and minimum limits for space, acceleration, and velocity. Constraint (20) ensures platoon safety and distance limits; constraint (21) enforces road speed limits; constraint (22) sets acceleration limits based on vehicle engine and braking capacities. 
	𝑞1,𝑞2,𝑞3,𝑞4
	𝑑max,𝑑min,𝑎max,𝑎min,𝑣max,𝑣min

	The problem can be written in the form of a quadratic program: 
	𝐽(𝑋𝑘,𝛥𝑈̂𝑘)=𝛥𝑈̂𝑘⊤(𝛹+𝛤⊤𝛺𝛤)𝛥𝑈̂𝑘+2(𝛷𝑋𝑘+𝜆𝑈𝑘−1−𝒳𝑘⋆)⊤𝛺𝛤𝛥𝑈̂𝑘 
	𝑠.𝑡.:
	𝑠.𝑡.:
	 

	𝐺̅𝛤𝛥𝑈̂𝑘 ≤−𝐺̅(𝛷𝑋𝑘+𝜆𝑈𝑘−1)−𝑔̅
	𝐺̅𝛤𝛥𝑈̂𝑘 ≤−𝐺̅(𝛷𝑋𝑘+𝜆𝑈𝑘−1)−𝑔̅
	 

	where  are block diagonal matrices, 
	𝛺=diag {𝑄,…,𝑄,0},𝛹=diag {𝑅𝛥,…,𝑅𝛥}

	𝑄=[𝑞1𝐸𝐼000𝑞2𝐸𝐼000𝑞3𝐸𝐼],𝑅𝛥=𝑞4𝐸𝐼 
	𝐺̅=diag[𝐺̌,…,𝐺̌],𝑔̅⊤=[𝑔⊤,…,𝑔⊤],
	𝐺̅=diag[𝐺̌,…,𝐺̌],𝑔̅⊤=[𝑔⊤,…,𝑔⊤],
	 

	𝐺̌=[     𝔗𝐼00−𝔗𝐼000−𝐸𝐼00𝐸𝐼000−𝐸𝐼00𝐸𝐼]     ,𝑔=[     1𝐼−1𝑑min−1𝐼−1𝑑max1𝐼𝑣min−1𝐼𝑣max1𝐼𝑎min−1𝐼𝑎max]     ,
	𝐺̌=[     𝔗𝐼00−𝔗𝐼000−𝐸𝐼00𝐸𝐼000−𝐸𝐼00𝐸𝐼]     ,𝑔=[     1𝐼−1𝑑min−1𝐼−1𝑑max1𝐼𝑣min−1𝐼𝑣max1𝐼𝑎min−1𝐼𝑎max]     ,
	 

	where  is a size ( Toeplitz matrix with −1 on the diagonal and 1 on the first upper diagonal. 
	𝔗𝐼
	𝐼−1)∗𝐼
	Vectors 
	1𝐼−1
	 and 
	1𝐼
	 are columns of ones of size 
	(𝐼−1)
	 and 
	𝐼
	, respectively. Advanced solvers can rapidly solve this quadratic optimization problem. The optimal platoon control action minimizes the constrained finite horizon cost function. 

	𝛥𝑈̂𝑘⋆=argmin𝛥𝑈̂𝑘  𝐽(𝑋𝑘,𝛥𝑈̂𝑘) 
	where the first item  will be the output control  of the physical model. 
	Δ𝑈̂𝑘|𝑘⋆
	𝑢𝑘𝑝

	3.3 The inherent vehicle physical model 
	For vehicle platoon system, to effectively model the nonlinear characteristics of platoon dynamics within processing constraints and without incurring substantial computational expenses, this study utilizes a model based on physical principles that captures the essence of these dynamics efficiently. The control command, expressed in terms of revolutions per minute (RPM), ensures the smooth and safe operation of the entire platoon by directly adjusting the duty cycle of the pulse width modulation (PWM), whic
	Therefore, the input to the physical model consists of the initial vehicle states and the predicted trajectory over a finite horizon, as illustrated in Fig. 4b. 
	𝑆Phy=[𝑝𝑖0,𝑣𝑖0,𝑎𝑖0]∀𝑖∈ℐ,[𝑝̂𝑖𝑘,𝑣̂𝑖𝑘,𝑎̂𝑖𝑘]∀𝑘∈𝒦,𝑖∈ℐ 
	The output is a set of control commands: 
	𝑓Phy:(𝑆Phy|𝜃Phy)→[𝑢𝑖]∀𝑖∈ℐ=linear(MPC(𝑆Phy)) 
	where is the model inputs for the physics model;  is the control command of CAV , i.e., the revolutions per minute (RPM),  is the physics model;  is the model parameters for the physics model. 
	𝑆Phy
	𝑢𝑖
	𝑖∈ℐ
	𝑓Phy
	𝜃Phy

	However, experimental observations reveal systematic deviations due to nonlinearities introduced by motor friction, drivetrain losses, internal resistance, and battery voltage drops. These unmodeled physical effects lead to residual errors between expected and actual system responses. an unmodeled residual capturing low-speed/high-speed distortions, including friction, back EMF, and battery variation. As illustrated in Fig. 4b, given the difficulty of modeling residual errors analytically, this study employ
	 
	Figure
	Fig. 3 The control command for vehicle platoon system. 
	Fig. 3 describes the control command process for a vehicle platoon system. Input: controller outputs vehicle RPM (0–400) with a linear relationship. Run: vehicle PWM duty cycle (0%–100%) ideally has a linear relationship with RPM. Transfer: motor voltage (0–6V) ideally linear to control speed; if not, output is ideal control speed. If voltage is linear but motor speed deviates, actual speed includes residual errors. Final output is ideal control speed when no residuals are present. 
	 
	3.4 Online adaptation based on residual learning 
	While physics-based controllers provide reliable and interpretable nominal control, their simplified dynamics and offline parameterization often fail to capture real-world nonlinearities such as actuator saturation, voltage drops, and frictional effects. As illustrated in Fig. 4b, to address this, the PERL framework incorporates a residual learning module that continuously refines the output of the physical controller by learning and compensating for systematic deviations observed during execution. Specific
	𝑢̅𝑖

	𝑆RL=[𝑝𝑖0,𝑣𝑖0,𝑎𝑖0]∀𝑖∈ℐ, [𝑝̂𝑖𝑘,𝑣̂𝑖𝑘,𝑎̂𝑖𝑘]∀𝑘∈𝒦,𝑖∈ℐ,   [𝑒𝑖,𝑟𝑖,𝑏𝑖]∀𝑖∈ℐ 
	The output is a set of control commands: 
	𝑓RL:(𝑆RL|𝜃RL)→[𝑢̅𝑖]∀𝑖∈ℐ=MLP(MPC(𝑆RL),𝑆RL) 
	where  is the model inputs for the residual learning;  is the residual of the RPM of CAV ;  is 
	𝑆RL
	𝑢̅𝑖
	𝑖∈ℐ
	𝑓RL
	the residual learning model; 
	𝜃RL
	 is model parameters for the residual learning. 

	Therefore, the physical controller outputs a baseline control , and the NN predicts a residual term , which is then combined to produce the final control command for PERL: 
	𝑢𝑖
	𝑢̅𝑖

	𝑓PERL(𝑆PERL|𝜃PERL)= 𝑓Phy:(𝑆Phy|𝜃Phy)+𝑓RL:(𝑆RL|𝜃RL)→[𝑢𝑖+𝑢̅𝑖]∀𝑖∈ℐ 
	where  is the PERL model;  is the model inputs for the PERL;  is the model parameters for the PERL. 
	𝑓PERL
	𝑆PERL
	𝜃PERL

	To ensure stable deployment across various platforms, the residual policy is trained over a discretized action space within the allowable acceleration range. The NN-based residual learner is decoupled from the physical controller, allowing independent adaptation without retraining the entire model pipeline. This decoupled architecture differs fundamentally from monolithic models like Physics-Informed Neural Networks (PINNs), where physical constraints are embedded directly in the loss function and training 
	Illustration of control deviation and residual compensation in PERL. (a) Control errors from actuator imperfections and external disturbances cause actual trajectories (red) to deviate from planned ones (black dashed), undermining platoon performance. (b) The PERL framework mitigates this by combining a physical controller with a neural residual module: the former generates nominal control , while the latter refines it using features like turning rate , battery state , and past trajectory errors to generate
	𝑢𝑖
	𝑟𝑖
	𝑏𝑖
	𝑢̅𝑖

	 
	Figure
	Fig. 4 Illustration of control deviation and residual compensation in PERL.  
	Fig. 4 is the illustration of control deviation and residual compensation in the PERL framework. (a) Control errors from actuator imperfections and external disturbances cause actual trajectories (red) to deviate from planned ones (black dashed), undermining platoon performance. (b) The PERL framework mitigates this by combining a physical controller with a neural residual module: the former generates nominal control , while the latter refines it using features like turning rate , battery state , and past t
	𝑢𝑖
	𝑟𝑖
	𝑏𝑖
	𝑢̅𝑖

	 
	Fig. 4 illustrates the motivation and core idea behind the proposed PERL framework. As shown in subfigure (a), conventional model-based controllers, generate planned trajectories based on simplified vehicle dynamics. However, real-world actuator imperfections (e.g., motor nonlinearity, delay) and external disturbances (e.g., wind, road friction) cause actual trajectories to diverge from the plan, leading to safety risks and reduced control performance. To mitigate this, PERL introduces high-level physical c
	𝑢𝑖
	𝑟𝑖
	𝑏𝑖
	𝑢̅𝑖

	 
	 
	Figure
	Fig. 5 The dynamic residuals between reference and predicted trajertory control in CAV platoon. 
	Fig. 5 is the dynamic residuals between reference and predicted trajectory control in a CAV platoon. The reference trajectory (red) and predicted trajectory (blue) differ due to vehicle platoon disturbances. Residuals are estimated in the past period, corrected through neural network learning, and compensated in the future period to match the actual state. Predicted control speed follows the corrected trajectory. Insets show conceptual vehicle platoon disturbances and a reduced-scale robot platoon on a circ
	 
	Fig. 5 illustrates the dynamic residuals between the reference and predicted trajectory control in a CAV platoon system. It outlines the key phases of trajectory prediction and control, divided into past and future periods. The red line represents the reference trajectory, while the blue line depicts the predicted trajectory. Based on the outputs of the baseline physical model, residuals inevitably arise, which are mitigated through residual compensation using neural network (NN) learning. The PERL framewor
	4. Simulation experiment and results 
	In this section, we assess the performance of the proposed PERL controller model within a simulation environment by conducting a comparative analysis against two baseline models. The simulation platform utilized is Python 3.8.18. The quadratic programming problem is solved using the Sequential Least Squares Programming (SLSQP) method, implemented through the “scipy.optimize” package in Python. 
	4.1 Experiment setting and baselines 
	In this simulation, we set a platoon of 5 vehicles for 30 seconds, with a  seconds. To test the effectiveness of the PERL controller under different scenarios, we designed two types of test trajectories. (1) Real-world platooning trajectories, sourced from the OpenACC dataset (28). These trajectories are derived from actual AV-following scenarios on highways and provide empirical benchmarks that reflect realistic driving dynamics, including inter-vehicle spacing, acceleration patterns, and natural human-lik
	𝛥𝑡=0.1

	𝑎𝑘=𝑎𝑚𝑎𝑥 [1−(𝑣𝑘𝑣0)𝛿−(𝑠∗(𝑣𝑘,𝛥𝑣𝑘)𝑠𝑘)2] 
	where the definitions and values of the parameters are shown in Table 1 and the desired minimum gap  is calculated as: 
	𝑠∗(𝑣𝑘,𝛥𝑣𝑘)

	𝑠∗(𝑣𝑘,𝛥𝑣𝑘)=𝑠0+𝑠1√𝑣𝑘𝑣0+𝑇𝑣𝑘+𝑣𝑘𝛥𝑣𝑘2√𝑎𝑏 
	For the first type of trajectories, we randomly extracted one trajectory as Scenario 1. For the second type of trajectory, another one trajectory is generated as Scenario 2. By employing both types of trajectories, the study aims to cover a comprehensive range of driving conditions, enhancing the robustness and applicability of the developed algorithms. Diverse disturbance scenarios have been extensively tested in our previous work (30), so this study focuses on two representative reference trajectories to 
	The parameters in the MPC constraints are set as follows:  . To account for control output errors during RPM and velocity transfer, two error models were used: affine errorand quadratic error . The online learning updated the NN every 20 time steps (2 seconds) using experimental data. To evaluate the effectiveness of the PERL method, the results are compared with the MPC with physical model and the PERL controller. These methods were tested across two scenarios and two error types, totaling four evaluations
	𝑑min=5m,𝑑max=80m,𝑎max=5m/s2,𝑎min=−5m/s2,𝑣max
	=50m/s,𝑣min=5m/s
	𝑢𝑘𝑎=1.1𝑢𝑘−3+𝑥 ,𝑥~𝑁(0,1),
	𝑢𝑘𝑞=0.01𝑢𝑘2+𝑢𝑘−3+𝑥 ,𝑥~𝑁(0,1)

	 
	Table 1 Parameters of the IDM model used for generating reference trajectories. 
	Parameters 
	Typical value 
	Desired speed  
	𝑣0

	33.3 m/s 
	Safety time headway  
	𝑇

	1.6s 
	Maximum acceleration  
	𝑎𝑚𝑎𝑥

	0.73  
	m/s2

	Desired deceleration  
	𝑏

	1.67  
	m/s2

	Acceleration exponent  
	𝛿

	4 
	Jam distance  
	𝑠0

	2 m 
	Jam distance  
	𝑠1

	0 m 
	 
	4.2 Simulation results and analysis 
	Table 2 details the cumulative and maximum absolute velocity errors for the MPC with physical model and the online PERL method across four tests. This study uses four metrics to measure the performance of the two methods: the cumulative absolute error and the maximum absolute error for position and velocity, denoted as , , , and , respectively. The ‘Gap’ represents the difference in errors when compared to those obtained by the PERL method. The results demonstrate that the PERL method consistently outperfor
	𝐶𝐴𝐸𝑝
	𝑀𝐴𝐸𝑝
	𝐶𝐴𝐸𝑣
	𝑀𝐴𝐸𝑣
	47.7%, respectively, indicating that the PERL method significantly outperforms the alternatives. In terms of maximum absolute error, the error gaps for position between the PERL method and the other methods are substantial, at 53.3% and 57.7%, respectively. However, the gap in maximum absolute velocity error is relatively smaller, averaging 2.1% and 17.4%, respectively.  

	The variations in velocity error across all trajectories are depicted in Table 2, providing an explanation for the results. The results confirm that the online PERL method significantly outperforms the MPC with the physical model and NN. Additionally, Table 2 demonstrates that, in all four tests, the errors for PERL eventually stabilize near zero. This trend is particularly evident in Scenario 2 with quadratic error, where PERL initially exhibits a larger absolute velocity error than the physics-based contr
	 
	Table 2 Simulation results for the three control models in four tests. 
	Test 
	Scenario 1 (affine error) 
	Scenario 1 (quadratic error) 
	Method 
	Physics 
	NN 
	PERL 
	Physics 
	NN 
	PERL 
	𝐶𝐴𝐸𝑝 
	3689 
	2409 
	1884 
	5503 
	9194 
	2892 
	𝐺𝑎𝑝𝐶𝐴𝐸𝑝 
	48.9 
	21.8 
	0.0 
	47.4 
	68.5 
	0.0 
	𝐶𝐴𝐸𝑣 
	268.6 
	200.5 
	154.0 
	367.6 
	631.3 
	273.8 
	𝐺𝑎𝑝𝐶𝐴𝐸𝑣 
	42.6 
	23.2 
	0.0 
	25.5 
	56.6 
	0.0 
	𝑀𝐴𝐸𝑝 
	7.0 
	5.0 
	3.7 
	8.1 
	16.2 
	5.4 
	𝐺𝑎𝑝𝑀𝐴𝐸𝑝 
	47.2 
	26.4 
	0.0 
	33.4 
	66.9 
	0.0 
	𝑀𝐴𝐸𝑣 
	0.6 
	0.5 
	0.5 
	0.8 
	1.1 
	0.6 
	𝐺𝑎𝑝𝑀𝐴𝐸𝑣 
	19.5 
	7.7 
	0.0 
	21.3 
	41.3 
	0.0 
	Test 
	Scenario 2 (affine error) 
	Scenario 2 (quadratic error) 
	Method 
	Physics 
	NN 
	PERL 
	Physics 
	NN 
	PERL 
	𝐶𝐴𝐸𝑝 
	12953 
	5089 
	1985 
	3752 
	10016 
	1769 
	𝐺𝑎𝑝𝐶𝐴𝐸𝑝 
	84.7 
	61.0 
	0.0 
	52.9 
	82.3 
	0.0 
	𝐶𝐴𝐸𝑣 
	838.5 
	345.1 
	155.1 
	310.6 
	629.0 
	277.0 
	𝐺𝑎𝑝𝐶𝐴𝐸𝑣 
	81.5 
	55.1 
	0.0 
	10.8 
	56.0 
	0.0 
	𝑀𝐴𝐸𝑝 
	21.4 
	9.0 
	3.7 
	6.9 
	16.3 
	3.4 
	𝐺𝑎𝑝𝑀𝐴𝐸𝑝 
	82.8 
	58.8 
	0.0 
	49.8 
	78.9 
	0.0 
	𝑀𝐴𝐸𝑣 
	1.1 
	1.3 
	0.6 
	0.9 
	1.3 
	1.7 
	𝐺𝑎𝑝𝑀𝐴𝐸𝑣 
	48.3 
	56.2 
	0.0 
	-80.6 
	-35.6 
	0.0 
	 
	In this work, we have already conducted multiple independent training runs and selected the result that offers the most balanced performance across all evaluation metrics. For the online PERL controller, the initial lack of sufficient training data results in a large negative error. However, as training progresses, the residual learning component effectively learns and corrects the error, reducing the velocity error below zero and compensating for the initial position error caused by the negative velocity e
	phenomenon explains the maximum absolute error observed for the PERL method in Table 2. After training, the error stabilizes within the ±0.3 range, validating the effectiveness of online learning. In contrast, the MPC with NN approach, lacking the support of a physical model, continues to exhibit significant error even after training, indicating that achieving results comparable to those of PERL would require a larger volume of training data. 

	It is also important to note that these simulations are conducted under simplified conditions, which may not fully capture the complexities of real-world vehicle dynamics, thus necessitating further real-world testing to validate the PERL methods’ performance. 
	 
	5. Reduced-scale platform test 
	For the experiment, this study utilizes a reduced-scale robot car platform shown in Fig. 6 to evaluate the proposed PERL. These robot cars provide full controllability and minimize safety risks, making them effective proxies for validating models before full-scale deployment. The platform includes Pololu Zumo 32U4 robots, infrared sensors for distance measurement, a PC (Intel i5, 8 GB RAM, macOS) for computation, Wi-Fi modules for communication, and a circular test track. This setup enables the extraction o
	5.1 Reduced-scale platform 
	As shown in Fig. 6，in this reduced-scale platform, this study divides it into 4 parts, including: 1) Robots: The experimental setup featured a Pololu Zumo 32U4 robot, equipped with a 75:1 HP gear ratio and advanced line sensors for precise line tracking. Key components include an Arduino microcontroller for ease of programming, additional serial port for communication upgrades, and dual motors with encoders for accurate position and speed monitoring. 2) Distance/Position Measurement: An infrared sensor, GP2
	 
	 
	Figure
	Fig. 6 Reduced-scale platform and the test track. 
	Fig. 6 introduces the reduced-scale platform and test track for CAV platoon experiments. Components include distance/position measurement using an infrared sensor and front camera, local wireless communication via Wi-Fi router and computer station, and robots physical testbed with control chassis and 32U4 robot. Scenario 1 shows a single vehicle test on a circular track with cones; Scenario 2 shows a CAV platoon test with multiple robots on the same track. 
	 
	5.2 Experiment setting 
	Table 3 details the parameter settings for the online adaptation algorithm, where both physical model and online learning update parameters every 80 milliseconds. A count threshold (Cth) of 5 allows for parameter updates every 0.4 seconds, independent of road condition changes. 
	Table 3 Parameters of online adaptation. 
	Parameters 
	Optimal 
	Parameters 
	Optimal 
	Layer  
	64 
	Input dim 
	3 
	Epochs 
	100 
	Validation split 
	0.2 
	Verbose 
	1 
	Loss 
	MSE 
	Activation 
	relu 
	Optimizer 
	ADAM 
	 
	To assess the control accuracy of various algorithms, this study deploys three Pololu Zumo robots, each equipped with consistent dynamic models, to form a multi-robot platoon that autonomously navigated a predetermined circular track (as shown in Fig. 7). During the experiment, the robots’ states, such as position 
	and speed, were continuously recorded. Fig. 7(a) illustrates the platoon system, where the robots, under dynamic disturbances, followed the circular trajectory, testing the platoon’s ability to maintain stable control and precise tracking. Fig. 7(b) shows the X-Y position trajectories collected from 10 independent runs of the circular platoon experiment. Each colored line represents the trajectory from one run, illustrating how the actual paths vary slightly from the planned trajectory due to model inaccura

	 
	 
	Figure
	Fig. 7 Robot platoon circle trajectories for 10 laps with a target velocity. 
	Fig. 7 presents the robot platoon circle trajectories for 10 laps with a target velocity. (a) Schematic of a multi-robot platoon navigating a circular trajectory under external disturbances. (b) Circular trajectory plots for 10 control trials. Each colored line represents a full-lap trajectory from one trial, used to evaluate tracking consistency, inter-robot coordination, and control repeatability. (c) Real-world reduced-scale experiment setup with three Zumo robots. (d) Examples of disturbance error, cont
	The evaluations are divided into two stages to comprehensively assess the performance of the algorithms: 1) Preliminary testing, assessing stability control through pure trajectory tracking in both single and multi-robot platoons, focusing on responsiveness and coordination; 2) Introducing disturbances, where dynamic challenges are introduced to the circle scenario in order to test trajectory control under real-world conditions with external disruptions. Fig. 7(d) highlights various control errors, includin
	and robustness of the algorithms. The errors offer insights into the system’s ability to recover from perturbations and maintain the desired trajectory. 

	5.3 Experiment results and analysis 
	Fig. 8 presents the experimental results of speed and position control for a single robot under three models: the Fixed Physical Model, the Online Neural Network (NN) Model, and the Online PERL Framework. Each graph shows the robot’s speed (desired speed as a dashed line, actual speed as a solid line) and position (desired position as a dashed line, actual position as a solid line) over time steps. The Fixed Physical Model exhibits significant fluctuations, especially between time steps 300 and 400, indicat
	 
	 
	Figure
	Fig. 8 Speed comparison in single robort control. 
	Fig. 8 compares speed in single robot control. It shows desired speed (black dashed) and actual robot speed (blue) for a single robot under three control methods: fixed physical model, online neural network (NN), and online PERL. Insets display zoomed-in speed variations. The PERL method achieves smoother and more accurate speed tracking compared to the other methods. 
	 
	 
	Figure
	Fig. 9 Speed comparison for robot 1 in platoon control. 
	Fig. 9 compares speed tracking for robot 1 in platoon control under three methods: fixed physical model, 
	online neural network (NN), and online PERL. Desired speed is shown in black dashed lines and actual robot speed in blue. The online PERL framework closely follows the desired speed with minimal fluctuations, outperforming the other methods in precision, stability, and responsiveness for multi-robot platoon control. 

	 
	 
	Figure
	Fig. 10 Speed comparison for robot 2 in platoon control. 
	Fig. 10 compares speed tracking for robot 2 in platoon control under three methods: fixed physical model, online neural network (NN), and online PERL. Desired speed is shown as black dashed lines and actual robot speed as blue lines. The online PERL framework maintains close alignment with the desired speed and minimal fluctuations, outperforming the other methods in precision, stability, and responsiveness for multi-robot platoon control. 
	 
	 
	Figure
	Fig. 11 Speed comparison for robot 3 in platoon control. 
	Fig. 11 compares speed tracking for robot 3 in platoon control under three methods: fixed physical model, online neural network (NN), and online PERL. Desired speed is shown as black dashed lines and actual robot speed as blue lines. The online PERL framework closely follows the desired speed with minimal fluctuations, outperforming the other methods in precision, stability, and responsiveness for multi-robot platoon control. 
	 
	Regarding position control, the Fixed Physical Model keeps the robot’s position near the desired trajectory, with slight deviations later on. The Online NN and PERL models show marked improvements, particularly PERL, where the robot consistently follows the desired path, emphasizing its real-time adaptability and 
	precision. Overall, the PERL model outperforms the Fixed Physical and NN models in speed and position control, particularly in dynamic adjustments and precise tracking. 

	In Figs. 9-11, the first row illustrates the speed tracking performance of three robots under three different models. In the fixed physical model, the robot speed fluctuates significantly around the desired speed, demonstrating lower stability and control precision. The online NN model shows improvement with smaller fluctuations, though some deviations persist. The online PERL model excels, with the robot speed closely following the desired trajectory and minimal fluctuations, showcasing superior control ac
	The comparisons in Figs. 9-11 indicate that the online PERL framework significantly outperforms both the fixed physical model and the online NN model in both speed and position control, showcasing exceptional performance in multi-robot platoons. The PERL model offers higher precision, stability, and responsiveness, proving its immense advantage in tasks requiring precise control. 
	 
	Table 4 Control performance with different models in the field experiments. 
	Test 
	Single Robot 
	Platoon (Robot 1, 2, 3) 
	Robot 1 
	Robot 2 
	Robot 3 
	Metrics 
	Physic 
	NN 
	PERL 
	Physic 
	NN 
	PERL 
	Physic 
	NN 
	PERL 
	Physic 
	NN 
	PERL 
	S. MSE () 
	𝑚2/𝑠2

	0.0007 
	0.0005 
	0.0003 
	0.0014 
	0.0002 
	0.0002 
	0.0005 
	0.0013 
	0.0002 
	0.0003 
	0.0002 
	0.0002 
	P. MSE () 
	𝑚2

	0.0796 
	0.0436 
	0.0017 
	1.2525 
	0.0202 
	0.0019 
	0.2818 
	0.0156 
	0.0090 
	0.1075 
	0.0211 
	0.0047 
	 
	Table 4 summarizes the control performance of different models in single-robot and robot-platoon field tests, reporting mean squared error (MSE) values for speed (S.MSE) and position (P.MSE). The PERL model consistently achieved the lowest MSE values, demonstrating superior accuracy and performance. In single-robot tests, the PERL model recorded an S.MSE of 0.0003 and a P.MSE of 0.0019, reducing speed and position errors by 57.14% and 97.86% compared to the physical model, and by 40.00% and 96.10% compared 
	6. Findings and Conclusions 
	This study introduces an online adaptive PERL controller that combines a physical model with residual learning, showcasing exceptional capability in addressing the challenges of dynamic and unpredictable CAV platoon systems. The PERL controller, using NN-learning to adjust the physical controller’s output, minimizes transitional disturbances. It integrates high-precision residual predictions and adaptability, incorporating a physical model with inertial delay and using velocity as the control output for mul
	Despite encouraging results, this work remains limited by small-scale validation under simplified conditions, which cannot fully reflect real-world CAV platoon complexity. Future work will optimize the physical model and enhance residual learning to better capture unmodeled dynamics and communication delays. Large-scale deployment at facilities such as Mcity will assess performance under realistic traffic and dense V2X interactions. The proposed PERL controller could also be applied within the U.S. DOT CARM
	 
	The outputs, outcomes, and impacts of this study are summarized as follows: 
	7. Research Outputs 
	•
	•
	•
	 Publication: 


	Zhang, P., Huang, H., Zhou, H., Shi, H., Long, K., & Li, X. (2025). Online adaptive platoon control for connected and automated vehicles via physics enhanced residual learning. Transportation Research Part C: Emerging Technologies, 178, 105242. 
	Zhou, H., Huang, H., Zhang, P., Shi, H., Long, K., & Li, X. (2024, June). Online Physical Enhanced Residual Learning for Connected Autonomous Vehicles Platoon Centralized Control. In 2024 IEEE Intelligent Vehicles Symposium (IV) (pp. 16-22). IEEE. 
	•
	•
	•
	 Poster:  


	Zhou, H., Huang, H., Zhang, P., Shi, H., Long, K. and Li, X. Online Physical Enhanced Residual Learning for Connected Autonomous Vehicles Platoon Centralized Control. TRB Annual Meeting, Presented at the 104th TRB Annual Meeting, Washington D.C., January 2025. 
	8. Research Outcomes 
	•
	•
	•
	 Enhanced Platoon Control Performance: The developed Physics Enhanced Residual Learning (PERL) framework significantly improves CAV platoon stability and mobility, reducing position and speed errors by over 50% in simulation and up to 99% in scaled platform tests under dynamic disturbances. 

	•
	•
	 Real-Time Adaptive Capability: The framework enables online adjustment of control parameters in response to changing traffic conditions and disturbances, providing a robust and scalable solution for real-world connected and automated vehicle platoon operations. 


	9. Research Impacts 
	•
	•
	•
	 Traffic Flow Stability: The PERL framework enhances longitudinal stability in CAV platoons, reducing speed oscillations and shockwave propagation, which can contribute to smoother traffic flow and reduced congestion. 

	•
	•
	 Safety Enhancement: By enabling rapid adaptation to disturbances and maintaining safe inter-vehicle gaps, the framework reduces collision risks in dynamic and uncertain traffic environments. 

	•
	•
	 Operational Efficiency: The adaptive control strategy allows transportation agencies and fleet operators to maintain high throughput while minimizing unnecessary accelerations and decelerations, reducing fuel consumption and improving overall operational efficiency. 

	•
	•
	 CARMA Platform Relevance: The framework’s capabilities align with the U.S. DOT CARMA Platform, where it could serve as a tactical-level cooperative longitudinal control component in the platooning plugin, strengthening coordinated driving automation. 
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