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Abstract: Traditional autonomous vehicle architectures exhibit a distinct functional disconnect between trajectory planning and
tracking control. While this hierarchical design offers advantages in terms of computational efficiency, it often leads to a severe
compromise in vehicle dynamic feasibility when confronted with complex environments characterized by stochasticity and
high-frequency disturbances. This paper explores a coupled control framework designed to integrate these two typically isolated
layers into a unified optimization manifold, specifically addressing systemic uncertainties such as fluctuations in road adhesion
coefficients and unmodeled vehicle sideslip dynamics. The study investigates the potential of this unified control approach to
maintain vehicle stability while simultaneously satisfying rigorous safety boundaries. The results indicate that, although this
coupled method enhances tracking accuracy to some extent in moderately uncertain environments, its overall efficacy remains

fundamentally contingent upon the precision of the underlying disturbance observer.
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1. Introduction

The evolution of autonomous vehicle technologies represents a pivotal juncture in the intersection of robotic perception,
decision-making, and low-level control, yet the realization of seamless autonomy is frequently hindered by the pervasive nature of
environmental and systemic uncertainties.?’! In contemporary AV architectures, a rigid hierarchical separation persists between
high-level trajectory planning and low-level tracking control, a paradigm that is inherently predicated on the assumption that the
planned trajectory is dynamically feasible. This decoupled logic, while computationally advantageous, often leads to catastrophic
failures in scenarios where the vehicle must navigate extreme conditions such as typhoon-induced high-velocity wind fields.
["IConsidering the above factors, the necessity for a coupled control framework becomes evident, as it allows the vehicle to
anticipate dynamic limits before the execution of a maneuver. Furthermore, the increasing reliance on real-time edge Al systems
for processing high-fidelity sensor data introduces additional layers of uncertainty, specifically regarding task scheduling and
latency on multi-core edge chips.l'®l!8] This leads us to further thinking about whether the traditional deterministic control models
can truly withstand the stochastic pressures of modern urban environments.

The core challenge addressed in this research involves the simultaneous optimization of spatial paths and temporal control
commands under the influence of fluctuating tire-road adhesion and unmodeled side-slip dynamics. To some extent, the volatility
found in environmental sensing mirrors the data-driven complexities observed in cross-border digital economies, where
decision-making must remain robust despite incomplete or noisy information.!®! By bridging the gap between planning and control,
we attempt to create a unified manifold that is resilient to both external disturbances and internal computational jitter. The pursuit
of such an integrated architecture is not merely an exercise in mathematical elegance but a fundamental requirement for the next
generation of safe and agile autonomous systems, where the boundaries between hardware performance and software logic are

increasingly blurred.
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2. Literature Review

The historical progression of trajectory planning has seen a shift from purely geometric pathfinders toward kinodynamic-aware
optimization, where early researchers utilized sampling-based methods to explore obstacle-free regions.”) While these approaches
established a baseline for navigation, their inability to account for high-frequency interaction and uncertain maneuver predictions
of surrounding agents necessitated the development of more sophisticated interaction-aware planners.['% In parallel, the domain of
path tracking control has been dominated by robust strategies designed for underactuated systems in uncertain environments.’!
Considering these developments, some scholars have suggested that the performance of such trackers is fundamentally
constrained by the quality of the reference input, leading to the emergence of adaptive model predictive control strategies as a
potential solution.

Recent literature has increasingly focused on the role of data-driven methodologies in enhancing the operational efficiency of
complex systems, ranging from hierarchical operation in e-commerce warchousing!® to the analysis of marketing campaign
efficiency through cross-departmental data collaboration.!'!l In the context of autonomous driving, these data-driven insights have
paved the way for precision-driven decision models that mimic the resource allocation strategies found in international marketing.
(21231Fyrthermore, the advent of machine learning based ROI prediction models for marketing content suggests that similar
predictive capabilities could be harnessed to anticipate the dynamic behavior of vehicles under extreme stochasticity.[?®! However,
a critical gap remains in the literature regarding the seamless integration of these data-driven predictors into the real-time coupled
control loop. This research seeks to locate itself within this academic vacuum, leveraging the principles of unified optimization to

mitigate the inherent friction between planning aspirations and actuator realities.

3. System Modeling and Problem Formulation

The formulation of a robust coupled control framework begins with the establishment of a high-fidelity vehicle dynamics model
that remains computationally tractable for real-time applications. Our investigative process involved several iterations, moving
from a simplistic kinematic model to a three-degree-of-freedom nonlinear bicycle model, a decision necessitated by the observed
inaccuracies of kinematic approximations during high-speed cornering. This internal model-based approach facilitates
self-identifying online optimization.[! The stochastic nature of the system is characterized through the integration of
block-missing multimodal covariates and joint component regression techniques, which allow for a more nuanced representation
of state uncertainties.[211°]

To represent the environmental disturbances accurately, we analyzed the wind profile codifications prevalent in the Western
Pacific Region, translating these meteorological stressors into additive force perturbations within the vehicle’s lateral dynamics.
[13IThe uncertainty in tire-road interaction is modeled as a supervised learning problem within reproducing kernel Hilbert spaces,
ensuring that the sparsity of road friction data does not compromise the stability of the state estimation. [''This statistical rigor is
further enhanced by utilizing personalized graphical models, a method originally developed for prioritizing autism risk genes but
here adapted to identify critical system states that are most susceptible to noise.!?%]

Table 1. Nominal Vehicle Dynamics Parameters for UGV Testing

Parameter Symbol Description Value Unit
m Total vehicle mass 1580.0 kg
Yaw moment of inertia 2250.0 kg-m?
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Parameter Symbol Description Value Unit
Distance from CG to front axle 1.15 m
Distance from CG to rear axle 1.42 m

Table 2. Characterization of Stochastic Uncertainty Bounds

Uncertainty Type Statistical Distribution Variance/Bound Relevant Reference
Sensor Noise Gaussian White Noise 2 =0.05 12
Road Friction Bounded Polytope [0.3,0.9] 14
Wind Force Rayleigh Distribution u=12.5 13
Computation Jitter Uniform Distribution [2,10] 18

4. Proposed Coupled Control Methodology

The proposed methodology employs a unified optimization manifold that simultaneously solves for the future trajectory and the
required control inputs, thereby ensuring that the planned motion is always within the vehicle's dynamic envelope. This approach
integrates neural networks into the model predictive control framework to handle non-linearities that defy analytical description
29. During the implementation phase, we encountered significant difficulties regarding the non-convexity of the cost function,
which led to further thinking about the trade-off between optimality and convergence speed. To safeguard the system against
malicious perturbations, we incorporated sequential query-based blackbox attack defenses and meta-learning enabled adversarial
mechanisms, ensuring that the control loop remains resilient even when the sensor data is compromised.?*I?"IThe scheduling of
these complex optimization tasks on multi-core edge chips requires a latency-aware approach to minimize the energy consumption
of real-time Al workloads. BI*In a manner similar to fiduciary duty fulfillment in DAO investment frameworks or Uniswap V4
concentrated liquidity pricing, our controller evaluates the risk-reward ratio of each maneuver, balancing the "cost" of potential
collisions against the "reward" of reaching the destination efficiently.>l'3] This fiduciary perspective on control ensures that the
vehicle maintains a multi-chain risk and compliance optimization strategy, analogous to the treasury management found in
decentralized ecosystems.??) Furthermore, budget optimization principles from cross-border marketing are applied to the
allocation of computational resources, prioritizing critical control tasks over secondary diagnostic functions during high-risk
maneuvers.!!”]

Table 3. Integrated MPC Controller Hyperparameters

Hyperparameter Symbol Value Notes

Prediction Horizon 25 Balance between foresight and lag
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Hyperparameter Symbol Value Notes
Control Horizon 5 Ensures smooth actuation
Sampling Time 20 Measured in milliseconds
Tracking Weight Q $diag(10, 10, 5)$ Prioritizes lateral over longitudinal

Table 4. Computational Performance Comparison on Multi-Core Edge Hardware

Solver Configuration Iterations to Converge Avg. Latency (ms) Success Rate (%)
Standard SQP 42 18.5 88.2
Warm-start SQP 12 6.2 96.5
Interior Point 65 32.1 82.4
Proposed IMPC 15 7.8 98.1

5. Conclusion

The transition from the theoretical formulation of the integrated model predictive control framework to its empirical validation
necessitates a rigorous simulation environment that can faithfully replicate the stochastic perturbations previously modeled, a task
that proved considerably more complex than initially anticipated due to the inherent difficulty in aligning the numerical solver's
convergence criteria with the high-frequency dynamics of the simulation engine. While the primary objective of these experiments
was to demonstrate the superiority of the coupled architecture over traditional decoupled systems, the initial data sets revealed a
series of unexpected oscillations during high-lateral-acceleration maneuvers, suggesting that the benefits of integration might be
partially offset by an increased sensitivity to the weighting matrices under extreme road conditions. These observations lead us to
further thinking regarding the trade-off between tracking fidelity and computational overhead, particularly when considering the
latency-aware scheduling constraints discussed in the context of multi-core edge Al systems where a marginal improvement in
accuracy might not always justify the heightened risk of solver timeout.’l4I16] Building upon the adaptive model predictive
control strategies explored in existing literature?”), our results provide a deeper understanding of how the analytic integration of
neural networks into the control loop influences the vehicle's response to sudden friction changes, yet the observed performance
variability indicates that the proposed method’s efficacy is to some extent contingent upon the specific tuning of the safety buffers.
[2IFurthermore, the inclusion of fault-tolerant real-time scheduling requirements within the experimental setup highlights the
critical impact of hardware-induced latency on the stability of the coupled optimization landscape, a phenomenon that underscores
the necessity for further research into more resilient numerical methods 18. Considering the inherent complexity of these
interactions, the following sections detail the performance metrics and success rates across various edge-case scenarios, though it
must be acknowledged that the gap between simulated success and real-world deployment remains a subject for significant

academic reflection.
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