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Abstract: In this paper, we investigate traffic signal control in a network of interconnected
intersections, aiming to balance lane-level vehicle densities through optimal green-time alloca-
tion. We develop a two-lane traffic flow model that explicitly captures lane-specific propagation
dynamics, addressing key limitations of conventional road-level formulations. The proposed
model offers a more granular and flexible representation of urban traffic, enabling controllers to
react more accurately to lane-specific congestion patterns. Building on this model, we design
a distributed model predictive control (MPC) framework and integrate it with the efficient
alternating direction method of multipliers (ADMM) to enhance scalability and real-time
performance. To accommodate time-varying traffic conditions, we further introduce a data-
driven method for forecasting dynamic split ratios. Comprehensive VISSIM simulations on a
six-intersection network in Dalian, China, demonstrate that the proposed approach outperforms
existing signal control strategies in both traffic efficiency and computational speed, showing its
promise for real-time deployment.
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1. INTRODUCTION

Traffic congestion has become a pressing global challenge
due to the rapid growth of vehicle populations and the
limited expandability of urban infrastructure. To miti-
gate congestion, several control strategies have been stud-
ied, including signal offset control for green-wave pro-
gression (De Nunzio et al., 2015), route planning and
optimization (Ba et al., 2015; Bai et al., 2025; Li et al.,
2025; Bang et al., 2022), and green-time allocation for
traffic regulation (Grandinetti et al., 2018; Ru et al., 2023).
Among them, green-time allocation is particularly attrac-
tive because it is scalable and compatible with existing
traffic infrastructure.

Traditional traffic models usually aggregate multiple lanes
of a road into a single state variable. Based on such road-
level models, fixed-time methods (Robertson, 1969), adap-
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tive systems such as SCOOT (Robertson and Bretherton,
1991) and SCATS (Sims and Dobinson, 1980), and dis-
tributed MPC approaches (Camponogara and De Oliveira,
2009; Grandinetti et al., 2018) have been developed for
signal control. Model-free adaptive predictive control (Ru
et al., 2023) and max-pressure control (Zaidi et al., 2016)
have also been investigated to improve traffic efficiency.
However, these approaches generally overlook lane-specific
congestion patterns and turning behaviors.

Recent studies on connected and automated vehicles have
further highlighted the importance of fine-grained mod-
eling and predictive decision-making in urban traffic sys-
tems (Malikopoulos et al., 2021; Chalaki and Malikopou-
los, 2021; Tzortzoglou et al., 2024; Bai et al., 2023; Cha-
laki and Malikopoulos, 2022; Le and Malikopoulos, 2024).
Nevertheless, most existing signal control methods still
rely on aggregated road-level models, implicitly assuming
that vehicles are evenly distributed across lanes. Although
split ratios have been introduced to approximate lane
usage (De Oliveira and Camponogara, 2010; Yan et al.,
2016), they are often treated as fixed parameters and
therefore cannot capture time-varying turning behaviors.
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Fig. 1. Illustration of a four-way intersection i, where lanes
xi2 and xi6 are controlled by input ui1; lanes xi3 and
xi7 by ui2; lanes xi4 and xi8 by ui3; and lanes xi1 and
xi5 by ui4.

To address these limitations, we develop a two-lane traffic
model that explicitly incorporates lane-level vehicle dy-
namics and turning movements. Each road is modeled
by two parallel lanes, and four signal phases at each in-
tersection regulate the corresponding lane-level discharge
flows, as illustrated in Fig. 1. Building on this model, we
propose a distributed MPC framework for dynamic green-
time allocation across interconnected intersections. To im-
prove scalability and real-time feasibility, the alternating
direction method of multipliers (ADMM) is integrated into
the MPC framework (Boyd et al., 2011; Bai et al., 2020).
In addition, a data-driven split-ratio forecasting method is
introduced to adapt the controller to time-varying turning
movements. Overall, this paper combines lane-level traffic
modeling, distributed MPC, ADMM-based optimization,
and data-driven split-ratio forecasting to improve traffic
signal control performance in urban networks. The main
contributions are summarized as follows:

• In contrast to conventional road-based models, we
propose a two-lane traffic model based on the store-
and-forward framework, providing a more practical
and accurate representation of the lane-level traffic
flow propagation.

• We present a distributed MPC approach for traffic
signal control in an urban network of interconnected
intersections, and integrate ADMM to enhance real-
time applicability and computational efficiency.

• We develop a data-driven method to forecast time-
varying split ratios, enabling the controller to adapt
to dynamic turning movements that are often ne-
glected in existing approaches.

The rest of this paper is organized as follows. Section 2
presents the two-lane traffic model and formulates the
traffic signal control problem. Section 3 introduces the
distributed MPC framework and its integration with the
ADMM algorithm. Simulation results are provided in

Section 4, and in Section 5, we conclude the paper and
discuss directions for future research.

2. PROBLEM FORMULATION

Consider a traffic network with N interconnected inter-
sections. Each intersection is linked to eight incoming
roads, where vehicles travel in the same direction on each
road, as illustrated in Fig. 1. Each road contains two
lanes: one dedicated to straight and right-turn movements,
and the other to left-turn movements. To represent this
network, we adopt a coupled-system framework in which
each subsystem corresponds to an intersection and the four
roads feeding into it. Specifically, the lanes marked by red
arrows in Fig. 1 are associated with subsystem i, while
those marked by green arrows belong to its neighboring
subsystems. Each subsystem i is described by a local state
vector xi ∈ Rn and a local control input ui ∈ Rm, where
n = 8 and m = 4. The state vector xi = [xi1, . . . , xi8]

⊤

represents the number of vehicles in the eight incoming
lanes of intersection i, while ui = [ui1, . . . , ui4]

⊤ specifies
the green times allocated to the four traffic signal phases.

The interactions among the N subsystems are modeled
by a directed graph G = (V, E), where the vertex set
V = {1, . . . , N} represents the set of subsystems and the
edge set E ⊆ V × V encodes their couplings. An edge
(j, i)∈ E with i, j ∈V indicates that subsystem j directly
affects subsystem i through a connecting road, making
j a neighbor of subsystem i. The set of neighbors of
subsystem i is denoted by Ni, with Ni= |Ni|.
The vehicle outflow from subsystem i is directly regulated
by its local control input ui. In contrast, the inflow into
a subsystem is determined by the control inputs of its
neighboring subsystems, resulting in coupled and inter-
dependent dynamics across the network. The evolution of
subsystem i∈V at time step k ∈ {0, 1, . . .} is described as

xi(k+1) = xi(k)−Bi(k)ui(k) + Ci(k)zi(k), (1)

where Bi(k) ∈ Rn×m represents the outflow rate matrix,
which can be obtained from road infrastructure measure-
ments, and Bi(k)ui(k) denotes the number of vehicles
exiting subsystem i at time step k. The term Ci(k)zi(k)
captures the inflow of vehicles contributed by neighboring
subsystems. Here, Ci(k) ∈ Rn×mNi is the matrix of trans-
fer rates, and zi(k) ∈ RmNi aggregates the control inputs
of neighboring subsystems, given by

zi(k) =
[
u⊤
j1(k), . . . , u

⊤
jNi

(k)
]⊤

, (2)

where jl ∈ Ni, l = 1, . . . , Ni. The term Ci(k)zi(k) is
explicitly expressed as

Ci(k)zi(k) =
∑
jl∈Ni

cjli(k)ujl(k), (3)

where cjli(k), is the transfer rate from subsystem jl to sub-
system i. Since the transfer rates cjli(k) are influenced by
multiple factors and directions, they are often difficult to
measure directly and are treated as unknown parameters
in this paper.

Remark 1. The traffic model proposed in Bianchin and
Pasqualetti (2019) uses a single state variable to represent
the number of vehicles on each road, which is then coupled
with multiple control inputs. For example, as shown in
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Fig. 1, combining the states xi1 and xi2 into a single
state x̄i1 results in couplings with both control inputs
ui1 and ui4. Different from their work, the two-lane traffic
model described in (1) decouples the state variables and
control inputs, thus facilitating the integration of ADMM
for efficient traffic signal optimization.

Unbalanced traffic flow distribution is a significant factor
contributing to congestion, as it results in some lanes
being overly congested while others remain underutilized.
Inspired by Ru et al. (2023); Grandinetti et al. (2018),
the goal of this work is to achieve a balanced vehicle
density distribution across lanes. Specifically, we aim to
achieve a local uniform vehicle density distribution for
each lane and its downstream connections by designing
appropriate control inputs for each subsystem. To this end,
a distributed MPC method is proposed to allocate green
times for traffic signals, mitigating congestion caused by
uneven traffic flow distribution.

3. DISTRIBUTED MPC FOR TRAFFIC SIGNAL
CONTROL VIA ADMM

This section presents a distributed MPC scheme to de-
termine the green times of each signal phase across all
intersections in the network. We start formulation of the
distributed MPC problem, and then we describe how
ADMM is integrated into the MPC framework to improve
computational efficiency.

3.1 Distributed Traffic Signal Control via ADMM

A coordinated and scalable solution to the distributed
MPC problem formulated in the previous subsection is
achieved by employing ADMM, which decomposes the
global objective into local subproblems that can be solved
in parallel. To achieve a locally uniform vehicle density dis-
tribution for each lane relative to its downstream links (Ru
et al., 2023; Grandinetti et al., 2018), we formulate the
network-level cost function as the following form:

min

N∑
i=1

ϕi(k)=

N∑
i=1

(
8∑

m=1

M∑
h=1

(
ρim(k+h)− ρ̄im(k+h)

)2
M−1∑
h=1

u⊤
i (k+h)Riui(k+h)

)
, (4a)

subject to

xi(k+1) = xi(k)−Bi(k)ui(k)+Ci(k)zi(k), (4b)

ρ̄im(k+h) =
1

|N+
im|

∑
jg∈N+

im

xjg(k+h)

Ljg
, h=1, . . . ,M, (4c)

4∑
m=1

uim(k+h)+Qi = S, h=1, . . . ,M−1, (4d)

uim(k+h) ∈ [umin, umax], h=1, . . . ,M−1, (4e)

where xim(k) and uim(k) denote the mth components
of xi(k) and ui(k), respectively. The term ρ̄im(k + h)
represents the average density of the downstream lanes
of lane im at the prediction step h, with Lim (and
Ljg) denoting the lane length, and N+

im denoting the
set of its downstream lanes of cardinality |N+

im|. The
weighting matrix Ri=diag(ri1, ri2, ri3, ri4) is diagonal and

positive definite, ensuring proper scaling of the two terms
in (4a). Moreover, Qi denotes the yellow-light duration
at subsystem i, and S is the common cycle length across
all intersections. The parameters umin and umax specify
the minimum and maximum green times, respectively. The
first term in (4a) penalizes the deviation of lane densities
from their downstream averages, while the second term
regularizes control efforts to enhance convergence.

By solving the optimization problem (4a) with constraints
(4b)-(4e), one can derive the green time of each phase
of all the intersections with the optimal performance for
the entire network. However, the centralized optimiza-
tion method involves massive data transmission and has
high online computational complexity, which is imprac-
tical for multiple interconnected intersections. From the
above analysis, an intersection belongs to only one subsys-
tem after the traffic system decomposition. Hence, a dis-
tributed optimization framework for urban traffic signals
is proposed. The optimization problem for each subsystem
i=1, . . . , N is presented as

minϕi(k) =

8∑
m=1

M∑
h=1

(
ρim(k+h)− ρ̄im(k+h)

)2
+

M−1∑
h=1

ui
⊤(k)Riui(k), (5)

s. t. (4b)-(4e).

Although the optimization problem of the whole network
in (4a) can be decomposed into a distributed optimiza-
tion problem in (5), it remains difficult to implement in
large-scale urban networks, since solving (5) with con-
straints (4b)–(4e) directly may not satisfy real-time traffic
control requirements (Lin et al., 2011; Farokhi et al., 2013).
Note that, in our proposed two-lane traffic model, the state
variables and control inputs are decoupled, which allows
the optimization problem (5) to be further split into inde-
pendent subproblems. Accordingly, the distributed MPC
problem can be rewritten as

minϕi(k) =

4∑
m=1

fim
(
Uim(k)

)
, i=1, . . . , N, (6)

subject to (4b)–(4e), where

fim(Uim(k)) =

M∑
h=1

∑
j∈Lim

(
ρij(k+h)− ρ̄ij(k+h)

)2
+ U⊤

im(k) rim Uim(k), (7)

with Uim(k)=
[
u⊤
im(k), . . . , u⊤

im(k+M−1)
]⊤

, rim denoting
the mth diagonal element of Ri, and Lim being the set of
lanes associated with control group m.

Since the ADMM provides strong convergence properties
and is well-suited for decomposable optimization problems
with constraints, it is employed to solve (6) efficiently at
each time step k. The detailed procedure is summarized
in Algorithm 1. At every time step, each subsystem solves
its optimization problem subject to constraints (4b)-(4e)
after receiving the related information from its neighboring
subsystems. The subsystem then shares the intermediate
solution with its neighboring subsystems to enable solving
their optimization problems. Finally, all the control inputs
Ui(k), i=1, . . . , N of the entire network can be obtained,
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Algorithm 1 Distributed Signal Control via ADMM

Input: Maximum computation time Tmax; stopping
threshold εstop.
Output: Control inputs Ui1(k), Ui2(k), Ui3(k), Ui4(k).

1: for i = 1, 2, . . . , N in parallel do
2: Initialize s← 1, ti(k)← 0, and measure xi(k).
3: while ε(s) ≥ εstop and ti(k) ≤ Tmax do
4: Receive Uj(k−1) and yj(k−1) from neighbors.
5: Update Bi(k) and Ci(k).
6: Solve the optimization problem

minLρ(Ui1(k), Ui2(k), Ui3(k), Ui4(k), λ)

=

4∑
m=1

fim(Uim(k))+
ρ

2
∥ϑ(k)∥2+λ⊤ϑ(k),

where

ϑ(k) =


∑4

m=1 uim(k+1) +Qi − S∑4
m=1 uim(k+2) +Qi − S

...∑4
m=1 uim(k+M−1) +Qi − S

 ,

λ = [λ1, . . . , λM−1]
⊤
.

7: Block updates:
8: U

(s)
i1 ←argmin

Ui1

Lρ
(
Ui1, U

(s−1)
i2 , U

(s−1)
i3 , U

(s−1)
i4 , λ(s−1)

)
,

9: U
(s)
i2 ←argmin

Ui2

Lρ
(
U

(s)
i1 , Ui2, U

(s−1)
i3 , U

(s−1)
i4 , λ(s−1)

)
,

10: U
(s)
i3 ←argmin

Ui3

Lρ
(
U

(s)
i1 , U

(s)
i2 , Ui3, U

(s−1)
i4 , λ(s−1)

)
,

11: U
(s)
i4 ←argmin

Ui4

Lρ
(
U

(s)
i1 , U

(s)
i2 , U

(s)
i3 , Ui4, λ

(s−1)
)
,

12: λ(s)← λ(s−1) + ρ · ϑ
(
U

(s)
i1 , U

(s)
i2 , U

(s)
i3 , U

(s)
i4

)
.

13: Update ti(k).

14: ε(s+1)←
∥∥λ(s)−ϑ

(
U

(s)
i1 , U

(s)
i2 , U

(s)
i3 , U

(s)
i4

)∥∥
∞.

15: s←s+1; send Ui(k) and yi(k) to neighbors.
16: end while
17: end for

and each subsystem i applies the first control of Ui(k) as
the optimal control.

4. SIMULATION STUDY

In this section, we conduct a realistic simulation study to
evaluate the performance of the proposed two-lane traffic
model and the distributed MPC scheme. We first outline
the simulation setup and then introduce the benchmark
control methods, as well as the performance metrics used
for evaluation. Finally, the section concludes with a com-
parative analysis of simulation results.

4.1 Simulation Setup

The effectiveness of the proposed two-lane traffic model
and distributed MPC scheme is evaluated through simula-
tions on a six-intersection traffic network in Dalian, China,
comprising 68 roads, as illustrated in Fig. 2. The traffic
environment is simulated in VISSIM, while the control al-
gorithms are implemented in Python. The simulation set-
tings are as follows: the sampling period and the common
cycle length of all intersections are both fixed at S =120
seconds. The total simulation horizon is 7200 seconds,
corresponding to 60 control intervals. The traffic demand
is designed to replicate morning rush-hour conditions in

1
2

3

4 5

6

(a) Geographic map of the selected intersections.
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(b) Topological representation of the traffic network.

Fig. 2. Part of a traffic network of Dalian City, China.

Dalian, ranging from 300 to 800 vehicles per hour per road.
For each traffic phase, the green time is constrained within
umin=10 seconds and umax=70 seconds. In addition, the
prediction horizon of the MPC controller is set to M =5,
meaning that five future time steps are considered in the
optimization process.

We compare the proposed method with five baselines:
FTC (Robertson, 1969), Max-Pressure, MFAPC (Ru
et al., 2023), MPC-Road (Camponogara and De Oliveira,
2009), and MPC-CasADi. FTC uses fixed equal green
times; Max-Pressure selects phases according to upstream-
downstream pressure differences; MFAPC is a model-free
distributed predictive controller; MPC-Road uses a road-
level store-and-forward model; and MPC-CasADi solves
the same MPC problem using CasADi without ADMM
acceleration.

4.2 Performance Evaluation Metrics

The performance of different control strategies is evaluated
using three key performance indicators: average density,
average flow rate, and relative loss time. Specifically,

1) Average Density: It represents the mean vehicle den-
sity across all roads in the network. A lower value
indicates less congestion and higher throughput, re-
flecting improved network performance.

2) Average Flow Rate: It characterizes the overall traffic
condition of the network. It captures multiple aspects
such as vehicle delays, travel speeds, and network
throughput. Higher flow rates correspond to smoother
traffic flow and reduced congestion.
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Table 1. Performance metrics under different control strategies.

Control Strategy Average Delay (sec) Average Stops Total Travel Time
(min)

Average Computation
Time (sec)

Proposed Method 105.164 3.129 937.502 1.323
MPC-CasADi 106.468 3.154 941.562 4.137
MFAPC 132.854 4.210 1018.436 0.972
Max-Pressure 148.372 4.856 1049.273 /
MPC-Road 164.235 5.264 1089.354 4.389
FTC 229.500 8.858 1345.288 /

Fig. 3. Comparison of average vehicle density.

Fig. 4. Average vehicle speed in different control strategies.

3) Relative Loss Time: It measures the additional travel
time experienced by vehicles compared to free-flow
conditions. Larger values indicate more severe con-
gestion and greater travel delays.

In addition to these three primary indicators, we also
report several supplementary metrics, including the av-
erage travel time delay, average number of stops, total
travel time, and average computation time. These indica-
tors provide complementary insights into driving comfort,
network-wide efficiency, and the real-time feasibility of
different control strategies.

4.3 Simulation Results and Analysis

The comparison results are illustrated in Figs. 3–5 and
summarized in Table 1. Specifically, Fig. 3 presents the
evolution of the average density on the traffic network,
Fig. 4 depicts the network-wide average vehicle speed, and

Fig. 5. Relative loss time in different control strategies.

Fig. 5 shows the relative loss time under each control
strategy. The results show that the proposed method
achieves lower per-lane average density, higher network-
level speed, and smaller relative loss time compared with
the other benchmark approaches. In addition, Table 1
shows that the proposed method achieves the best overall
performance, yielding lower delays, fewer stops, shorter
travel times, and reduced computation burden.

From these results, it is evident that the proposed MPC-
ADMM strategy achieves the best overall performance
across all evaluated metrics. It yields the lowest average
delay, the fewest stops, the shortest total travel time, and
the fastest computation time, demonstrating both strong
control effectiveness and excellent real-time feasibility. Al-
though MPC-CasADi attains similar control performance,
its computation time is significantly higher due to the
absence of ADMM-based acceleration. With the inclusion
of MFAPC and Max-Pressure, the advantages of the pro-
posed method become even more pronounced: MFAPC
outperforms FTC and MPC-Road by leveraging adaptive
pseudogradient updates but remains limited by its model-
free structure, while Max-Pressure provides competitive
performance under moderate traffic but degrades in over-
saturated conditions. In contrast, both FTC and MPC-
Road exhibit clearly inferior performance, with higher
delays, more stops, and more severe congestion. These
observations collectively confirm that the proposed two-
lane traffic model, combined with the distributed MPC
scheme solved via ADMM, provides substantial improve-
ments over existing fixed-time, model-free, and model-
based control methods.
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5. CONCLUSION

In this paper, we proposed a two-lane traffic model for
signal control that captures lane-level vehicle counts and
turning movements, overcoming key limitations of tradi-
tional road-level formulations. Based on this model, we de-
veloped a distributed MPC framework for green-time opti-
mization and integrated ADMM to improve real-time fea-
sibility in interconnected traffic networks. A data-driven
split-ratio forecasting method was further introduced to
adapt the controller to time-varying turning behaviors.
VISSIM simulations on a realistic six-intersection network
in Dalian, China, demonstrated that the proposed ap-
proach improves both traffic efficiency and computational
performance. Future work will investigate hierarchical con-
trol architectures to further enhance scalability in large-
scale urban networks.
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