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Abstract

Highway on-ramp merging in mixed traffic environments, where connected and automated vehicles (CAVs) coexist with human-driven vehicles (HDVs),
remains challenging due to the stochastic and non-cooperative behaviors of HDVs. This paper proposes a hierarchical optimization framework for
cooperative on-ramp merging, in which the problem is formulated as a two-layer structure. The decision-making layer optimizes cooperative merging
strategies, while the optimal control layer generates vehicle trajectories. To enable decision search and trajectory computation in the proposed model, a
Monte Carlo Tree Search-based Hamiltonian algorithm (MCTS-H) is designed. SUMO-based simulation experiments are conducted to validate the proposed
framework and algorithm under varying traffic demands and CAV penetration rates, with evaluation from the perspectives of traffic efficiency and traffic
flow stability. In terms of traffic efficiency, MCTS-H consistently outperforms the no-control and proportional-integral-derivative (PID) baselines. Under high
congestion with 60% CAV penetration, it reduces average vehicle delay by 68.92% and 24.67%, respectively. From the perspective of traffic flow stability,
spatiotemporal trajectory analysis further confirms that MCTS-H eliminates extreme acceleration events induced by HDV maneuvers, thereby achieving a
more stable traffic flow. These results demonstrate that the proposed method is effective in addressing the cooperative on-ramp merging problem.
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Introduction

Highway ramp merging areas are critical bottlenecks in freeway
systems, where vehicle interactions often lead to congestion and
safety risks('l. Early studies mainly focused on macroscopic control
strategies, such as ramp metering and variable speed limits!?, which
improve efficiency but are inherently limited by the lack of fine-
grained perception and vehicle-level coordination. With the deve-
lopment of vehicle-to-everything communication technologies, con-
nected and automated vehicles (CAVs) offer a promising solution for
mitigating merging congestion. However, the stochastic and non-
cooperative behaviors of human-driven vehicles (HDVs) pose signifi-
cant challenges to ramp merging in mixed traffic environments.
Consequently, developing effective ramp merging strategies has
become a key research topic.

Current research on ramp merging control has predominantly
focused on pure CAV environments, with studies demonstrating its
superiority over traditional macroscopic methodsBl. These approa-
ches are broadly categorized into rule-based and optimization-
based methods. Rule-based methods focus on priority assignments
to coordinate vehicle interactions. For instance, Chen et al.! and
Ding et al.l®) focused on improving computational efficiency, while
Hou et al.®], Peng et al.”}, and Li et al.®! validated and extended
the feasibility of such methods in complex. Optimization-based
methods typically formulate merging as an optimal control pro-
blem. Rios-Torres et al.[? developed a model with acceleration as the
objective function, aiming to improve efficiency in the control zone.
Hu & Sunl'9 formulated a joint optimization problem to manage the
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vehicle lane-changing and trajectories. Building upon existing
optimization models, Zhou et al.l'"12) introduced receding horizon
to resolve the merging problem. Meanwhile, Zhao et al.l'3! shifted
their focus toward dampening traffic oscillations. While these strate-
gies are highly effective at enhancing traffic efficiency in pure CAV
environments, their performance degrades in mixed traffic
environments.

To address the limitations of pure CAV environments, coopera-
tive merging control in a mixed traffic environment has emerged as
a key technical pathway. This approach typically treats HDV beha-
viors as optimization constraints to generate trajectories for creat-
ing and utilizing safe merging gaps. Representative works include:
Chen et all'y, who formulated the problem as a mixed-integer
nonlinear programming model to co-optimize discrete sequences
and continuous trajectories, though the NP-hard complexity hinders
real-time application. Ntousakis et al.l'5] formulated the merging
scenario as a finite-horizon optimal control problem, solving it via a
model predictive control approach; however, its assumption of a
pure CAV environment limits direct use in a mixed traffic environ-
ment. Xue et al.'®! used a grey prediction model to forecast vehicle
state and available gap on the mainline, but the system is confined
to choosing pre-existing gaps without active coordination. Similarly,
Yang et al.l'”l proposed a safety-oriented method with a bi-level gap
selection function, yet it relies on passive cooperation from main-
line CAVs and overlooks trade-offs among comfort and fuel eco-
nomy. Lastly, Cheng et al.'® combined Monte Carlo Tree Search
(MCTS) with optimal control for global optimization in a mixed traf-
fic environment. Nevertheless, their work lacks an analysis of the
collaborative modes and mechanisms between CAVs and HDVs.
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Existing research on on-ramp merging control in mixed traffic
environments has two critical limitations. First, the available gap is
typically limited to existing safe spaces on the mainline, without
actively coordinating mainline vehicles to create better merging
opportunitiest’?l. Secondly, while most methods treat enhancing
traffic efficiency as their single objective, they overlook the crucial
aspect of traffic flow stability.

To address the above-mentioned problem, this study proposes a
hierarchical cooperative merging framework, solved by a designed
Monte Carlo Tree Search-Hamiltonian (MCTS-H) algorithm. This
approach is designed to determine the optimal available gap and
cooperative maneuvers for merging vehicles, ultimately aiming to
enhance traffic efficiency and ensure traffic flow stability.

In summary, the main contributions of this paper are listed below:

(1) Propose a hierarchical cooperative merging framework in
mixed traffic environments that actively creates merging gaps by
decoupling discrete decisions from continuous control.

(2) Develop the MCTS-H algorithm, which makes decisions via a
kinematically enhanced MCTS and generates trajectories using a
Hamiltonian-based analytical trajectory solver, thereby ensuring
decision feasibility and trajectory smoothness.

(3) The proposed hierarchical cooperative merging framework
and MCTS-H algorithm are validated through comprehensive case
studies, demonstrating their consistent superiority in improving
traffic efficiency and ensuring the stability of mixed traffic flow.

Methodology

Problem description

This study considers a freeway on-ramp merging scenario, where
the road layout consists of a mainline, an on-ramp, and a parallel
acceleration lane connecting them, as illustrated in Fig. 1.

The merging area is divided into two functional zones: the Co-
operative Control Zone (CCZ) and the Ramp Merging Zone (RMZ).
The CCZ is located upstream of the physical merging point, where
CAVs receive centralized control instructions via roadside units to
perform speed regulation and gap coordination. The RMZ is
situated downstream, where vehicles execute lane-changing and
merging maneuvers.

Based on the scenario description and problem definition, the
cooperative merging problem for the on-ramp vehicle is formulated
as a hierarchical cooperative merging framework consisting of the
decision-making layer and the optimal control layer. The decision-
making layer first determines the cooperative vehicle group (CVG)
and the cooperative action to specify the target merging strategy.
The selected decision is then mapped into the terminal boundary
conditions of the optimal control trajectory planning problem to

RSU

§

Cooperative Control Zorie

Ramp Merging Zone

Cooperative ramp merging control in mixed traffic

generate a feasible vehicle trajectory. Such a hierarchical formula-
tion allows the discrete merging strategy and the continuous trajec-
tory generation process to be treated in a structured way.

In this way, the proposed framework simultaneously improves
traffic efficiency and preserves traffic flow stability. The mathemati-
cal formulation of the cooperative merging problem is given as
follows:

min f(X) (D
X = {Ci,a,u(f)) 2
s.t.
a€A

Umin < U(t) < Umax

where, f(X) denotes overall objective function of the hierarchical
cooperative merging problem; X denotes the set of decision variables.
The definitions of key variables and parameters are provided in Table 1.

The resulting trajectory reflects the feasibility of the selected deci-
sion and ensures efficient merging behavior. In this way, the overall
merging process is realized through a sequential process in which
the decision-making layer provides the boundary conditions for the
optimal control layer.

Modelling of decision-making layer

The core objective of the decision-making layer is to reshape
the traffic flow in the ramp merging area by actively allocating
merging gaps. To mathematically formulate this process, we define
the state space, the active cooperative action space, and the objec-
tive function.

Cooperative vehicle group

In mixed traffic environments, centralized modelling of the entire
traffic flow is computationally prohibitive. The optimization process
often suffers from the curse of dimensionality. To address this issue,
this study proposes a CVG approach, which decouples the global
merging problem into multiple localized sub-problems. This
method effectively captures local traffic topologies, significantly
reduces computational complexity, and lays a solid foundation for
subsequent cooperative decision-making.

The modelling process is triggered at time t, when the ramp
vehicle r; enters the CCZ. At this instant, a set of feasible physical
gaps exists on the mainline, where each potential merging gap is
strictly bounded by a mainline preceding vehicle and a mainline
following vehicle. Consequently, the ramp vehicle and the target
gap on the mainline collectively form an independent CVG, whose
mathematical state is defined in Eq. (3):

Cix = (ri, 8k) = (ri, Micad k> Miag k) (3)

Mainline Cruising Zone

Cooperative

Fig. 1 Freeway on-ramp merging in a mixed traffic environment.
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Table 1. Key notations and descriptions of the cooperative merging problem.

Notation Description

i Index of the on-ramp vehicle

k Index of the candidate gap on the mainline

I The i* vehicle originating from the on-ramp

Micad fMiag k The leading and lagging vehicles from the k" candidate
gap on the mainline

Cik The cooperative vehicle group corresponding to the on-
ramp vehicle r; for merging into the k™ candidate gap

[P The k" candidate merging gap on the mainline

fiX) Overall objective function of the hierarchical
cooperative merging problem

o Discrete cooperative action associated with the selected
candidate gap on the mainline

A Set of admissible cooperative actions

totn The initial time and the designated merging time for a
vehicle (s)

gmin gmax The earliest and latest achievable time (s) for a vehicle

m > m to depart and reach the boundary of the merging area

x(t),v(t),a(t) Longzitudinal position (m), speed (m/s), and acceleration
(m/s?)

Vimax/Vmin The maximum and minimum speed (m/s) limits of the
road

AmaxTmin The maximum acceleration (m/s?) and maximum
deceleration (m/s?) of the vehicle

UmaxrUmin The maximum and minimum continuous control input,
i.e., jerk (m/s3)

u(t) Continuous control input, i.e., jerk (m/s?)

dgate Minimum safe longitudinal distance (m)

Lyeh Standard length of a vehicle (m)

WerWs Weight coefficients for acceleration, and jerk penalties

W40y Weight coefficients for traffic efficiency and traffic flow

stability

Objective functions of the decision-making and optimal
control layers

Sub-objective functions of the traffic flow stability and
traffic efficiency

N Layer of Monte Carlo tree search

Node Node of Monte Carlo tree search

Jdecision"’control

JstabilityrJefficiency

Cooperative action space

This section constructs an active cooperative action space,
denoted as A, based on the CVG type.

Specifically, based on the connectivity status of vehicles within
the CVG, the algorithm designs four distinct cooperative action
branches: natural merging, follower active deceleration, leader
active acceleration, and dual-vehicle cooperation:

A ={anwm, arp, ara, apc} 4
where, ayy denotes the natural merging cooperative action; agp
represents the follower active deceleration cooperative action; o,
indicates the leader active acceleration cooperative action; and opc
refers to the dual-vehicle cooperative action.

Each cooperative action @ € A represents a specific interaction
strategy, which fundamentally alters the terminal boundary condi-
tions for the subsequent optimal control layer.

(1) Constraints under natural merging:

Only the ramp CAV r; adjusts its trajectory. The mainline HDVs
maintain their predicted constant speeds. The boundary constraints
for the ramp vehicle at t,,, are:

xr(tm) € [xlag(tm)"'dsafm xlead(tm) _dsafe]
Vi(tim) = Vdes (%)
a(ty) =0

(2) Constraints under follower active deceleration:

The lagging CAV actively yields to create space. In addition to
the ramp vehicle constraints, the lagging vehicle m;,; must reach a
specific spatial position to widen the gap by an extra length AL,g:
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xlag(lm) = Xicad(fm) — Lgap - ALlag
Vmin < Vlag(tm) < Vmax (6)
alag(tm) =0

(3) Constraints under leader active acceleration:

The leading CAV actively accelerates to create space. The boun-
dary constraint for the leading vehicle m,,q is adjusted to provide
an extra forward gap AlLj,q:

Xiead (tn) = xlag([m) + Lgap + ALjead
Viin < Viead(fm) < Vinax @)
alead(tm) =0

(4) Constraints under dual-vehicle cooperative:

A bidirectional gap-creation maneuver is executed. The terminal
boundaries require a synchronized spatial distribution for all three
vehicles, satisfying:

Xiead(tm) = Xr(tn) 2 dsafer X (tm) — Xlag(tm) — Lyeh 2 dgafe ()]

Objective function of the decision-making layer

An objective function Jyegision i designed at the decision-making
layer to quantitatively assess the chosen candidate gaps on the
mainline and the associated cooperative actions. Specifically, the
objective is structured to maximize traffic efficiency under severe
penalties for traffic oscillations.

Jdccision = wc-]cfﬂcicncy + wstIability (9)

(1) Traffic efficiency Jgicieny: this sub-objective is designed to
encourage the ramp vehicle to complete merging as early as possi-
ble and reduce ramp travel delay, which is quantified by the merg-
ing time t,:

Jefﬁciency = |t1r:11ax - tm| (10)
s.1.
min max
tm <tm <1t

(2) Traffic flow stability Jgapiiey: to maintain the stability of the local
mainline traffic flow after merging and suppress traffic oscillations
induced by inter-vehicle speed differences, this sub-objective intro-
duces a penalty term for the deviation between the vehicle's speed
at the merging instant t,,, and the desired driving speed vy, of the
mainline section:

2
«/stability = ZnEC-k(V(Im) = Vdes) (1 1)

s.t.

Vmin < V(I) < Vmax

Modelling of the optimal control layer

To describe vehicle longitudinal motion in cooperative merging,
each vehicle in the CVG is modelled as a third-order integrator
system with jerk as the control input. An optimal control problem is
then formulated under kinematic constraints to minimize accelera-
tion and jerk, thereby ensuring smooth trajectories and traffic flow
stability.

Vehicle longitudinal dynamics modelling
To accurately describe the dynamic response process of the vehi-
cle effectively, the vehicle is modeled as a third-order integrator
system. For any vehicle within the CVG, its state vector s(t) is defined
as:
s() = [x(0), v(t), a(O]” (12)
Since jerk (the first derivative of acceleration) directly determines
the change rate of acceleration and can describe the dynamic
response process of the vehicle more delicately, this paper selects
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it as the control input of the system u(t)2%. According to the kine-
matic differential relationship, the state equation of the system can
be expressed in the form of a linear state space, which is specifically
expanded as:

$(0) = [3(), (@), a®]" = V@), a(@), u@®)]” (13)
Subject to the fundamental kinematic constraints:
Vmin < V(t) < Vmaxs @min < a([) < Amaxs Umin < M(Z) < Umax (14)

Objective function of the optimal control layer

With the system dynamics established, an optimal control objec-
tive function J g0 is formulated to uniquely determine the vehicle
trajectory. Guided by the overarching goal of maximizing driving
smoothness and mitigating traffic shockwaves, the objective func-
tion is designed as a quadratic integral of acceleration and jerk:

1 (tm
Jeontrol = 5 I (‘Uaa(t)z +wuu(l)2)dt (15)
Jiy

S.t.
Amin < a(t) < Amax

Umin < U(F) < Unax

Solution algorithms: the MCTS-H
approach

The hierarchical cooperative merging framework established
earlier in this paper effectively decoupled the highly complex
mixed-traffic merging problem. However, bridging the gap between
discrete decision-making and continuous control inputs necessi-
tates an effective mechanism. To address this, we propose the
MCTS-H algorithm, which integrates a kinematically enhanced MCTS
with an analytical Hamiltonian-based trajectory solver.

Kinematically enhanced MCTS with kinematic
pruning

Lenz et al.2" applied the conventional MCTS algorithm to opti-
mize merging sequences, demonstrating its effectiveness in deci-
sion search. In this study, we redesign the tree expansion mecha-
nism and incorporate a heuristic kinematic pruning strategy into the
simulation phase.

Our proposed kinematically enhanced MCTS achieves highly
efficient exploration in the state-action space by sequentially
executing the following four integrated phases, as shown in Fig. 2:

Phase I: tree policy selection and expansion
Selection step of the algorithm: Starting from the root node, the
Upper Confidence Bound (UCB) algorithm is employed to balance
the past average reward and future expected reward. The algorithm
recursively selects the child node with the highest reward down-
ward until a leaf node is reached. The calculation formula for the

UCB algorithm is given by:
R InN, )

U=—=2+C
N, Ny

(16)

where, U denotes the upper confidence bound value, N, represents
the number of simulations performed at node o, and R, is the
cumulative reward of the node o over N, simulations. N, , denotes the
number of simulations performed at the parent node of node o; and C
is the exploration—exploitation balance factor.

Expansion step of the algorithm: The algorithm initializes a root
node to represent the current traffic state. To deal with the
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Initialization

Identify CVGs, obtain initial state S, (position, speed), and
initialize the MCTS root node.

Kinematically Enhanced MCTS Search Loop l
Phase |: Selection & Expansion

Use UCBI to select leaf node.
Two-layer tree expansion: Gaps to Action.

Phase II: Simulation & Kinematic Pruning

I Check heuristic acceleration boundaries.
L Valid
Phase lll: Exact Rollout
NO|| Call Hamiltonian-based analytical trajectory solver.

Fast inversion for exact trajectory.
Calculate precise exact reward.

Invalid

Phase IV: Backpropagation

count N up to root.
I

‘ Update cumulative reward Q and visit

Max iterations reached?

Final Output

Output optimal action node & precisely generated
exact trajectories.

Fig. 2 Flowchart of the kinematically enhanced MCTS algorithm.

high-dimensional cooperative merging scenario, we expand the
state-action space using a two-layer tree structure:

Topology selection: In the first layer of the search tree, the
proposed kinematically enhanced MCTS algorithm traverses the set
of available physical gaps G; on the mainline at the current time
step. For each candidate merging gap in this set, the corresponding
CVG C is instantiated as a first-layer node. Let Njg,; denote the
first-layer node set, Nodec, ) which represents the collection of CVG
nodes G; generated by instantiating each gap g, in the physical gap
set. This set is defined in Eq. (17):

Nievet1 = {Node(Cix)lgx € Gi} a7
where, Nio\ey denotes the set of candidate CVG nodes in the first layer
of the kinematically enhanced MCTS search tree, and Node represents
the instantiation operator that maps a CVG to an algorithmic state
node. At this stage, the search tree completes the preliminary
abstraction from the continuous traffic flow environment to the
discrete decision target space.

Action allocation: Subsequently, the algorithm iterates through
this feasible action subset, instantiating each feasible cooperative
action as a candidate action node within the second layer of the
search tree. Let Nj o denote the set of nodes in the second layer,
which comprises all action nodes A, generated from their respective
parent nodes C;, based on the corresponding action sets. This set is
defined as shown in Eq. (18):

Nievez = {Node(Cix, @)lgk € Gi,a € Ar} (18)

where, N, denotes the set of cooperative action nodes in the
second layer of the kinematically enhanced MCTS search tree; Ay
represents the set of feasible actions pruned based on the CVG's
connectivity status; Node is the instantiation operator that combines
the CVG and the target action into a tree node; and « refers to a specific
cooperative action in the feasible action set A, By employing this
mechanism, the algorithm realizes on-demand generation of decision
branches matched to vehicle capabilities, thereby effectively avoiding
invalid searches.

Phase lI: simulation and kinematic pruning
This phase acts as a vital computational filter and represents a
core innovation of the MCTS-H algorithm. Before triggering the

Wang et al. Digital Transportation and Safety 2026, 5(2): 111-122
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computationally expensive optimal trajectory solver, the algorithm
performs a rapid kinematic feasibility check on the newly expanded
action node Node(C;,a).

Assuming the merging instant is t,, the required spatial boun-
daries x(t,,) for all involved vehicles in CVG C; are rigidly dictated
by the assigned action a. To quickly verify physical reachability,
the algorithm inversely computes the required heuristic average
acceleration a based on constant-acceleration kinematics from the
initial state [x(t),v(ty)]:

oo 2[x(tm) — x(29) = v (1) (tm — 1o)]
(tn=10)’

Pruning rule: The decision branch C;;, a is deemed valid if, and
only if there exists at least one feasible merging instant
tm € [tmin> tmax], SUCh that the heuristic dynamics of all vehicles simul-
taneously satisfy the fundamental physical boundaries:

Amin < a< Amax
Vmin < V(t()) +a(tm - t()) < Vmax (20)
Ax(to) 2 max(v(t) - th, dsate)

19)

If any condition in Eq. (21) is violated, it indicates that the action
fundamentally exceeds the dynamic limits of the vehicles or poses
an imminent collision risk due to HDV uncertainty. In this scenario,
the MCTS instantly prunes the branch by assigning a severe penalty
reward, thereby entirely avoiding redundant and meaningless
searches in invalid state spaces.

Phase llI: exact rollout

For the robust decision branches that successfully survive the
heuristic pruning filter in Phase Il.

Their discrete spatiotemporal boundaries are passed down to the
optimal control layer.

Instead of conventional time-consuming numerical simulations or
random rollouts to the terminal state, the algorithm directly calls the
Hamiltonian-based analytical trajectory solver detailed earlier in this
paper.

This controller analytically generates the unique, precise, and jerk-
minimized continuous trajectories s(t). Based on these exact trajec-
tories, the precise multi-objective evaluation reward Jpyo iS
computed to quantify the exact operational reward of the node.

Phase IV: backpropagation

Once the exact evaluation reward J., ;o is Obtained from Phase
lll, this value is backpropagated along the traversed path up to the
root node. The cumulative reward Q and the visit count N of all
ancestor nodes in the sequence are updated iteratively.

Upon reaching the predefined maximum iteration limit or compu-
tational budget, the MCTS-H algorithm terminates and outputs the
action node with the highest Q value. This node represents the best
cooperative merging decision under the current search budget.

Hamiltonian-based analytical trajectory solver

To address the excessive computational burden caused by the
high-frequency solution of continuous optimal trajectories during
the exact rollout stage of MCTS-H, this section proposes an analyti-
cal Hamiltonian trajectory solver based on Pontryagin's Minimum
Principle (PMP), thereby enabling rapid invocation in real-time tree
search.

First, by combining the longitudinal state equations with the
control objective, the system Hamiltonian is formulated as:

H= %(cuaa(z)2 + @) + L V() + LDa(t) + Ou) - (21)
and the optimal control law is obtained from the first-order optimality

.. OH
condition — =0 as:
ou
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oH = wu() + 13() = 0= u'(t) = _&0 (22)
ou Wy
. OH
Furthermore, according to the co-state equation 4= “ox’ the

coupled state-co-state system can be established, through which
the original infinite-dimensional variational optimization problem is
transformed into a set of first-order ordinary differential equations.

On this basis, by integrating the co-state equations and substitut-
ing them into the kinematic relation & =u*, the system can be
decoupled into a fourth-order linear ordinary differential equation
with respect to the position x(t). Its analytical solution can be explic-
itly expressed in the general form of acceleration, velocity, and posi-
tion with respect to time, i.e.,

a(t), v(1), x(t) = F(t,k) 23)
where, K = [k ky,ks,kqks k" is the undetermined coefficient.

Subsequently, by using the initial boundary condition at the trig-
gering time, sy = [x(ty), v(ty), alty)]”, and the target boundary condi-
tion at the merging time, s, = [x(t,,), v(t,,), 017, the following linear
system can be constructed:

P =R(ty,tn, W)-K (24)
from which the coefficient vector can be obtained directly through
matrix inversion as:

K=R'P (25)

Therefore, the originally complex continuous vehicle optimal
control problem is equivalently transformed into a single 6 x 6
matrix inversion problem, which significantly reduces the online
computational cost.

Once K is determined, the exact trajectory s*(t) can be generated
efficiently, and the multi-objective decision reward Jyegsion Can be
evaluated accordingly. In this way, an efficient connection is estab-
lished between macroscopic combinatorial decision-making and
microscopic continuous control, thereby supporting real-time co-
operative merging optimization.

For a rigorous step-by-step derivation of this Hamiltonian frame-
work in freeway merging scenarios, readers are referred to the
established methodologies in Rios-Torres et al.l! and Zhou et al.l'"l,

Case study

Simulation experiment

To verify the effectiveness and robustness of the proposed MCTS-
H ramp cooperative merging control method, this study conducts
simulation verification based on SUMO and Python. SUMO can
simulate microscopic vehicle dynamic behaviors and realize real-
time control of the underlying vehicles by the upper-layer decision
algorithm via the TraCl interfacel?2,

Simulation parameters

The simulation framework is implemented using SUMO coupled
with Python via the TraCl interface. The key simulation settings and
scenario configurations are summarized in Table 2. The demand
levels and demand splits considered in this study are set according
to Han et al.l23L It must be emphasized that when conducting simu-
lation experiments, the demand levels of the two lanes are summed
and split according to the mainline-ramp demand splits.

In the mixed traffic setting, HDVs use the built-in IDM car-follow-
ing model and LC2013 lane-changing model of SUMO to simulate
the random driving behavior of human drivers under perception
error and reaction delay. When cooperative control is not activated,
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Table 2. Key parameter configuration of simulation platform and scenario
settings.

Cooperative ramp merging control in mixed traffic

Table 4. Key parameter configuration of the MCTS-H algorithm.

Category Parameter Value
Simulation Simulation duration 180's
Platform Simulation step size 0.1s
Road topology  Mainline length 1,200 m
Cooperative control zone 600 m
Merging zone 200 m
Downstream zone 400 m
Ramp length 1,000 m
Acceleration lane 200 m
Lane width 3.75m

Control trigger position 400 m upstream of merge point
Initial conditions Mainline initial speed 33 m/s
Ramp initial speed 10 m/s
Arrival distribution Poisson distribution

Headway distribution Negative exponential
distribution

1,400, 1,800, 2,200 veh/h
50-50, 6535, 80-20
20, 40, 60, 80

Traffic flow
setting

Traffic demand
Traffic demand split
CAV penetration rate

Parameter Value
Simulation time step 50s
Maximum search depth 10.0
Exploration constant 1414
Decision update period 1s
Weight of efficiency term 0.4
Weight of stability term 0.3
Control weight coefficient of ramp vehicle 1.5
Control weight coefficient of mainline vehicle 2.0
Acceleration weight coefficient 1.0
Jerk weight coefficient 1.0
Weight ratio 0.5
Trajectory planning horizon 5.0

CAVs adopt the Cooperative Adaptive Cruise Control (CACC) model
to maintain a high-precision car-following state. The specific vehicle
dynamic parameters and model settings are shown in Table 3.

Key parameter configuration of the MCTS-H algorithm

The performance of the MCTS-H algorithm is highly dependent
on the parameters of the search tree and the weight configuration
of the objective function. According to the code implementation
logic, the algorithm parameters are set to balance computational
real-time performance and decision optimality.

To meet the real-time computing requirements of the on-board
unit, MCTS limits the maximum number of search iterations and
simulation steps. During the solution process of the PMP analytical
solution, a corresponding time grid is set to discretize the state
space to ensure that the generated trajectory is within the dynamic
boundary. The specific algorithm parameter configuration is shown
in Table 4.

Results and discussion

This section evaluates the proposed MCTS-H algorithm from both
traffic efficiency and traffic flow stability. First, the traffic efficiency is
assessed under varying traffic demand levels, demand splits, and
CAV penetration rates by comparing MCTS-H with the no-control
and Proportional-Integral-Derivative (PID) control baselines. Then,
the traffic flow stability is assessed through spatiotemporal trajec-

is used as a representative reactive baseline, since it requlates merg-
ing behavior through local feedback-based speed adjustment and
provides a computationally simple benchmark for comparison with
the proposed proactive coordination strategy.

Traffic efficiency evaluation

To comprehensively evaluate the traffic efficiency, this section
examines its performance under varying traffic conditions from two
perspectives: (1) different demand levels and demand splits, and (2)
different CAV penetration rates in mixed traffic. Average speed, total
travel time, and average delay are used as the primary performance
indicators.

To improve the traceability of the experimental results, the traffic-
efficiency evaluation is organized into two groups of scenarios.
Tables 5-7 report the results under different demand levels and
demand splits at a fixed CAV penetration rate, whereas Figs 3 and 4
present the results under different CAV penetration rates with the
demand split fixed at 50-50.

(1) Different demand levels and demand splits:

We first analyzed the effect of demand level and demand split
under a 20% CAV penetration rate. As shown in Tables 5-7, MCTS-H
consistently outperforms both the no-control and PID baselines
across all tested demand intensities and demand splits.

The 50-50 demand split represents the most challenging condi-
tion because the balanced mainline and ramp inflows intensify
merging interactions and increase conflict pressure. Under this

Table 5. Average travel speed and total travel time under the 50-50 demand
split at a 20% CAV penetration rate.

Demand (veh/h)

tory evolution and traffic oscillation characteristics. The PID method Method Average travel speed (m/s) Total travel time (min)
1,400 1,800 2,200 1,400 1,800 2,200
Table 3. Key parameter configuration of vehicle kinematics and simulation
models. No control 20.48 20.15 19.29 156.96 181.07 206.81
PID 23.30 20.64 18.78 141.51 17291 203.70
Parameter Value MCTS-H 24.89 24.10 22.55 13294 15576 181.48
Vehicle length 50m
Standi 25
Man‘ 'ng gap lerati £ CAV 3 n/'12 Table 6. Average travel speed and toal travel time under the 65-35 demand
ax!mum acce erat!on ° S = m/s splitata 20% CAV penetration rate.
Maximum acceleration of HDVs 2.5 m/s?
Minimum deceleration of vehicles -4.0 m/s? Demand (veh/h)

Minimum safe time headway 15s

Maximum road speed limit 33.0m/s
Desired merging speed 20.0 m/s
Initial speed of mainline vehicle 33.0m/s
Initial speed of ramp vehicle 10.0 m/s
Random noise term 0.5

Method Average travel speed (m/s) Total travel time (min)
1,400 1,800 2,200 1,400 1,800 2,200
No control 20.69 20.58 20.42 13258 148.81 165.13
PID 23.51 23.45 23.19 119.87 13422 149.58
MCTS-H 25.33 25.01 24.72 111.73 12627 140.85
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Table 7. Average travel speed and total travel time under the 80-20 demand

splitata 20% CAV penetration rate.
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condition, MCTS-H maintains the highest average speed and the
lowest total travel time across all demand levels. Under a demand

Demand (veh/h)

increase to 2,200 veh/h, the average speed under MCTS-H remains

Method Average travel speed (m/s) Total travel time (min) 22.55 m/s, whereas the PID baseline decreases to 18.78 m/s, which is
7400 7800 2200 400 1800 2200 even lower than that of the uncontrolled case. Meanwhile, the total
! ! ! ! ’ ’ travel time under MCTS-H is limited to 181.48 min, significantly
No control 20.65 20.74 2064 10916 117.79 12698 lower than 206.81 min in the no-control scenario. These results indi-
PID 2340 2345 2349 2908 107.02 11480 cate that MCTS-H can reduce merging travel time while improving
MCTS-H 25.34 25.36 25.28 91.90 99.38 107.06 average travel speed.
B No control [ PID MCTS-H
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40 40
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Fig. 3 Comparison of average vehicle speeds across varying traffic demands; (a) results at 20% PR; (b) results at 40% PR; (c) results at 60% PR; (d) results at

80% PR.
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When the demand split becomes more asymmetrical, the perfor-
mance of all methods improves, but MCTS-H still achieves the best
overall efficiency. Under the 65-35 demand split, the total travel
time under MCTS-H is reduced from 165.13 min in the no-control
case to 140.85 min at 2,200 veh/h.

Under the 80-20 demand split, MCTS-H shows the most stable
behavior, with the average speed remaining around 25 m/s across
all demand levels and the growth of total travel time being substan-
tially smaller than in the other demand-split scenarios. This result
suggests that the proposed method not only performs robustly
under challenging traffic conditions but also preserves a high per-
formance ceiling under relatively favorable flow configurations.

Having established the effectiveness of MCTS-H across different
demand splits, the analysis is further focused on the 50-50 demand
split, which represents the most challenging merging condition.
Under this setting, the combined effects of traffic demand and CAV
penetration rate are examined to evaluate traffic efficiency. Average
vehicle speed and average vehicle delay are used as the two core
performance metrics. Figure 3 presents the average vehicle speed
results, while Fig. 4 shows the corresponding delay results.

(2) Different CAV penetration rates in a mixed traffic environment:

As shown in Fig. 3, the proposed MCTS-H method consistently
improves average vehicle speed in the RMZ under mixed-traffic
conditions. In particular, under the 60% CAV penetration scenario,
MCTS-H achieves the highest average speed at all tested demand
levels, reaching 24.60, 24.58, and 23.25 m/s at 1,400, 1,800, and
2,400 veh/h, respectively. Its advantage remains evident under
medium and high demand: at 1,800 veh/h, the average speed is
improved by 23.33% and 4.37% relative to the no-control and PID
methods, respectively, while at 2,400 veh/h, the corresponding
improvements are 22.53% and 4.03%. MCTS-H also outperforms
the two baselines under other penetration scenarios. For example,
under a 40% CAV penetration rate and a traffic demand of
2,400 veh/h, the average vehicle speed is 16.03% and 9.42% higher
than those of the no-control and PID methods, respectively. Overall,
the average vehicle speed under MCTS-H remains above 22 m/s
across all tested mixed-traffic scenarios, indicating stable perfor-
mance gains and strong adaptability.

Similar advantages can also be observed under the other CAV
penetration scenarios. Overall, across different traffic demand levels
and penetration rates, MCTS-H consistently maintains higher aver-
age vehicle speeds than the no-control and PID baselines, demon-
strating robust efficiency gains in mixed-traffic environments.

Figure 4 further confirms the superiority of MCTS-H in terms of
delay reduction. Across all tested scenarios, the average vehicle
delay under MCTS-H remains below 7 s/veh, and the best perfor-
mance is achieved at an 80% CAV penetration rate, where the mini-
mum delay is only 0.57 s/veh. In the congested scenario with a 60%
CAV penetration rate and a traffic demand of 2,400 veh/h, MCTS-H
reduces average vehicle delay by 68.92% and 24.67% compared
with the no-control and PID methods, respectively. Another note-
worthy observation is that the delay under MCTS-H does not
decrease monotonically with increasing CAV penetration in all cases.
For example, under a traffic demand of 1,800 veh/h, the delay
increases from 2.44 s/veh at a 20% penetration rate to 3.38 s/veh at
40%, and then decreases to 1.99 s/veh at 60%. This non-monotonic
trend suggests that, at intermediate penetration levels, interactions
between CAVs and HDVs may temporarily amplify behavioral uncer-
tainty. Nevertheless, MCTS-H still achieves the lowest delay among
the three methods, indicating strong robustness against congestion
and disturbance propagation.
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Overall, the above results demonstrate that MCTS-H provides
improvements in efficiency under varying demand levels, demand
splits, and CAV penetration rates. It not only improves average vehi-
cle speed and reduces total travel time under different flow configu-
rations, but also substantially lowers average vehicle delay in a
mixed traffic environment.

Traffic flow stability analysis

To further evaluate the impact of MCTS-H on traffic flow opera-
tions, this subsection focuses on traffic flow stability analysis rather
than relying solely on macroscopic statistical indicators. Specifically,
traffic flow stability is evaluated from the perspective of disturbance
suppression and motion smoothness, which is reflected by: (1)
whether spatiotemporal trajectories remain continuous and orderly
without obvious backward-propagating congestion bands; (2)
whether abrupt speed and acceleration fluctuations are effectively
reduced during merging; and (3) whether vehicles quickly return to
a near-parallel car-following pattern after merging.

Therefore, the stability analysis is organized into three parts: (1)
the spatiotemporal trajectory characteristics of MCTS-H under low-
and high-demand conditions, to examine its ability to maintain
smooth and stable traffic evolution during the merging process;
(2) a comparative trajectory analysis of MCTS-H and PID under high
traffic demand, to assess their differences in disturbance suppres-
sion and traffic flow stabilization; and (3) representative merging
cases at the microscopic level, to further illustrate how the proposed
control strategy mitigates disturbance propagation and contributes
to stable and orderly mixed traffic flow.

(1) Spatiotemporal trajectory characteristics under MCTS-H:

Figure 5 shows the spatiotemporal trajectories in the RMZ under
low- and high-demand scenarios for the proposed MCTS-H method.
In both cases, the trajectories remain smooth and well-organized
throughout the CCZ and the merging area. Under low demand,
ramp vehicles merge between adjacent mainline vehicles with only
slight trajectory adjustments in the mainline flow. Under high
demand, although the trajectories become denser, they remain
continuous, with no obvious discontinuities or clustering in the
merging zone. In both subfigures, the trajectories of mainline and
ramp vehicles quickly return to a nearly parallel pattern after the
merger, and no backward-propagating congestion band appears
downstream. These observations indicate that MCTS-H can main-
tain a stable car-following state after merging and confine distur-
bances to a limited spatiotemporal range.

This improvement in traffic stability can be attributed to the hier-
archical control mechanism of MCTS-H. By combining gap-selection
decisions and cooperative action with a Hamiltonian-based analyti-
cal trajectory solver, the method allows CAVs to execute smooth
and proactively coordinated maneuvers in the presence of HDV
uncertainty. Instead of relying on reactive local speed adjustments,
the controller guides vehicles to follow globally optimized and
dynamically feasible trajectories, thereby providing surrounding
HDVs with more stable and predictable car-following references.
As a result, excessive braking responses triggered by uncertain
preceding-vehicle behavior can be reduced, and the amplification of
stop-and-go disturbances can be suppressed at an early stage.
Overall, the spatiotemporal trajectory analysis under both low- and
high-demand conditions confirms that MCTS-H not only improves
the performance of ramp merging, but also fundamentally
enhances traffic flow stability in the merging zone by mitigating the
evolution of microscopic disturbances into traffic oscillations.

(2) Comparative trajectory analysis of MCTS-H and PID under high
traffic demand:
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Fig. 5 Spatiotemporal trajectory diagram of vehicles in the on-ramp merging area under the MCTS-H cooperative control method. (a) Low traffic demand

scenario. (b) High traffic demand scenario.

To further clarify the difference between MCTS-H and the conven-
tional PID controller under high-density merging conflicts, Fig. 6
presents the spatiotemporal trajectories under PID in the high-
demand scenario. Compared with Fig. 5b, a clear difference can be
observed. Under MCTS-H, vehicles travel through the CCZ with
nearly constant slopes, indicating relatively homogeneous speeds
and smooth motion toward the merging point. By contrast, the
PID trajectories exhibit noticeable curvature changes, reflecting
repeated speed adjustments before merging. This suggests that
MCTS-H coordinates merging proactively through gap selection of
the decision-making and trajectory smoothing of the optimal
control layer, whereas PID relies on reactive local regulation. Under
PID, these local adjustments propagate backward over time and
form a continuous deceleration influence from approximately 45 to
140 s. Although no severe congestion wave is formed, the resulting
speed distribution is less uniform than that under MCTS-H, implying
that the traffic stream remains only partially stabilized and is more
vulnerable to disturbance amplification. Overall, the comparison
between Figs 5b and 6 shows that the superiority of MCTS-H under

Wang et al. Digital Transportation and Safety 2026, 5(2): 111-122

high traffic demand lies not only in improved performance, but also
in its ability to suppress the backward propagation of microscopic
disturbances.

By contrast, the PID method exhibits the characteristic behavior of
a reactive car-following controller. In the CCZ from 0 to 600 m, the
vehicle trajectories under PID display evident curved profiles with
gradually changing slopes, indicating alternating acceleration and
deceleration. Moreover, these local adjustments propagate back-
ward over time, forming a continuous deceleration influence from
approximately 45 to 140 s. This phenomenon arises because the PID
controller attempts to preserve time headway and create merging
opportunities through local feedback-based speed regulation.
Although no severe congestion wave is formed in this case, the
resulting speed distribution is clearly less uniform than that under
MCTS-H, implying that the traffic stream remains only partially stabi-
lized and is more vulnerable to disturbance amplification.

Overall, the comparison between Figs 5b and 6 demonstrates that
the superiority of MCTS-H under high traffic demand lies not only
in improved performance, but also in its fundamentally different
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control mechanism. Whereas PID responds to conflicts after they
emerge, MCTS-H proactively coordinates merging through the hier-
archical combination of gap selection and trajectory smoothing.
This mechanism promotes more homogeneous traffic evolution,
mitigates the backward propagation of disturbances, and prevents
microscopic fluctuations from developing into traffic oscillations in
the merging zone.

(3) Microscopic cooperative dynamics in representative success-
ful merging cases:

As shown in Fig. 7, the proposed MCTS-H method enables the
ramp vehicle to perform active speed regulation that is consistent
with both gap selection and smooth merging requirements.
Through the embedded pruning strategy based on kinematic con-
straints, the decision-making layer eliminates dynamically infeasible

Cooperative ramp merging control in mixed traffic

solutions during the search process and thereby provides the opti-
mal control layer with a physically executable spatiotemporal
window. On this basis, the Hamiltonian-based Analytical Trajectory
Solver controller ensures the optimal dynamic realization of the
selected merging sequence. Specifically, the ramp vehicle accele-
rates from 10 to 30 m/s during 90-100 s, and then decelerates
smoothly between 125 and 145 s, with its acceleration decreasing to
about —0.7 m/s? and its speed converging to 21 m/s, which is close
to that of the adjacent mainline vehicle. This coordinated regulation
ensures a stable merging process during 140—150 s. Such a control
pattern, namely, accelerating first to match the target gap and then
decelerating smoothly to achieve speed synchronization. In this
way, infeasible merging attempts caused by excessive speed diffe-
rences can be effectively avoided.
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Fig. 6 Spatiotemporal trajectory diagram of vehicles in the on-ramp merging area under the PID method.
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Fig. 7 Cooperative trajectories and dynamic characteristics analysis of three vehicle groups under the MCTS-H cooperative control method; (a)
longitudinal position trajectories; (b) acceleration profiles; (c) speed profiles; (d) evolution of inter-vehicle spacing.
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At the same time, the mainline vehicles also execute cooperative
speed regulations to actively create a feasible gap for the ramp vehi-
cle. As shown in Fig. 7b, ¢, the following mainline vehicle begins an
active gap-creation maneuver at approximately 125 s, with its acce-
leration profile exhibiting a smooth depression near 130 s and its
speed decreasing from 27 to 22 m/s. Meanwhile, the preceding
mainline vehicle performs a smaller-amplitude deceleration over
the same period, with its speed decreasing from 27 to 24 m/s. This
behavior provides direct evidence that MCTS-H does not merely
optimize the ramp vehicle trajectory alone, but instead coordinates
both ramp and mainline vehicles based on the upper-layer decision
outcome. By issuing cooperative control actions to the mainline
vehicles, the algorithm enables them to yield proactively and create
a more adaptable merging opportunity, thereby realizing truly bidi-
rectional cooperation between the ramp stream and the mainline
flow.

In addition to the three-vehicle case, a two-vehicle cooperative
control scenario may arise when no suitable leading or following
mainline vehicle can be matched. To verify the robustness of the
proposed method under such special conditions, Fig. 8 presents a
representative two-vehicle cooperative merging case under a traffic
demand of 2,200 veh/h with a 50-50 demand split. The results show
that MCTS-H can still achieve effective decision-making in a scenario
involving only two interacting vehicles. During 120-160 s, the ramp
vehicle accelerates to 30 m/s and maintains this speed for approxi-
mately 30 s, which rapidly reduces the relative distance to the main-
line vehicle and shortens the merging time. During 160—180 s, the
algorithm continues to pursue efficiency while strictly satisfying the
car-following safety constraint. After approximately 155 s, the ramp
vehicle and the mainline vehicle perform synchronized cooperative
decelerations, with their speeds gradually converging to 22 m/s,
while the inter-vehicle distance is maintained within a safe range of
about 40 m. This case further confirms that MCTS-H can transform
the decision into smooth microscopic control actions and ensure
traffic flow stability.
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This case further demonstrates that MCTS-H can accurately trans-
form the optimal decision into smooth microscopic control through
the coordinated regulation of vehicle speed and acceleration. By
synchronizing the maneuvers of the ramp vehicle and the mainline
vehicle, the algorithm effectively reduces abrupt speed changes,
enhances merging coordination, and ensures traffic flow stability
can be achieved at the microscopic interaction level.

Conclusions

This study proposes a hierarchical control framework for coopera-
tive on-ramp merging, consisting of a decision-making layer and an
optimal control layer. To efficiently solve the formulated problem,
the MCTS-H algorithm is developed. The findings of this study
demonstrate that the proposed hierarchical control framework and
MCTS-H algorithm provide an effective solution for cooperative on-
ramp merging in mixed traffic environments. From the perspective
of traffic efficiency, MCTS-H consistently enhances traffic efficiency
across a wide range of traffic demands, demand splits, and CAV
penetration rates. From the perspective of traffic flow stability,
MCTS-H effectively suppresses traffic oscillations induced by HDV
maneuvers, leading to smoother spatiotemporal evolution and
reduced disturbance propagation. As a result, a more stable traffic
flow is achieved. Overall, the proposed method successfully
enhances both traffic efficiency and flow stability, demonstrating
strong robustness and applicability for cooperative merging control.

Despite the promising results, the current framework is more
suitable for single-lane, single-ramp freeway merging scenarios,
where the dominant challenge is local longitudinal conflict resolu-
tion under mixed traffic conditions. Its direct application to more
complex traffic environments may still be constrained by simplified
HDV behavior modeling and the exclusion of lateral interactions.
Therefore, further extension and validation are needed before
deployment in multi-lane or multi-ramp scenarios with stronger
interaction complexity.
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Fig. 8 Cooperative trajectories and dynamic characteristics analysis of two vehicle groups under the MCTS-H cooperative control method; (a) longitudinal
position trajectories; (b) acceleration profiles; (c) speed profiles; (d) evolution of inter-vehicle spacing.
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Future work will first focus on extending the framework to multi-
lane and multi-ramp scenarios, and then incorporate more realistic
human driving behavior, communication delays, sensor uncertainty,
and lane-changing dynamics.
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