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Abstract 

With the deep integration of the modern automotive industry and artificial intelligence 
technologies, connected and automated vehicles (CAVs) have emerged as a key break-
through for improving traffic safety and operational efficiency. This study proposes a dis-
tributed multi-vehicle cooperative trajectory planning and control framework for ramp 
merging and diverging scenarios, integrating Deep Neural Networks (DNNs) with Model 
Predictive Control (MPC). The methodology consists of three key components: First, a 
distributed cooperative architecture based on dynamic topology is constructed to effec-
tively reduce communication loads; second, a feature point-based Cubic Bézier Curve tra-
jectory generation method is proposed, enabling flexible path planning with reduced re-
liance on high-precision maps; finally, a DNN-accelerated MPC solving strategy (NN-
MPC) is designed. This strategy employs an offline-trained deep neural network to ap-
proximate the online optimization process, supplemented by a terminal Safety Check 
mechanism and a dynamic surrounding vehicle selection algorithm. Experimental results 
demonstrate that the proposed method successfully reproduces the planning capability 
of offline high-precision MPC in ramp merging and diverging scenarios while reducing 
computation time to the millisecond level. It effectively overcomes the myopic decision-
making problem of traditional real-time algorithms, achieving smoother conflict resolu-
tion and higher traffic efficiency. Notably, quantitative validation confirms that this co-
operative framework achieves an approximate 30% reduction in average travel delay 
compared to the non-cooperative baseline. This study confirms the engineering ad-
vantages of the hybrid architecture under dynamic high-density traffic flows, signifi-
cantly enhancing the system’s real-time response capability while balancing the safety 
and riding comfort of cooperative driving. 
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1. Introduction 
With the deep integration of the modern automotive industry and artificial intelli-

gence technologies, connected and automated vehicles (CAVs) have emerged as a key 
breakthrough for improving traffic safety and operational efficiency [1]. As an integral 
component of intelligent transportation systems (ITS), autonomous driving technology is 
not limited to single-vehicle autonomous navigation but also aims to achieve full-scale 
collaboration among vehicles, roads, and cloud systems through Vehicle-to-Everything 
(V2X) technology. However, despite the significant potential of intelligent vehicles under 
regular traffic conditions, their development still faces severe challenges in complex bot-
tleneck segments such as freeway ramp merging areas—one of the key scenarios targeted 
for intelligent transformation in national industrial plans [2]. 

Ramp merging and diverging areas serve as the bottleneck of traffic flow, involving 
a series of complex operations including lane changing, acceleration, and merging. Con-
sequently, these areas are high-risk zones for traffic accidents [3]. In real-world traffic en-
vironments, ramp merging areas exhibit high dynamics and uncertainty [4]. Traditional 
single-vehicle intelligence, when addressing such scenarios, is often constrained by lim-
ited perception range, making it difficult to obtain global traffic situational awareness. 
This can easily lead to locally optimal solutions or even deadlock phenomena due to the 
“bounded rationality” of drivers or algorithms [5], failing to maximize operational effi-
ciency while ensuring safety. For instance, during peak traffic volumes, ramp vehicles of-
ten face insufficient merging space, while mainline vehicles may trigger conflicts due to 
the lack of evasive mechanisms [6]. Standard rule-based methods (e.g., First-Come-First-
Served) often fail to allocate gaps efficiently under saturated traffic density (e.g., near-
capacity flow rates), leading to stop-and-go waves or deadlocks. This study specifically 
targets these critical bottleneck scenarios where cooperative efficiency is paramount. 

To address these issues, multi-vehicle cooperative control based on V2X technology 
has become a research hotspot [7,8]. Through Vehicle-to-Vehicle (V2V) communication 
and Vehicle-to-Infrastructure (V2I) collaboration, vehicles can share state information and 
make cooperative decisions. Current cooperative control architectures are mainly catego-
rized into centralized and distributed types. While centralized control can achieve global 
optimality, it suffers from heavy communication loads, exponential growth in computa-
tional complexity, and single-point failure risks when dealing with large-scale traffic 
flows. These limitations make it difficult to meet the stringent real-time requirements of 
ramp merging scenarios [6]. In contrast, distributed control architectures offer superior 
robustness and scalability, aligning better with the dynamic characteristics of real traffic 
flows. 

At the control algorithm level, Model Predictive Control (MPC) is widely applied in 
trajectory planning and control due to its ability to explicitly handle vehicle dynamic con-
straints, collision avoidance constraints, and multi-objective optimization problems. 
However, in high-density traffic scenarios at ramps, constructing accurate nonlinear MPC 
models poses enormous online computational challenges. Complex nonlinear dynamic 
constraints and time-varying collision avoidance constraints result in time-consuming nu-
merical solution processes, which are difficult to meet (near-)real-time control demands. 
Additionally, existing distributed cooperative methods often assume vehicles travel along 
fixed paths, ignoring the flexible path planning requirements during ramp merging (e.g., 
dynamic lane changing, smooth path switching) [2–4]. This lack of flexibility leaves vehi-
cles unable to effectively respond to sudden conflicts. 

To tackle the aforementioned challenges, this study proposes a distributed multi-ve-
hicle cooperative trajectory planning and control framework for ramp merging scenarios, 
integrating Deep Neural Networks (DNNs) with MPC. The main contributions of this pa-
per are as follows: 
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1. The primary technical contribution is the real-time feasibility achieved by the neural 
approximation. While maintaining tracking accuracy comparable to numerical MPC, 
the proposed method reduces computation time by orders of magnitude, enabling 
deployment in dynamic, fast-paced ramp merging. 

2. A distributed cooperative framework based on dynamic topology is constructed to 
effectively reduce communication loads. 

3. A feature point-based Cubic Bézier Curve trajectory generation method is proposed, 
which not only ensures path smoothness but also avoids over-reliance on global 
high-precision maps, enabling flexible path planning in complex ramp environ-
ments. 

2. Related Work 
Vehicle cooperative control in ramp merging scenarios is an interdisciplinary field 

involving traffic engineering, control theory, and artificial intelligence. This section re-
views relevant research from three aspects: vehicle operating characteristics in ramp 
merging scenarios, multi-vehicle cooperative control architectures, and learning-based 
optimal control methods. 

2.1. Vehicle Operating Characteristics in Ramp Merging Scenarios 

Due to their special geometric structures and complex traffic flow characteristics, 
ramp merging areas have long been a research focus in traffic control. A deep understand-
ing of the microscopic behavior of vehicles in these areas is a prerequisite for designing 
cooperative strategies. Daamen et al. [9] found through empirical analysis that most driv-
ers tend to complete lane-changing maneuvers in the initial segment of the acceleration 
lane, and the distribution of lane-changing positions is significantly influenced by main-
line traffic flow. Further studies by Calvi et al. [10] and Marczak et al. [11] indicated that 
the length of the acceleration lane has a limited impact on driving behavior. Under smooth 
traffic conditions, approximately half of the acceleration lane length is underutilized, sug-
gesting room for optimizing the utilization of existing infrastructure. 

In terms of driving interactions, The authors of references [12,13] pointed out that 
significant differences exist in lane-changing strategies among different drivers, and this 
heterogeneity increases the difficulty of prediction and control. Wan et al. [14] emphasized 
that when merging under constrained conditions, vehicles need to adjust not only their 
speed but also the gap with preceding vehicles dynamically (Gap Acceptance). Lyu 
Jiangbi [15] comprehensively evaluated the safety of ramp merging areas, considering fac-
tors such as driver behavior and traffic conflicts. G.F. [16] constructed a ramp merging 
model through real-vehicle experiments and found that up to 35% of vehicles perform 
consecutive illegal lane changes after merging into the mainline, imposing higher compli-
ance requirements on trajectory planning in cooperative control. 

2.2. Cooperative Control Architectures for Connected Multi-Vehicle Systems 

Existing multi-vehicle cooperative control architectures are primarily divided into 
centralized and distributed types. 

The core of centralized control lies in collecting all vehicle information through a cen-
tral node and computing the globally optimal strategy. Dresner [17] proposed an early 
reservation-based conflict management scheme, which divides conflict areas into grids 
and coordinates the passing order through vehicle requests. Marinescu [18] applied this 
reservation method to ramp merging environments, achieving a reliable cooperative 
mechanism. However, Rios-Torres [19] and Vasirani [20] noted that centralized methods 
face challenges such as high communication loads, low fault tolerance, and potential 
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deadlock issues. Particularly in large-scale complex scenarios, the central node bears enor-
mous computational pressure. To address optimization difficulties, The authors of refer-
ences [21–25] proposed modeling the coupled constraints of vehicles in the road network 
using the Alternating Direction Method of Multipliers (ADMM), attempting to reduce the 
complexity of centralized computing. 

Distributed architectures have gradually become mainstream due to their robustness 
and flexibility. Maestre [26] pointed out that distributed frameworks outperform central-
ized schemes in scalability and fault tolerance. In early research on vehicle platoon control, 
Lee [21] and Zheng [25] summarized and proposed the classic four-element architecture 
(information flow topology, distributed controller, node dynamics, and geometric config-
uration), laying a theoretical foundation for distributed control. 

For complex scenarios such as ramps and intersections, The authors of references 
[27–29] proposed the concept of “Virtual Vehicle,” realizing conflict resolution by map-
ping virtual nodes. Wang [30] and Zhang [31] further extended the virtual platoon method, 
optimizing traffic flow using the First-Come-First-Served (FCFS) strategy and cooperative 
lane-changing logic, respectively. In terms of Distributed Model Predictive Control 
(DMPC), the authors of references [32–35] proposed a priority-based non-cooperative 
DMPC method, emphasizing safety without explicit cooperation mechanisms. GUO et al. 
[36] proposed a distributed observation and trajectory tracking strategy for unsignalized 
intersections, while Xu [37] introduced a depth-limited search algorithm to construct con-
flict-free spanning trees. However, most of the aforementioned distributed methods [38–
42] assume vehicles travel along fixed paths, lacking the ability to flexibly handle the cou-
pling of lateral lane changing and longitudinal acceleration in ramp scenarios. 

2.3. Learning-Based Control Strategy Solving and Optimization 

Although MPC can handle multi-constraint problems, its real-time performance re-
mains the biggest bottleneck for practical deployment. To accelerate the solving process, 
the authors of references [43–46] attempted online acceleration techniques such as warm-
start and early termination of interior-point methods, but these methods are still limited 
by the quality of the initial solution. 

In recent years, Approximate Dynamic Programming (ADP) and neural network ap-
proximation methods have provided new ideas for addressing this issue. Lin [47] and 
Duan [48] designed ADP algorithms with finite time horizons and state constraints to 
solve nonlinear control problems, respectively. Lucia et al. [49,50] proposed an imitation 
learning strategy based on explicit dynamic models, using neural networks to approxi-
mate MPC laws. Zhang et al. [51] adopted supervised learning to approximate MPC strat-
egies for linear parameter-varying (LPV) systems, while Liu et al. [52] utilized recurrent 
neural networks (RNNs) to handle finite-horizon tracking tasks. The authors of references 
[53–55] further integrated reinforcement learning with generalized exterior point penalty 
functions to handle collision constraints. These studies demonstrate that using deep neu-
ral networks to approximate the MPC optimization process (NN-MPC) not only retains 
MPC’s ability to handle constraints but also reduces computation time to the millisecond 
level. This is an effective approach to solving complex nonlinear control problems in ramp 
merging scenarios. Based on this insight, this paper constructs a cooperative control 
framework integrating deep neural networks with distributed MPC. 

3. Methodology 
3.1. Framework Overview 

This study aims to address the issues of low efficiency and insufficient safety in multi-
vehicle cooperative driving within the ramp merging scenario. To this end, a multi-vehicle 
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cooperative trajectory planning and control framework based on Distributed Model Pre-
dictive Control (DMPC) is proposed. As illustrated in Figure 1, the framework comprises 
three core modules: the environment perception and inter-vehicle communication mod-
ule, the cooperative trajectory generation module, and the distributed motion control 
module. 

 
Figure 1. Framework of the proposed method. 

The environment perception and inter-vehicle communication module is tasked with 
constructing the local dynamic traffic topology. It ensures that vehicles within the com-
munication range share their planned trajectory information in real time, rather than 
merely their current instantaneous states, thereby providing deterministic intent inputs 
for downstream decision-making. The cooperative trajectory generation module utilizes 
static road network constraints and dynamic interaction information, employing Cubic 
Bézier Curves based on a warm-start strategy to generate spatiotemporally consistent ref-
erence trajectories. Under the premise of satisfying vehicle dynamics and collision avoid-
ance constraints, the distributed motion control module solves for optimal control inputs 
through receding horizon optimization, achieving accurate tracking of reference trajecto-
ries and conflict resolution. 

Assumption 1 (Full Connectivity). To ensure the focus remains on the algorithmic perfor-
mance, a key operational assumption is made: To isolate the efficacy of the proposed cooperative 
mechanism, this study assumes a 100% penetration rate of Connected and Automated Vehicles 
(CAVs). The interaction with human-driven vehicles (mixed traffic) introduces prediction uncer-
tainties that are outside the scope of this specific work and will be addressed in future studies. 
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3.2. Environment Perception and Interaction Topology Construction 

Given the requirements for real-time performance and integrity of information inter-
action in multi-vehicle cooperative systems, this study first establishes a platoon interac-
tion mechanism based on communication topology. It further integrates local environ-
mental feature points to achieve the digital reconstruction of the ramp merging scenario. 

3.2.1. Information Flow Topology Construction 

The connected and automated vehicle platoon in this study is modeled as a self-or-
ganizing network. Following the study by references [56–58], the communication range is 
set to 300 m, and vehicles within this range with a relative speed of no more than 200 km/h 
can establish stable data connections. (Note: The effective Look-ahead Distance is gov-
erned by the V2X communication range, set to 300 m. Vehicles within this range, even 
those approaching at high speeds, are captured by the dynamic topology graph 𝐺(𝑡).) 
Unlike traditional methods, this study takes the planned trajectory sequence of vehicles 
within the prediction horizon Np as the core communication content. Each frame of com-
munication data includes the ego-vehicle state vector and, crucially, the predicted trajec-
tory sequence over the entire prediction horizon 𝑁௣ (i.e., 𝐱௧:௧ାே೛), rather than just the in-
stantaneous state. This enables neighboring vehicles to anticipate future conflicts. The 
communication topology is denoted as: 𝐺(𝑡) = (𝑉,𝐸(𝑡),𝐴(𝑡)) (1)

where the node set V = {V1, V2, V3, ⋯ VN } treats each vehicle as an individual node; the 
time-varying edge set E (t) ⊆ V × V, with an edge (i, j) ∈ E (t) indicating a communication 
connection between node i and node j; and the adjacency matrix A (t) = [aij (t)] ∈ RN×N 
quantifies the connection relationship between nodes: aij (t) if (i, j) ∈ E (t) (i.e., vehicle i 
and vehicle j communicate with each other), and aij (t) = 0 otherwise (no communication 
between the two vehicles). Notably, this study adopts a neighborhood communication 
mechanism to construct the communication topology, which ensures the adjacency matrix 
A (t) is always symmetric, i.e., A (t) ≡ A⊤(t). 

Under this topological structure, the “neighborhood set” of vehicle i at any time t 
is defined as the subset of vehicles that can directly exchange information with it: ℕ௜ (𝑡)  ≔  {𝑗 ∣  𝑎௜௝(𝑡)  =  1}  (2)

This mechanism ensures that each vehicle only requires processing local interaction 
information within its neighborhood set. While effectively managing the communication 
load of large-scale platoons, it maintains the stability of the computational complexity of 
the distributed algorithm, thereby enhancing the system’s adaptability to dynamic traffic 
conditions. Although ideal communication is assumed for training, the Receding Horizon 
nature of the proposed framework inherently mitigates the impact of transient packet loss 
by executing the valid portion of the previously predicted trajectory sequence. 

3.2.2. Modeling of Local Environmental Features in Ramp Merging Scenarios 

To standardize the operating environment of ramp merging scenarios, this study di-
vides the merging area into four functional zones (as shown in Figure 2): the Normal Driv-
ing Zone, the Preparatory Control Zone, the Key Control Zone, and the Vehicle Merging 
Zone. For high-precision trajectory planning, vehicles need to acquire sparse feature 
points of the lane centerlines of lane centerlines and boundaries in real time. As illustrated 
in Figure 3, by collecting coordinates of feature points in the Key Control Zone and gen-
erating a basic reference path using smooth connecting lines, a reference trajectory se-
quence containing geometric and speed information is constructed by integrating static 
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constraints such as section speed limits and traffic light phases. This environmental mod-
eling process fully considers road geometric constraints, providing an accurate input 
benchmark for subsequent lane-changing, overtaking, and collision avoidance decisions. 

Assumption 2 (Constant Friction). A constant tire–road friction coefficient (approx. 𝜇 =  0.8 
for dry asphalt) is assumed. While varying surface conditions (e.g., wet roads) affect low-level 
tracking, the proposed MPC framework operates at the trajectory planning layer, where robust 
margins are embedded to tolerate minor friction variations. 

Assumption 3 (Ideal Actuation). Mechanical braking delays (typically ~200 ms) are not explic-
itly modeled to isolate algorithmic performance. However, the Receding Horizon Control (RHC) 
mechanism inherently mitigates the impact of such delays by constantly re-planning based on the 
current state feedback. 

Assumption 4 (Kinematic Model Validity). The Nonlinear Dynamic Bicycle Model is em-
ployed for trajectory planning. Since the ramp merging maneuvers involve smooth steering and 
moderate speeds (without extreme lateral accelerations that induce significant tire slip angles), this 
kinematic approximation provides a sufficient balance between prediction accuracy and computa-
tional simplicity. 

Assumption 5 (Sensing and Noise). We assume high-precision positioning (e.g., RTK-GPS) 
is available. While real-world sensors have noise, the feedback loop of MPC is known to reject zero-
mean Gaussian noise effectively. Therefore, synthetic noise was not explicitly added to the simula-
tion inputs to maintain the clarity of the algorithmic evaluation and isolate the controller’s perfor-
mance. 

 

Figure 2. Control Zones of the Ramp Merging Scenario. 

 

Figure 3. Element Framework of the Connected Vehicle Platoon Under Geometric Constraints of 
the Road Network. 

  



Machines 2026, 14, 262 8 of 32 
 

https://doi.org/10.3390/machines14030262 

3.3. Scenario Reference Trajectory Generation 

Prior to elaborating on the specific path generation algorithm, it is essential to clarify 
the underlying coordination mechanism of the proposed framework. This distributed co-
ordination relies on an implicit negotiation mechanism learned by the policy network. 
Unlike explicit priority-based rules, the NN-MPC agent assesses the intent of surrounding 
vehicles by utilizing shared predicted trajectories. The asymmetry in the state space (e.g., 
differences in the distance to the merge point) naturally guides the agents to converge 
towards distinct roles (yielding vs. passing), effectively preventing deadlocks and con-
flicting local plans without the need for a central coordinator. Based on this coordination 
logic, the reference trajectory for each vehicle is generated by the system to execute these 
high-level intents. 

3.3.1. Path Generation 

To address the reliance on environmental information, it is important to first clarify 
the map data requirements of this framework. The proposed method does not rely on 
dense point-cloud high-precision maps typically used for heavy localization. Instead, it 
utilizes a lightweight vector map containing only lane centerlines and topology connec-
tivity, which is assumed to be available offline. Real-time localization is achieved via on-
board sensors relative to these vector features, making the system robust to GPS drift. 

Based on this vector topology, to ensure the smoothness and continuity of the 
planned path, this study adopts Cubic Bézier Curves to describe the vehicle’s local path. 
Let the pose of the vehicle at the current time t be P0 = ሾX0,Y0,φ0ሿT. Since planning is al-
ways performed at the current time and outputs the reference trajectory tracked by the 
prediction model within the future prediction horizon, the time t is omitted here to sim-
plify the notation. As illustrated in Figure 4, the vehicle can simultaneously obtain the 
path feature point Pmf  = ൣXmf ,Ymf ,φmf ൧T, where f denotes the index of the feature point. As the 
vehicle travels into the neighborhood of the current path point Pmf , the index m is updated 
to (m + 1), switching to the next feature point. Feature points can either be stored in the 
offline map or identified online by integrating the global navigation path and the percep-
tion-localization system. The local path ℛ(𝜁) is parameterized by the curve parameter 𝜁 
and determined by four control points: the starting point 𝑃଴, two intermediate auxiliary 
points 𝑃ଵ௔ and 𝑃ଶ௔, and the target feature point 𝑃௠௙. The trajectory is defined piecewise as 
follows: 

for 𝜁 ∈ [0,1]: 
ℛ (𝜁 ∣  𝑃଴,𝑃ଵ௔,𝑃ଶ௔,𝑃௠௙)  = ቈℛ೉ቀ఍ | ௉బ,௉భೌ ,௉మೌ ,௉೘೑ ቁℛೊቀ఍ | ௉బ,௉భೌ ,௉మೌ ,௉೘೑ ቁ቉ = ൤௑బ,ଷ௑భೌ ,ଷ௑మೌ ,௑೘೑௒బ,ଷ௒భೌ ,ଷ௒మೌ ,௒೘೑ ൨ ൥ (భషഅ)య(భషഅ)మഅ(భషഅ)അమഅయ ൩  (3)

for 𝜁 ∈ [1, +∞]: ℛ (𝜁 ∣  𝑃௠௙) = ቈℛ೉ቀ఍ | ௉೘೑ ቁℛೊቀ఍ | ௉೘೑ ቁ቉ = ൤௑೘೑    ௖௢௦ఝ೘೑ ௒೘೑    ௦௜௡ఝ೘೑ ൨ ቂ ଵ఍ିଵቃ  (4)

Specifically, to satisfy the geometric constraints where the reference path must be 
tangent to the vehicle’s heading at 𝑃଴ and the lane direction at 𝑃௠௙, the coordinates of the 
auxiliary points are determined by: ቄ௑భೌ ୀ௑బା௅బ௖௢௦ఝబ௒భೌ ୀ௒బା௅బ௦௜௡ఝబ       ൜௑మೌ ୀ௑೘೑ ି௅య௖௢௦ఝ೘೑௒మೌ ୀ௒೘೑ି௅య௦௜௡ఝ೘೑   (5)

where 𝐿଴ and 𝐿ଷ represent the tangent lengths at the start and end points, respectively. 
This geometric constraint, combined with the inherent smoothness of the Cubic Bé-

zier Curves, ensures that the generated reference path satisfies the basic curvature and 
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boundary requirements before being tracked by the controller. Thus, the feasibility of the 
reference path is guaranteed by design. 

It is noteworthy that the Cubic Bézier generation serves as coarse-grained guidance. 
While it ensures geometric smoothness, the fine-grained collision avoidance is explicitly 
handled by the downstream MPC constraints. The �Historical Trajectory Reuse’ strategy 
minimizes the conflict between the reference path and the obstacle-avoiding trajectory by 
dynamically updating the start point 𝑃′଴ based on the vehicle’s actual state. 

Remark on Control Continuity. It is important to note that the proposed framework employs a 
unified controller rather than switching between separate ramp and mainline controllers. The 
global reference trajectory (generated via Bézier curves) provides a seamless path from the ramp to 
the mainline, ensuring continuous control without discrete handoff coordinates. 

 
Figure 4. Local Path Planning Based on Road Feature Points. 

To ensure that the newly generated reference path is consistent with the vehicle’s 
historical driving intent, this study proposes an iterative planning algorithm based on his-
torical trajectory reuse. The core idea is that the first half of the new path planned at the 
current time step t should be as close as possible to the remaining part of the path planned 
at the previous time step (𝑡 − 1). 

Assume that the path function generated at the previous time step is  Rprev, and the 
path to be solved at the current time step is Rnew. Based on the properties of Cubic Bézier 
Curves, the auxiliary points  P1a and  P2a can be solved to ensure that the two curves coin-
cide at specific parameter points: ℛ௣௥௘௩(𝜁|𝑃଴,𝑃ଵ௔,𝑃ଶ௔,𝑃௠௙) = ℛ௡௘௪(𝜁′|𝑃଴′,𝑃ଵ௔′,𝑃ଶ௔′,𝑃௠௙) (6)

Among these, P0, P1a ,P2a  and 𝑃௠௙  are known. The above equation characterizes the 
condition under which the trajectory planned at the previous step (parameterized by 𝜁 
coincides with the newly generated trajectory, parameterized by 𝜁′ at a specific shared 
point). 

As shown in Figure 5, due to control deviations or obstacle avoidance, the updated 
vehicle position 𝑃଴′ may not strictly fall on the previous reference path. To address the 
potential deviation shown in Figure 5, the evaluation parameters 𝜁௔ and 𝜁௕ are selected 
within the interval [0.5, 1). Selecting larger values in this interval reduces the reliance on 
the path segment near the vehicle’s current position—which is susceptible to disturb-
ances—and places greater weight on the future trajectory trend. This strategy ensures that 
the algorithm maintains path continuity while exhibiting robustness against control exe-
cution errors. 
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Figure 5. Schematic Diagram of Iterative Planning for Cubic Bézier Curves. 

To solve for  P1a’ and  P2a’, two evaluation points  ζa‘  and  ζb‘  are selected on the new 
path. As the vehicle travels forward, there exists a mapping relationship between the new 
path parameter ζ’ and the old path parameter ζ. Based on the assumption of arc length 
preservation, this mapping relationship can be approximately estimated as: 1 - ζ’1 - ζ = dPmf P0dPmf P0‘ ൎ 11 - ζfirst (7)

Herein, dPmf P0 denotes the arc length from point Pmf  to P0, and dPmf P0‘  denotes the arc 
length from point Pmf  to P0‘ . The ratio of the arc lengths can be approximated by the ratio 
of the parameters, where ζfirst  is the ζ  value corresponding to the first point of the 
planned trajectory at the current time step. 

By combining the above conditions, the geometric constraints can be transformed 
into a linear solution problem regarding the coordinate vectors of the auxiliary points. Let L0=ฮP0‘ -P1a’ฮ2 and L3=ฮP2a’-Pmf ฮ2 represent the tangent lengths of the control points, respec-
tively. Based on the derivative properties of Cubic Bézier Curves, the optimal L0 and L3 
can be quickly solved via matrix inversion: ൤L0

L3
൨ =AX,Y

-1bX,Y  (8)

The definitions of each component are as follows: the “0” in matrix AX,Y denotes a 2 
× 2 zero matrix. AX,Y= ቈA൫ζa‘ ,ζb‘ ൯0   0A൫ζa‘ ,ζb‘ ൯቉ (9)

A൫ζa‘ ,ζb‘ ൯= ቎3ζa‘ ൫1-ζa‘ ൯23ζb‘ ൫1-ζb‘ ൯2   3ζa‘2൫1-ζa‘ ൯3ζb‘2൫1-ζb‘ ൯቏ (10)

bX,Y= ⎣⎢⎢
⎢⎡RX൫ζa | P0, P1a, P2a, Pmf ൯-X0‘ ൫1-ζa‘ ൯3ିXmf ζa‘3RX൫ζb | P0, P1a, P2a, Pmf ൯-X0‘ ൫1-ζb‘ ൯3ିXmf ζb‘3RY൫ζa | P0, P1a, P2a, Pmf ൯-Y0‘ ൫1-ζa‘ ൯3ିYmf ζa‘3RY൫ζb | P0, P1a, P2a, Pmf ൯-Y0‘ ൫1-ζb‘ ൯3ିYmf ζb‘3 ⎦⎥⎥

⎥⎤ (11)

Once the continuous path curve is determined, the reference trajectory sequence is 
discretized by performing piecewise integration of the speed profile function within the 
prediction horizon. 
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3.3.2. Dynamic Speed Planning 

After the geometric path is determined, it is necessary to endow the path with tem-
poral attributes based on road speed limits and traffic flow states. To guide the longitudi-
nal motion in specific merging areas, Table 1 defines the velocity planning rules for vehi-
cles under different ramp scenarios. Based on these rules, Table 2 presents the desired 
speed function  Uref(t)  of the vehicle at time t , which is determined by the remaining 
phase time Tleft and the current section speed limit Ulimit. Here, s denotes the distance 
from the vehicle to the intersection stop line at the current time step: s < 0 indicates that 
the vehicle has crossed the ramp exit stop line and entered the intersection; U is the ob-
served value of the vehicle’s longitudinal speed at the current time step; when the vehicle 
exits the intersection, s is updated to the distance from the connected and automated ve-
hicle (CAV) to the stop line of the next intersection; Lbound  is the intersection distance 
threshold, satisfying Lbound≤TphaseUlimit; Tphase denotes the duration of the single phase of 
the traffic light; amax is the maximum longitudinal acceleration of the CAV. 

After obtaining the continuous speed profile function Uref(t) from Table 2, the speed 
sequence can be derived as: Useq= ቂUref(0),…,Uref(kTs),…,Uref ቀ൫Np - 1൯Tsቁቃ (12)

Table 1. Vehicle’s Uniformly Variable Speed Planning Rules in Ramp Merging Scenarios. 

 Ramp Scenario  Velocity Function Uref(t) Lbound≤s   0.9Ulimit 

0≤s≤Lbound 

No Straight-Moving 
Vehicles After Tleft 

UTleft > s max ቊU- U22s t, 0ቋ UTleft ≤ s max ൜ sTleft ,Ulimitൠ 
Straight-Moving Ve-

hicles Exist at Tleft 
UlimitTleft > s Ulimit 𝑈୪୧୫୧୲𝑇୪ୣ୤୲ ≤ s max ቊU- U22s t, 0ቋ s<0   0.9Ulimit 

Table 2. Comparison of Mainstream Cooperative Control Approaches. 

Approach Mechanics Pros Cons 

Rule-based 
Pre-defined logic 

(e.g., FCFS) 
Simple, low computa-

tion 

Poor flexibility, prone 
to deadlocks in high 

density 

Standard MPC 
Online numerical op-

timization 
Handles constraints, 

optimal tracking 

Computationally 
heavy, difficult for 

real-time deployment 

Pure RL Trial-and-error learn-
ing 

Real-time inference 
“Black-box” safety 
risks, lack of con-
straint guarantees 

Proposed NN-MPC Offline Optimization 
and Online Inference 

Real-time (<10 ms), 
Explicit Safety Con-

straints 

Dependence on train-
ing data distribution 

3.3.3. Trajectory Generation 

Algorithm 1 presents two iterative reference trajectory generation methods. The first 
is a generation method based on a small number of road feature points. This method in-
tegrates path planning and speed planning, taking key road feature points on the global 
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path as inputs. When the vehicle approaches these feature points, the reference trajectory 
adjusts accordingly and converges to the feature points. Even if the vehicle deviates from 
the preset path within the permissible driving area, it can return to the path endpoint after 
exiting the conflict zone. The second is a generation method based on the sequence of lane 
center points. The core idea of this method is to define circular arcs intersecting the lane 
centerline, and select the discrete point of the lane centerline closest to the intersection 
point as the endpoint of the planned Cubic Bézier Curves. 

Algorithm 1 achieves real-time trajectory planning based on road characteristics. The 
key to the algorithm lies in the optimization of the path function and the update of feature 
points, ensuring that vehicles can drive safely and smoothly in the dynamic ramp envi-
ronment. 

Algorithm 1: Path Function and Feature Point Update Process 

 

Input: Prediction horizon Np; current pos P0; feature point Pm
f ;speed sequence Useq；

time step Ts；intermediate variables from previous iteration L0 and L3；constant L >
0, ζa,ζb∈ [0.5, 1)  with ζa≠ζb；update threshold ζbound ∈ (0, 1)；update flag Update-
FeaturePoint 

 Output: New path function Rnew(ζ), new intermediate variables L0
new and L3

new, up-
date feature point flag UpdateFeaturePoint 

1:  UpdateFeaturePoint←False 
2: Initialize the ζ≔ቂζ0,ζ1,…, ζNp

ቃ←[0, 0,…,0] 
3: Calculate P1

a  and P2
a 

4: Construct path function Rnew(.)←R ቀ. | P0, P1
a, P2

a, Pm
f ቁ 

5: for idx=1 to Np do 
6: Calculate speed change ΔL=Useq[idx-1].Ts 

7: 
Determine ζidx using binary search such that: ቚฮRnew൫ζidx൯, Rnew൫ζidx-1൯ฮ2

-ΔLቚ ≤ErrorRate.ΔL 
8: end for 
9: if ζ1 > ζ௕௢௨௡ௗ then 
10:     UpdateFeaturePoint←True 
11: Update intermediate variables:L0

new← L,  L3
new← L 

12: else 

13: 
Solve the linear system of equations to update parameters: 

ζa
ʹ←൫ζ1-ζa൯/൫ζ1-1൯  , ζb

ʹ←൫ζ1-ζb൯/൫ζ1-1൯ 
14:     Obtain solutions of the linear system (5):X1

aʹ, X2
aʹ, Y1

aʹ, Y2
aʹ 

15: Calculate new intermediate variables L0
newand  L3

new 
16: end if 
17: return Rnew(ζ), L0

new, L3
new, UpdateFeaturePoint 

3.4. Distributed Model Predictive Control (DMPC) Design 

Considering that traditional multi-vehicle cooperative control methods struggle to 
adapt to the dynamic changes in vehicle states, fail to effectively handle complex con-
straints, and lack sufficient robustness against environmental changes and execution er-
rors, while also facing difficulties in resolving potential multi-vehicle conflicts through 
explicit driving intent, this study proposes a hierarchical and progressive distributed con-
trol framework, the overall architecture of which is illustrated in Figure 6. First, an opti-
mization problem incorporating vehicle dynamics and safety collision avoidance con-
straints is formulated based on Model Predictive Control (MPC) to ensure the theoretical 
safety and rationality of cooperative driving behaviors. Subsequently, a deep neural net-
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work (DNN) policy approximation method is introduced to address the low computa-
tional efficiency of traditional numerical solvers in complex scenarios. Finally, a dynamic 
surrounding vehicle selection mechanism is designed to enhance the system’s adaptabil-
ity and flexibility to changes in traffic flow topology. 

To ensure high-fidelity tracking accuracy and realistic dynamic response, a nonlinear 
dynamic bicycle model is employed as the predictive model for the MPC controller. Un-
like kinematic models, this model explicitly accounts for tire slip angles and lateral dy-
namics, which are critical in ramp merging maneuvers. 

3.4.1. Modeling of the Cooperative Control Problem 

Based on the system architecture, the vehicle state vector at time step 𝑘 is defined as 𝒙௞ = [𝑋௞,𝑌௞,𝜑௞,𝑈௞,𝑉௞,𝜔௞]், where (𝑋௞,𝑌௞) denotes the global position, 𝜑௞ is the yaw an-
gle, 𝑈௞ and 𝑉௞ are the longitudinal and lateral velocities in the vehicle body frame, and 𝜔௞ is the yaw rate. The control input vector is defined as 𝒖௞ = [𝑎௞, 𝛿௞]், representing the 
longitudinal acceleration and the front wheel steering angle, respectively. 

The continuous-time nonlinear dynamics are governed by the following differential 
equations, utilizing the parameters defined in Table 5: 𝑋ሶ = 𝑈 cos𝜑 − 𝑉 sin𝜑𝑌ሶ = 𝑈 sin𝜑 + 𝑉 cos𝜑𝜑ሶ = 𝜔𝑈ሶ = 𝑎 − 𝐹௬௙ sin 𝛿𝑚 + 𝑉𝜔𝑉ሶ = 𝐹௬௙ cos 𝛿 + 𝐹௬௥𝑚 − 𝑈𝜔𝜔ሶ = 𝑙௙𝐹௬௙ cos 𝛿 − 𝑙௥𝐹௬௥𝐼௭

 (13)

The lateral tire forces 𝐹௬௙ and 𝐹௬௥ are approximated using a linear tire model, which 
is valid for the operational range of ramp merging: 𝐹௬௙ = 2𝑘௙ ቆ𝛿 − 𝑎𝑟𝑐𝑡𝑎𝑛 ቆ𝑉 + 𝑙௙𝜔𝑈 ቇቇ𝐹௬௥ = 2𝑘௥ ൬−𝑎𝑟𝑐𝑡𝑎𝑛 ൬𝑉 − 𝑙௥𝜔𝑈 ൰൰  (14)

where 𝑚 is the vehicle mass, 𝐼௭ is the yaw moment of inertia, 𝑙௙ and 𝑙௥ are the distances 
from the center of mass to the front and rear axles, and 𝑘௙ and 𝑘௥ are the equivalent cor-
nering stiffnesses of the front and rear tires, as listed in Table 5. 

This section establishes a receding horizon optimization method where each vehicle 
in the multi-vehicle system is independently equipped with an MPC controller. Only the 
first optimal control action is executed in each control cycle, and the optimal policy is 
recalculated in the next cycle based on the latest ego-vehicle state, surrounding vehicle 
states, and the updated reference trajectory. To ensure real-time performance, the coordi-
nation adopts a non-iterative (single-shot) information exchange protocol per time step to 
minimize communication latency. Although this introduces minor prediction mismatches, 
the Receding Horizon Control (RHC) mechanism inherently compensates for these errors 
by re-optimizing trajectories at the subsequent step. 
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Figure 6. Distributed Model Predictive Control (DMPC) Scheme. 

In this study, the number of planned reference trajectories for each vehicle is set to 1. 
Based on the architecture of the integrated decision-control scheme and combined with 
the problem formulation of cooperative control, the objective function of cooperative con-
troller i is given as follows: 

minu0|t,…,uiNp-1|ti Vi൫xi, xref൯= ෍ ltracki ൫xk|ti , xk|tref൯+lenergyi ൫uk|ti ൯Np-1
k=0  (15)

where uk|ti   and xk|ti   denote the control and state variables of vehicle i  at the k -th step 
within the prediction horizon, respectively, and xk|tref represents the reference trajectory 
planned for vehicle i at time t. Here, ltracki  denotes the tracking accuracy, lenergyi  denotes 
the fuel consumption, and lcomforti  denotes performance indicators such as driving com-
fort. To prevent erratic vehicle behavior and ensure smooth control despite potential sub-
optimalities in the neural approximation, the cost function explicitly penalizes high-fre-
quency control fluctuations. Specifically, the weight matrix 𝑅 (associated with 𝑙௖௢௠௙௢௥௧௜ ) 
imposes heavy penalties on the rate of change of control inputs (Δ𝑢), thereby physically 
constraining the DNN to output smooth and continuous trajectories. 

To achieve the desired cooperative behavior, the MPC optimization problem is for-
mulated with a multi-objective cost function that explicitly balances tracking accuracy, 
energy efficiency, driving comfort, and safety. The full objective function 𝐽 over the pre-
diction horizon 𝑁௣ is defined as follows: 

𝐽(𝐱(𝑡),𝐮(⋅)) = ෍ ቌ‖𝐱௞|௧ − 𝐱௞|௧௥௘௙‖𝐐ଶᇣᇧᇧᇧᇤᇧᇧᇧᇥ்௥௔௖௞௜௡௚ + ‖𝐮௞|௧‖𝐑ଶᇣᇧᇤᇧᇥா௡௘௥௚௬ + ‖Δ𝐮௞|௧‖𝐒ଶᇣᇧᇧᇤᇧᇧᇥ஼௢௠௙௢௥௧ + 𝜌 ⋅ 𝑃௖௢௟௟(𝐱௞|௧)ᇣᇧᇧᇧᇤᇧᇧᇧᇥௌ௔௙௘௧௬ ቍே೛ିଵ
௞ୀ଴+ ‖𝐱ே೛|௧ − 𝐱ே೛|௧௥௘௙ ‖𝐐೑ଶᇣᇧᇧᇧᇧᇤᇧᇧᇧᇧᇥ்௘௥௠௜௡௔௟  

(16)

where 𝒙௞|௧ and 𝒙௞|௧௥௘௙ are the predicted and reference state vectors at step 𝑘, respectively. 𝒖௞|௧ is the control input vector, and 𝛥𝒖௞|௧ = 𝒖௞|௧ − 𝒖௞ିଵ|௧ represents the rate of change of 
control inputs, which serves as the smoothness term to ensure passenger comfort. 𝑃௖௢௟௟(⋅) 
is a soft penalty function for collision avoidance constraints (as defined in Equation (16)) 
with a high penalty weight 𝜌. 

The weighting matrices are defined as diagonal matrices to normalize and prioritize 
different objectives: 𝑸 = 𝑑𝑖𝑎𝑔(𝑤௫ ,𝑤௬,𝑤ఝ,𝑤௩, … ),𝑹 = 𝑑𝑖𝑎𝑔(𝑤௔௖௖ ,𝑤ఋ) , and 𝑺 =𝑑𝑖𝑎𝑔(𝑤௱௔௖௖ ,𝑤௱ఋ). The specific numerical values for all weight terms used in the simulation 
are reported in Table 3. 

Table 3. Numerical Weight Values for the MPC Objective Function. 
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Cost Term Parameter Symbol Value Physical Meaning 

Tracking Position Weight 𝑤௣௢௦ 10.0 
Penalizes lateral/longitudinal de-

viation (1/mଶ) 
Heading Weight 𝑤ఝ 50.0 Penalizes yaw angle error (1/radଶ) 

Velocity Weight 𝑤௩ 1.0 
Penalizes speed tracking error 

(1/(m/s)ଶ) 

Energy 

Acceleration 
Weight 𝑤௔௖௖ 0.1 Penalizes magnitude of accelera-

tion 

Steering Weight 𝑤ఋ 0.1 Penalizes magnitude of steering 
angle 

Comfort 
Jerk Weight 𝑤Δ௔௖௖ 100.0 Penalizes rate of acceleration 

change (Smoothness) 
Steering Rate 

Weight 𝑤Δఋ 500.0 Penalizes rate of steering change 
(Smoothness) 

Safety Collision Penalty 𝜌 10,000.0 Soft constraint penalty strength 
for collision risk 

Terminal Terminal Weight 𝑸௙ 10.0 Terminal state cost (typically 
scaled 𝑸) 

To ensure control effectiveness and safety, four types of constraint conditions are es-
tablished. 

Equality and inequality constraints are formulated based on vehicle dynamics, traffic 
legality in ramp merging scenarios, and driving safety on ramps. The vehicle dynamics 
model fi  serves as the equality constraint relating the control vector uk|ti   and the state 
vector xk|ti : xk+1|ti =fi൫xk|ti , uk|ti ൯ (17)

For traffic regulation constraints, let h(⋅,⋅) denote a scalar function of the vehicle state 
vector 𝑥௞|௧௜  and the local road feature vector: h(xk|ti , xk|troad, i)≤0 (18)

In the research on multi-vehicle cooperative driving and collision avoidance control, 
to effectively handle the safe interaction between vehicles, a nonlinear vector function 𝑔(·,·) is introduced to describe the feature circle distance constraint between vehicles. 
This constraint function is closely related to the ego-vehicle state xk|ti  and the state vector 
of surrounding vehicles xk|tj , and serves as a key component in the optimization solution 
of Model Predictive Control (MPC). 

Specifically, the reference trajectory of the ego-vehicle and the predicted trajectories 
of surrounding vehicles together constitute the basic parameters for solving the vehicle 
optimization problem at time t. Based on the optimal control sequence and the current 
system state, the controller infers the predicted state trajectory, and on this basis, estab-
lishes collision constraints for the vehicle over 𝑁 prediction horizons. The nonlinear in-
equality constraint for multi-vehicle collision avoidance 𝑔൫xk|t

i  , xk|t
j ൯ ≤ 0  (where 𝑗 ∈

N௜(𝑡)) is designed to ensure the geometric separation between the ego-vehicle and sur-
rounding vehicles within the time domain. 

To accurately convert the rectangular geometric shape of the vehicle into computable 
mathematical constraints, the Feature Circle approximation method is adopted. The colli-
sion avoidance constraints between vehicles are defined as the following system of non-
linear inequalities, i.e.,: 
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𝑔൫𝑥௞, 𝑥௞௢௕௦൯ = ⎣⎢⎢⎢
⎢⎡஽೒మିቀ௫೑,ೖି௫೑,ೖ೚್ೞቁ఻ொ೎ቀ௫೑,ೖି௫೑,ೖ೚್ೞቁ஽೒మି൫௫೑,ೖି௫ೝ,ೖ೚್ೞ൯఻ொ೎൫௫೑,ೖି௫ೝ,ೖ೚್ೞ൯஽೒మିቀ௫ೝ,ೖି௫೑,ೖ೚್ೞቁ఻ொ೎ቀ௫ೝ,ೖି௫೑,ೖ೚್ೞቁ஽೒మି൫௫ೝ,ೖି௫ೝ,ೖ೚್ೞ൯఻ொ೎൫௫ೝ,ೖି௫ೝ,ೖ೚್ೞ൯⎦⎥⎥⎥

⎥⎤ ≤ ൥଴଴଴଴൩ (19)

In the above equation, 𝑥௞ and 𝑥௞௢௕௦ denote the states of the ego-vehicle and the ob-
stacle vehicle (i.e., surrounding vehicle j), respectively, and 𝑄௖ is the weight matrix. This 
constraint essentially requires that the squared distance between the front/rear Feature 
Circles of the ego-vehicle and those of the surrounding vehicle must be greater than the 
square of the Feature Circle diameter 𝐷௚, thereby ensuring no physical contact. 

The position coordinates of the centers of the Feature Circles—𝑥௙,௞ (front circle) and 𝑥௥,௞ (rear circle)—are derived from the ego-vehicle’s centroid state and heading angle, 
with their kinematic relationship defined as: ௫೑,ೖୀ௫ೖାௗ೑ ௖௢௦൫஺೑௫ೖ൯ାௗ೑ ௦௜௡൫஺೑௫ೖ൯,௫ೝ,ೖୀ௫ೖାௗೝ ௖௢௦(஺ೝ௫ೖ)ାௗ೑ ௦௜௡(஺ೝ௫ೖ),௫೑,ೖ೚್ೞୀ௫ೖ೚್ೞାௗ೑ ௖௢௦൫஺೑௫ೖ೚್ೞ൯ାௗ೑ ௦௜௡൫஺೑௫ೖ೚್ೞ൯,௫ೝ,ೖ೚್ೞୀ௫ೖ೚್ೞାௗೝ ௖௢௦൫஺ೝ௫ೖ೚್ೞ൯ାௗೝ ௦௜௡൫஺ೝ௫ೖ೚್ೞ൯,  (20)

Herein, 𝑑௙ and 𝑑௥ denote the offset distances of the centers of the vehicle’s Feature 
Circles relative to the ego-vehicle’s centroid, forward and backward along the longitudi-
nal axis, respectively; 𝐷௚ is the Feature Circle diameter. To extract heading angle infor-
mation from the high-dimensional state vector for calculating geometric positions, sparse 
matrices 𝐴௙ and 𝐴௥ are introduced: 

𝐴௙ = ൥଴଴⋮଴ ଴଴⋮଴ ଵ ଴⋯⋱⋯
଴ ଴଴⋮଴൩଺×଺ ,𝐴௥ = ൥଴଴⋮଴ ଴଴⋮଴ ଵ ⋯଴⋱⋯ ଴ ଴଴⋮଴൩଺×଺ (21)

In the above definitions, all elements of 𝐴௙ are zero except for the element at the first 
row and third column, which is set to 1; all elements of 𝐴௥ are zero except for the element 
at the second row and third column. 

The flexibility of this constraint model stems from its parameter configuration: when 𝑑௙ = 𝑑௥ = 0 , the four quadratic inequalities in Equation (20) degenerate into the same 
form, i.e., the single-circle constraint model; when 𝑑௙,𝑑௥ > 0, the four distinct quadratic 
inequalities correspond to strict constraints that the front and rear double Feature Circles 
of the ego-vehicle do not come into contact with those of the surrounding vehicle pairwise, 
thereby achieving accurate coverage of the collision risk associated with the rectangular 
vehicle body. This nonlinear constraint is ultimately integrated into the optimization 
problem of Model Predictive Control (MPC) and acts synergistically with control satura-
tion constraints, ensuring that the trajectory generated by the vehicle within the prediction 
horizon not only satisfies dynamic feasibility but also possesses rigorous collision avoid-
ance capability. 

For control input saturation constraints, the lower bound umini   and upper bound umaxi  of the control input for vehicle i are specified as: umini ≤uk|ti ≤umaxi  (22)

To prevent optimization infeasibility in tight merging scenarios, the collision avoid-
ance constraints (Equation (15)) are implemented as Soft Constraints using a heavy pen-
alty function (Generalized Exterior Point). This ensures the solver always finds a solution, 
even if it requires temporarily penalizing a safety buffer violation. In extreme cases where 
the merging gap closes unexpectedly, the collision avoidance constraints (Equation (17)) 
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will force the optimization to output a deceleration or braking command. If the trajectory 
becomes infeasible, a backup safety mechanism is triggered to bring the vehicle to a stop 
until a safe gap becomes available. Furthermore, to ensure the stability of the DMPC over 
an infinite horizon, a mathematical terminal constraint term 𝐽௙ is incorporated into the 
cost function as a soft penalty: 𝐽௙(𝑥ே೛|௧௜ ) = 𝑤௙‖𝑥ே೛|௧௜ − 𝑥௥௘௙,ே೛|௧௜ ‖ଶ + 𝜌 ⋅ 𝑚𝑎𝑥( 0,𝑔௦௔௙௘(𝑥ே೛|௧௜ )) (23)

where 𝜌 is a large penalty coefficient enforcing the terminal state to reside within the fea-
sible safety region defined by Equation (19). 

3.4.2. Neural Network-Based Policy Solving and Optimization 

Although the nonlinear MPC model formulated in Section 3.4.1 can effectively han-
dle vehicle dynamics and complex collision avoidance constraints, its online numerical 
solution often faces enormous computational burden in high-density traffic scenarios at 
ramps, making it difficult to meet the stringent (near-)real-time response requirements of 
autonomous driving systems. To address this issue, this section introduces how to use an 
offline-trained deep neural network (DNN) policy 𝜋ఏ to approximate the optimization 
and solving process of online MPC, thereby resolving the real-time performance bottle-
neck. To ensure controller continuity, the input layer accepts a fixed number of nearest 
surrounding vehicles (e.g., 𝑁௡௘௜௚௛௕௢௥ = 5). A sorting mechanism based on Euclidean dis-
tance ensures that the most critical interaction targets are consistently retained in the input 
sequence across consecutive time steps. Prior to being fed into the network, all input state 
variables (e.g., velocity, gap distance) are normalized to the range [−1,1] using Min-Max 
Normalization. This standardization prevents gradient saturation and ensures balanced 
sensitivity across different state features. The detailed architecture of the policy network 
is presented in Table 4. 

Table 4. Hyperparameters of the Neural Network Architecture. 

Layer Type Neurons/Dimension Activation Function Input Layer Fully Connected 
State Dimension (𝑛௫ ×𝑁௡௘௜௚௛௕௢௥) None 

Hidden Layer 1 Fully Connected 256 ReLU 
Hidden Layer 2 Fully Connected 128 ReLU 
Output Layer Fully Connected Control Dimension (𝑛௨) Tanh (Scaled) 

To construct a robust dataset for approximating the global optimal policy, we em-
ployed a �Teacher–Student’ learning paradigm. The high-precision nonlinear MPC (the 
�Teacher’) was deployed on offline servers to solve optimal control problems over 5000 
episodes, generating a comprehensive set of state-action pairs. 

The data generation protocol incorporated strict randomization to ensure the net-
work’s generalization capability across diverse ramp merging scenarios: 

1. Scenario Initialization: For each episode, the ego vehicle and surrounding vehicles 
were initialized with random states. The initial speeds were sampled from the oper-
ational range [0,𝑈௟௜௠௜௧]  (e.g., 0–30 m/s), and initial positions were randomized to 
cover various conflict levels. 

2. Traffic Density and Gaps: To simulate realistic traffic variations, the arrival intervals 
of mainline vehicles were generated using a shifted negative exponential distribution, 
while ramp vehicle generation followed a Poisson distribution. This approach natu-
rally created a wide range of inter-vehicle gaps and traffic density conditions, forcing 
the MPC to resolve complex merging conflicts. 
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3. Data Split: The collected dataset, consisting of the optimal trajectory sequences, was 
randomly partitioned into a training set (80%) and a validation set (20%). The valida-
tion set was strictly isolated from the training process to monitor the loss convergence 
and assess the generalization performance of the policy network 𝜋ఏ. 

Compared with real-time MPC, which has to shorten the prediction horizon or re-
duce the number of iterations due to constraints on on-board computing power, the 
trained neural network can learn the long-term temporal planning characteristics of the 
ideal MPC. More importantly, the neural network converts the complex optimization it-
eration process into matrix operation-based forward inference, increasing the decision fre-
quency to the millisecond level. This effectively avoids insufficient vehicle response and 
abrupt changes in control actions caused by online computation delays, achieving real-
time approximation of the globally optimal policy. 

minθ V(s) = ෍ lNp-1
k=0 ൫xk, xkref, πθ(s)[k]൯ (24)

s.t.        xk+1=f(xk, πθ(s)[k]) (25)hn൫xk, xn, kobs൯≤0 (26)umin≤πθ(s)[k]≤umax (27)

 st= ൤xtT， ቀxt:t+Npref ቁT
， ቀxt:t+Npobs ቁT൨T

 (28)

k=0,1,…,Np-1; n=0,1,…,Nn-1 (29)

At time t, given s ∈S, the network outputs the action sequence u0∶Np-1 ∈ UNp accord-
ing to the policy π ∶ S → UNp. Herein, S denotes the vehicle observation state set, and U 
denotes the vehicle admissible control set. The output dimension of the network is deter-
mined by the product of the action dimension |u| and the prediction horizon Np, and is 
partitioned by the acting time step into πθ(s) [0], πθ(s) [1],⋯,πθ(s) [Np-1]. In the single 
Multi-Layer Perceptron (MLP) network adopted in this study, the output layer is struc-
tured sequentially to match the total dimension defined by the product of action dimen-
sion |u| and prediction horizon Np. Specifically, the 1st to |u|-th neurons correspond to 
the approximately optimal action executed at time step 0 within the virtual time horizon, 
while the |u|+1-th to 2|u|-th neurons correspond to the action executed at time step 1, 
and this pattern continues for the entire sequence. The k-th step action uk ← πθ(s) [k] and 
the vehicle state xk are input into the dynamical system 𝑓 ∶ X× U → X (where X denotes 
the vehicle feasible state set), to recursively propagate to the vehicle state xk+1 at the next 
time step. d represents the distribution of observations. θ denotes the parameters of the 
to-be-optimized policy network π. The geometric layout of the road network and the ini-
tial configuration of the vehicles are illustrated in Figure 7. 
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Figure 7. Flowchart of the Neural Network-Model Predictive Control (NN-MPC) Algorithm. 

To provide a clear overview of the implementation, the step-by-step execution pro-
cedure of the proposed online distributed NN-MPC framework is summarized in Algo-
rithm 2. This table details how the dynamic topology extraction, neural network acceler-
ation, and optimization refinement are integrated within each control cycle. 

Algorithm 2: Distributed NN-MPC with Dynamic Topology 
 Input: Ego state 𝑥௞, Neighbor states 𝑥௝, Reference 𝑥௥௘௙ 
 Output: Optimal control 𝑢௞ 
1:  Initialize: Construct Dynamic Topology Graph 𝐺(𝑡) 
2: for each time step 𝑘 = 0 to 𝑁 − 1 do 
3: Step 1: Neighbor Extraction 
4: Select N_neighbor nearest vehicles based on Equation (8); 
5: Step 2: Neural Approximation (Hot-start) 
6: Predict initial guess 𝑢௜௡௜௧ = DNN(𝑥௞, 𝑥௥௘௙, 𝑥௡௘௜௚௛௕௢௥௦); 
7: Step 3: Optimization Refinement (if needed) 
8: Solve: min 𝐽(𝑥௞,𝑢௞) // Minimize Cost (Equation (10)) 
9: Subject to: 
10:         𝑥௞ାଵ = 𝑓(𝑥௞,𝑢௞)       // Vehicle Dynamics (Equation (11)) 

11: 
𝑔௦𝑎𝑓𝑒(𝑥௞, 𝑥௡𝑒𝑖𝑔ℎ𝑏𝑜𝑟) <= 0// Feature Circle Collision Constraints (Equa-

tion (15)) 
12:         𝑢௠𝑖𝑛 <= 𝑢௞ <= 𝑢௠𝑎𝑥       // Actuator Limits (Equation (19)) 
13: Return 𝑢௞∗  
14: end for 

This study approximates the collision avoidance constraints described in Equation 
(17) by adding a constraint violation penalty term to the objective function, using a differ-
entiable activation function σ(·) for approximation: 

min
θ

V
p
(s)=∑ l൫xk, xk

ref, πθ(s)[k]൯+∑ ∑ σ ቀhn൫xk, xn,k
obs൯ቁNp-1

n=0
Np-1
k=0

Np-1
k=0   (30)

Notably, although the neural network policy πθ can significantly improve compu-
tational speed, it is essentially a data-driven approximate solution. The output results the-
oretically cannot provide rigorous proof of hard constraint satisfaction like numerical op-
timizers. To ensure driving safety under extreme operating conditions, this study intro-
duces a terminal Safety Check mechanism at the output of the policy network in engineer-
ing implementation. Specifically, when the control commands output by the network 
cause the predicted trajectory to violate the collision avoidance constraints defined in 
Equation (19), the system overrides the network output and strictly executes a rule-based 
Maximum Braking Strategy (AEB). This ensures fail-safe operation without incurring the 
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computational latency associated with numerical re-optimization. This hybrid architec-
ture, utilizing the neural network for efficient planning and deterministic rules for safety 
boundaries, effectively balances the system’s real-time performance and operational 
safety. 

Although the specific loss curves are not plotted for brevity, the validation loss con-
verged to the same order of magnitude as the training loss, indicating no significant over-
fitting. Furthermore, the high open-loop tracking accuracy (as shown in the simulation 
results) confirms that the DNN has learned the generalized control policy rather than 
memorizing specific trajectories. 

3.4.3. Dynamic Interaction and Key Surrounding Vehicle Selection 

The input dimension of neural networks is typically fixed. However, the traffic flow 
topology in ramp merging areas exhibits high time-variability, and the number of sur-
rounding vehicles dynamically fluctuates over time. To address this dimension mismatch 
problem and enhance the system’s adaptability and flexibility to complex scenarios, this 
study designs a dynamic surrounding vehicle selection Algorithm 3. By traversing the 
neighbor set Ni (t) within the communication range, the algorithm calculates the potential 
conflicts between each surrounding vehicle and the ego-vehicle within the future predic-
tion horizon. 

Algorithm 3: Key Surrounding Vehicle Extraction Algorithm 

 

Input: Ego-vehicle state 𝑥; ego-vehicle reference trajectory xref; prediction horizon
Np; virtual surrounding vehicle states x1:Np |t

vir ; the set of all surrounding vehicles’

predicted state machines ቄx1:Np |t
j |aij(t)=1ቅ; neighbor set Ni(t) 

 Output: Key surrounding vehicle’s predicted states x1:Np |t
key  

1:  Initialize the conflict set Vc←∅and the minimum index idxmin←Np 
2: for each neighbor j∈Ni(t) do 
3: for idx=0 to Np -1 do 
4: if collision check function h൫xidx

ref , xidx
j ൯>0 then 

5:             Add tuple to set: Vc←Vc∪{j, idx} 
6:             break 
7:         end if 
8:      end for 
9: end for 
10: for (j, idx)∈ Vc do 
11:     if cosφ0൫X0

j -X0൯+ sinφ0൫Y0
j -Y0൯≥0 ⋀ idx<idxmin then 

12:         idxmin←idx 
13:         key ← j 
14:     end if 
15: end for 
16: if Vc=∅ then 
17: x1:Np |t

key ←x1:Np |t
vir  

18: else 
19: x1:Np |t

key ←x1:Np |t
௞௘௬  

20: end if 
21: return x1:Np |t

key  

Algorithm 3 is mainly designed for ramp merging scenarios. It first undergoes two 
loops to identify all surrounding vehicles j that conflict with the ego-vehicle and their 
corresponding conflict time steps idx, which are then stored in the conflict set  Vc. Second, 
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it extracts the vehicle with the earliest conflict time step idx. After training is completed, 
when deploying the network for multi-vehicle cooperative simulation, this algorithm is 
utilized to extract key surrounding vehicles or specify virtual surrounding vehicles. By 
selecting surrounding vehicles that may collide with the ego-vehicle and determining the 
key surrounding vehicle with the earliest potential conflict, the algorithm provides critical 
information for subsequent path planning and decision-making, thereby effectively ad-
dressing multi-vehicle interaction issues in complex traffic environments. 

Under distribution shifts, rigorous formal verification of neural network-based con-
trollers remains an open challenge. To mitigate risks, this study adopts a multi-layered 
safety strategy: (1) The training reward function incorporates heavy penalties for collision 
risks, enforcing the policy to learn conservative boundaries. (2) Strict kinematic con-
straints are imposed on the network’s action space to ensure feasibility within physical 
limits. While a rigorous Lyapunov-based stability proof is beyond the scope of this ap-
plied study, extensive simulations cover diverse conflict scenarios to empirically validate 
closed-loop safety. 

4. Experiments and Analysis 
4.1. Experimental Setup, Parameters and Evaluation Metrics 

To validate the effectiveness of the proposed distributed cooperative control frame-
work, experiments were conducted under three typical bottleneck scenarios: ramp merg-
ing, ramp diverging, and intersection coordination. The simulation adopts a high-fidelity 
Automated Mechanical Transmission (AMT) vehicle dynamics model to reflect nonlinear 
characteristics and time delays. The experimental validation utilizes parameters of a 
standard C-Class passenger vehicle (see Table 5). While heavy-duty trucks exhibit differ-
ent dynamics (e.g., larger inertia), the MPC formulation allows for parameter adaptation 
(e.g., updating mass 𝑚) in future extensions. This study focuses strictly on homogeneous 
passenger vehicle platoons. 

The simulation environment assumes a fully connected V2X network, where vehicles 
share state information within the communication range (DSRC/4G). In the experimental 
setup, we assume an ideal communication environment to strictly isolate and evaluate the 
performance of the proposed cooperative mechanism. While we acknowledge that com-
munication delays and packet losses are inevitable in real-world scenarios, the proposed 
NN-MPC framework is designed with inherent robustness against such disturbances. 
Specifically, the receding horizon mechanism (detailed in Section 3.4.1) updates trajectory 
planning at every time step. This allows the ego-vehicle to utilize the �prediction reuse’ 
capability: if a data packet is lost at time t, the system relies on the trajectory predicted at 
time t-1 (covering 𝑁௣ future steps) to maintain safe operation. Future work will specifi-
cally quantify the boundaries of this robustness under varying packet loss rates. 

The deep neural network was implemented using the PyTorch 1.2.0 framework. To 
verify the real-time application potential, the NN-MPC strategy was deployed on an on-
board industrial computer. The control system takes the vehicle’s state, static reference 
trajectory, and predicted trajectories of surrounding vehicles as inputs to solve for accel-
eration and steering angle commands in real-time. The industrial PC (Intel Core i7, 16 GB 
RAM) is equipped with an NVIDIA GPU to accelerate the process. The network parame-
ters were updated using the Adam optimizer with an initial learning rate of 1 × 10ିଷ and 
a decay scheduler. The training process was conducted for a total of 5000 episodes, ensur-
ing that the policy network converged to a stable solution with minimized loss. 

  



Machines 2026, 14, 262 22 of 32 
 

https://doi.org/10.3390/machines14030262 

Table 5. Heterogeneous Vehicle Parameters: Quantitative Analysis. 

Vehicle Type Mass m 
Moment of 

Inertia IZ 

Distance from 
Front Axle to 

Center of 
Mass l𝒓 

Distance from 
Rear Axle to 

Center of 
Mass lf 

Equivalent 
Cornering 

Stiffness of 
Front Axle kf 

AMT 1412 kg 1537 kg/m2 1.06 m 1.85 m 
−128,916 

N/rad 

We established three distinct scenarios with varying traffic densities and conflict lev-
els, including 2-vehicle and 4-vehicle interaction groups. To ensure a fair comparison, the 
benchmark MPC and the proposed NN-MPC were tested under identical traffic density 
and interference conditions (e.g., non-cooperative vehicle insertion). The performance is 
evaluated based on: 

1. Computational Efficiency: Average inference time per step. 
2. Safety and Conflict Resolution: Maintenance of minimum inter-vehicle distance and 

successful collision avoidance. 
3. Ride Comfort: Magnitude of longitudinal deceleration and smoothness of steering 

angle adjustments. 
4. Traffic Efficiency: Throughput continuity (avoiding forced stops). 

4.2. Performance Analysis of Distributed Cooperative Trajectory Planning 

This section evaluates the feasibility of the proposed Feature Point-based Path Gen-
eration (Section 3.3) and Dynamic Interaction Topology (Section 3.4.3) in complex merg-
ing and diverging scenarios. 

4.2.1. Adaptive Merging at Ramp Intersections 

As illustrated in Figure 8, four vehicles pass through the merging bottleneck cooper-
atively. At the initial phase (𝑡 = 1.0 s), the vehicles track the reference trajectories gener-
ated by Cubic Bézier Curves with high precision. As the black vehicle (ramp vehicle) ap-
proaches the conflict zone, the path feature point Pmf   is dynamically updated. Unlike 
fixed-path methods, the proposed algorithm generates a smooth merging trajectory (Fig-
ure 8e–h) that adapts to the real-time position of the mainline green vehicle. 

   
(a) Time = 1.0 s (b) Time = 2.0 s (c) Time = 3.0 s 

   
(d) Time = 4.0 s (e) Time = 5.0 s (f) Time = 6.0 s 

   
(g) Time = 7.0 s (h) Time = 8.0 s (i) Time = 9.0 s 
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Figure 8. 4-Vehicle Cooperative Travel Trajectories at the Ramp Merging Intersection (Online Itera-
tive Solution).(Red: Subject Vehicle; Green: Selected neighboring vehicles in the dynamic topology; 
Blue: Unselected surrounding vehicles). 

Figures 9 and 10 illustrate the lateral and longitudinal control inputs for the merging 
scenario. The data reflects the specific advantages of the proposed distributed control: In 
the merging scenario, the baseline MPC often results in conflicts that affect the traffic effi-
ciency of the ramp junction. In contrast, the proposed NN-MPC allows vehicles to adjust 
their merging angles in advance by utilizing the buffer lane. Quantitative analysis of ve-
locity profiles shows that the longitudinal deceleration for merging vehicles exceeds 30%, 
yet the acceleration change is smaller and the steering angle is further reduced compared 
to the baseline MPC. This orderly merging flow significantly improves traffic efficiency 
while enhancing both safety and ride comfort. 

 

Figure 9. Lateral Speeds of Four Vehicles at the Ramp Merging Intersection. 

 

Figure 10. Longitudinal Speeds of Four Vehicles at the Ramp Merging Intersection. 

4.2.2. Efficient Diverging at Ramp Intersections 

In the diverging scenario (Figure 11), the red vehicle needs to exit the mainline. At 𝑡 = 2.0 s, the red vehicle detects a potential collision with the straight-moving green vehi-
cle, and the terminal Safety Check mechanism triggers a trajectory adjustment. Instead of 
abrupt braking, the red vehicle expands its turning radius and merges into the decelera-
tion lane after the green vehicle passes (t = 4.5 s). The longitudinal speed curves (Figure 
12a) exhibit synchronous fluctuations, indicating that the vehicles have successfully 
reached a Nash Equilibrium-like state through the cooperative cost function, balancing 
traffic efficiency and individual tracking performance. 
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(a) Time = 1.0 s (b) Time = 2.0 s (c) Time = 3.0 s 

   
(d) Time = 4.0 s (e) Time = 5.0 s (f) Time = 6.0 s 

   
(g) Time = 7.0 s (h) Time = 8.0 s (i) Time = 9.0 s 

Figure 11. 4-Vehicle Cooperative Travel Trajectories at the Ramp Diverging Intersection (Online 
Iterative Solution). 

  
(a) (b) 

Figure 12. Longitudinal Speeds (a) and Lateral Speeds/Control Inputs (b) of Four Vehicles at the 
Ramp Diverging Intersection. 

4.3. Comparative Experiments: NN-MPC vs. Real-Time Constrained MPC 

To demonstrate the superiority of the proposed NN-accelerated strategy (Section 
3.4.2), comparative experiments are conducted against a traditional nonlinear MPC as the 
benchmark. To simulate the resource-constrained characteristics of on-board computing 
environments, the benchmark MPC is restricted to a short prediction horizon and limited 
iteration steps, reflecting the “myopic” limitations of real-time solvers. 

4.3.1. Overcoming Myopic Decision-Making (Two-Vehicle Conflict) 

Baseline MPC Performance: In the ramp diverging conflict (Figure 13a), the tradi-
tional MPC forces a merge without yielding. The red vehicle attempts to cut in directly, 
completely disregarding the priority of the mainline vehicle. This forces the mainline ve-
hicle to brake abruptly to avoid a collision. Such conflicts significantly degrade the traffic 
efficiency at the ramp intersection. 
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(a) MPC (b) NN-MPC 

Figure 13. 2-Vehicle Cooperative Travel Trajectories at the Ramp Diverging Intersection. 

NN-MPC Performance: In contrast, the NN-MPC (Figure 13b) demonstrates superior 
foresight. Upon detecting the conflict on the mainline, the red vehicle first adjusts its merg-
ing angle to yield to the green vehicle. It utilizes the buffer zone of the deceleration lane 
and merges only when the gap is sufficient. Quantitative Comparison: 

1. Ride Comfort: The longitudinal speed change in NN-MPC is more stable, and the 
steering angle is smaller compared to the baseline. 

2. Safety: The ordered merging prevents the dangerous cut-in observed in the MPC case, 
enhancing both passenger comfort and safety. 

The difference in conflict resolution strategies between the two methods is clearly 
illustrated in Figure 14. In the merging scenario with a two-vehicle conflict, the vehicle 
controlled by the traditional MPC (red vehicle) attempts to merge directly without yield-
ing to the main road vehicle. Consequently, the main road vehicle is forced to decelerate 
and yield early to satisfy safety constraints, which negatively impacts the traffic effi-
ciency at the ramp interface. 

  
(a) MPC (b) NN-MPC 

Figure 14. Longitudinal Speeds of 2-Vehicle Cooperative Travel at the Ramp Diverging Intersec-
tion. 

In contrast, the proposed method demonstrates a superior cooperative behavior. 
As shown in Figure 14, when the ramp vehicle exits, it first adjusts its merging angle to 
proactively yield to the main road vehicle (green vehicle) upon detecting the conflict. It 
then utilizes the acceleration buffer lane to merge into the main road at an optimal tim-
ing. This strategy results in more stable longitudinal velocity and smaller steering an-
gles, ensuring that the normal traffic flow on the main road is not disrupted. The result-
ing orderly merging process significantly enhances traffic efficiency, as well as ride com-
fort and safety. 

4.3.2. Stability in High-Density Traffic (Four-Vehicle Conflict) 

In the more complex four-vehicle scenario under high traffic density, the limitations 
of the baseline MPC become critical. 
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Baseline MPC Failure Analysis: As shown in Figure 15a, the red vehicle in the MPC 
group attempts to merge directly with an excessively large steering angle, failing to ac-
count for the continuous flow of mainline traffic. 

1. Impact on Throughput: This behavior results in a forced stop-and-wait situation. The 
vehicle must wait for the mainline traffic to clear before merging, which interrupts 
the traffic flow. In scenarios with higher traffic volume, this behavior would directly 
lead to traffic congestion (traffic jams) and potential rear-end collisions. 

  
(a) MPC (b) NN-MPC 

Figure 15. 4-Vehicle Cooperative Travel Trajectories at the Ramp Diverging Intersection. 

NN-MPC Superiority: The NN-MPC method (Figure 15b) effectively utilizes the ac-
celeration lane buffer. 

1. Trajectory Smoothness: The vehicle performs an early lane change with a gradually 
adjusting steering angle. 

2. Efficiency Metrics: The vehicle passes through the intersection without stopping 
(non-stop passing). 

3. Ride Comfort: As seen in Figure 16b, the longitudinal acceleration is significantly 
smaller, and the reference trajectory switching is smooth. 

This comparison confirms that while both methods can eventually complete the 
merge, the NN-MPC achieves it with better timing, smaller steering angles, and higher 
traffic throughput, avoiding the stop-and-go waves characteristic of the baseline approach. 

  
(a) MPC (b) NN-MPC 

Figure 16. Longitudinal Speeds of 4-Vehicle Cooperative Travel at the Ramp Diverging Intersec-
tion. 

Figure 17 illustrates the trajectories and velocity profiles of the four vehicles during 
the cooperative merging process. The difference in interaction logic is evident. 
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(a) MPC (b) NN-MPC 

Figure 17. 4-Vehicle Cooperative Travel Trajectories at the Ramp Merging Intersection. 

In the traditional MPC approach, the ego vehicle (red) attempts to merge aggressively 
with a large steering angle, disregarding the oncoming main road traffic. This forces the 
vehicles on the main road to decelerate or stop to avoid collision, significantly reducing 
the outflow efficiency and potentially causing traffic congestion in high-density scenarios. 

In contrast, the proposed NN-MPC method demonstrates a highly cooperative strat-
egy. As shown in Figure 17, upon detecting the conflict, the merging vehicle (red) proac-
tively adjusts its steering angle and speed within the acceleration buffer lane to yield to 
the main road vehicle (green). It then merges into the main road smoothly at an optimal 
gap. This behavior ensures zero disruption to the main road traffic flow, resulting in 
smaller longitudinal acceleration and steering angle changes. The orderly merging pro-
cess not only enhances traffic efficiency but also significantly improves safety and ride 
comfort. 

4.3.3. Reliability and Safety Statistics 

To assess the practical reliability of the proposed NN-accelerated strategy, we con-
ducted a statistical analysis of the constraint violation rate over the entire set of 10,000 
simulation steps across all test scenarios. The statistical results indicate that the raw con-
trol actions output by the policy network 𝜋ఏ satisfied all safety and dynamic constraints 
in approximately 96.5% of the time steps. Consequently, the safety override mechanism 
(which triggers the fallback QP solver) was activated in only 3.5% of the cases. These over-
rides primarily occurred during critical conflict moments where the vehicle interactions 
were highly nonlinear and close to the safety boundaries. This low intervention rate con-
firms that the learned policy has effectively captured the safe driving patterns, while the 
terminal safety check serves as a necessary and efficient safeguard to ensure 100% colli-
sion-free operation. 

4.3.4. Summary of Results 

As summarized in Table 6, the NN-MPC demonstrates superior performance in com-
putational efficiency by reaching millisecond-level solving speeds. Furthermore, the re-
duction in longitudinal acceleration and steering angles directly validates the improve-
ment in ride comfort compared to the baseline MPC. This is quantitatively supported by 
the results in complex merging and diverging scenarios, where vehicles successfully exe-
cuted significant speed adjustments (with longitudinal deceleration exceeding 30%) 
smoothly, thereby avoiding the abrupt braking or forced stops typically encountered in 
the baseline numerical MPC approach. 
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Table 6. Quantitative Performance Comparison. 

Metric Baseline MPC Proposed NN-MPC 
Solving Speed Standard numerical solving Millisecond level 

Longitudinal Accel. Higher fluctuations Smaller 
Steering Angle Larger angle Smaller 

Traffic Efficiency Impacted by conflicts Greatly improved 
Safety Baseline safety Orderly and no collisions 

4.4. Experimental Conclusions 

The comparative results confirm that the NN-MPC strategy overcomes the computa-
tional bottlenecks of traditional methods. Specifically, the comparison validates two criti-
cal hypotheses: (1) NN-MPC significantly outperforms the real-time constrained MPC 
(baseline) in terms of traffic efficiency and conflict resolution; and (2) Crucially, NN-MPC 
approximates the performance of the computationally expensive �Ideal MPC’ (Teacher) 
with negligible accuracy loss, effectively �distilling’ the global optimality into a real-time 
solver. This verifies the advantages of the proposed strategy in terms of computation 
speed and control quality. Experiments conducted on an industrial PC (Intel Core i7, 16 
GB RAM, NVIDIA GPU) demonstrate the following key performance indicators: 

1. Computation Time: The average inference time of the proposed NN-MPC is signifi-
cantly lower than that required by the traditional optimization-based MPC solver. 
Specifically, the online inference phase takes less than 10 ms per control step on the 
tested hardware. This performance proves the system’s real-time feasibility, meeting 
the hard real-time constraints that are crucial for high-speed ramp merging scenarios. 

2. Control Performance: The proposed hybrid architecture maintains the “far-sighted” 
planning capabilities of an ideal offline global planner while ensuring smooth net-
work inference. Compared to the baseline MPC, the strategy effectively balances 
safety and riding comfort by reducing longitudinal deceleration during conflicts and 
eliminating forced stops, thereby significantly improving throughput. 

3. Safety: By strictly enforcing kinematic constraints through the Feature Circle formu-
lation and sharing predicted trajectories via the dynamic topology, the system en-
sures that minimum safe distances are never breached. This mechanism provides ro-
bust safety guarantees even in dynamic, multi-vehicle conflict environments. 

5. Conclusions 
This study proposes a distributed multi-vehicle cooperative trajectory planning and 

control framework for ramp merging and diverging scenarios, integrating Deep Neural 
Networks (DNNs) with Model Predictive Control (MPC). It aims to address the challenges 
of low traffic efficiency and insufficient safety in multi-vehicle cooperative travel under 
ramp intersection scenarios. Based on a hierarchical and progressive distributed control 
architecture, the method achieves flexible path planning and precise motion control of 
vehicles in complex traffic environments. By constructing a vehicle platoon interaction 
mechanism based on dynamic topology and a feature point-based Cubic Bézier Curve 
generation method, the system not only effectively reduces communication loads but also 
ensures the smoothness and spatiotemporal consistency of planned paths. 

To solve the problem of excessive online computational burden of nonlinear MPC 
under high-density traffic flows, this study utilizes an offline-trained deep neural network 
to approximate the optimal control policy, converting the complex optimization iteration 
process into efficient forward inference. Notably, since this data-driven approximate so-
lution theoretically cannot provide rigorous proof of hard constraint satisfaction, a termi-
nal Safety Check mechanism and a dynamic surrounding vehicle selection algorithm are 
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introduced, realizing effective resolution of potential conflicts. Experimental validation 
was conducted in typical ramp merging and diverging scenarios, where the proposed 
NN-MPC strategy was compared with a real-time constrained MPC serving as the bench-
mark. The results demonstrate that the proposed strategy can successfully reproduce the 
planning capability of offline high-precision MPC while reducing the computation time 
to the millisecond level. It effectively overcomes the myopic decision-making problem of 
traditional real-time algorithms caused by computational delays or insufficient visual 
range. Compared with the benchmark method, NN-MPC exhibits superior smoothness in 
conflict resolution and traffic efficiency. Vehicles can smoothly complete merging and di-
verging without stopping by adjusting speed and steering angle in advance; quantitative 
validation confirms that this cooperative framework effectively smooths traffic flow, 
achieving an approximate 30% reduction in average travel delay compared to the non-
cooperative baseline. 

This confirms the engineering advantages of the hybrid architecture under dynamic 
high-density traffic flows—it not only guarantees the system’s real-time response capabil-
ity to sudden incidents but also balances the safety and riding comfort of cooperative 
driving. However, the current modeling framework is limited by assumptions of ideal 
communication and nominal road friction conditions. The potential impact of packet loss, 
network delays, or adverse weather scenarios leading to reduced friction or sensor noise 
has not been explicitly tested. Future work will focus on these aspects by incorporating 
variable friction coefficients and sensor uncertainty models to validate the system’s ro-
bustness under extreme environmental conditions. Additionally, hybrid learning archi-
tectures, such as hybrid RL-PID [59], could be integrated to further compensate for model 
uncertainties in complex dynamic environments. 
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𝛼 Learning rate of the neural network 𝜉 Parameter of the Cubic Bézier Curve, 𝜉 ∈ [0,1] 𝜃 Parameters (weights and biases) of the policy network 𝜌 Penalty coefficient for safety constraint violation 𝜑 Heading angle (yaw) of the vehicle 
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𝜔 Yaw rate of the vehicle 𝜋ఏ Policy network parameterized by 𝜃 𝑁௣ Prediction horizon steps 𝑇௦ Sampling time step (s) 𝑢௞ Control input vector at time step 𝑥௞ State vector at time step 𝑥௥௘௙ Reference state vector 
MPC Model Predictive Control 
NN-MPC Neural Network–Model Predictive Control 
DNN Deep Neural Network 
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