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Abstract—Network-level traffic signal control is an effective
way to increase throughput and reduce congestion. The max-
pressure algorithm, known for maximizing network throughput,
has been widely studied. However, it requires accurate queue
length and turn ratio measurements, and its theoretical guarantee
is limited to feasible demand (i.e., demand within the capacity
region) under the assumption of infinite queue capacity. To
overcome these limitations, this study proposes a distributed
joint admission and signal control algorithm for finite-capacity
networks with both connected and regular vehicles. By using
feedback from connected vehicles, the algorithm estimates
queue lengths and turn ratios, reducing reliance on precise
measurements. It also adaptively adjusts input flow rates to
prevent oversaturation and ensure demand feasibility, even
under high-demand conditions, while optimizing signal phases to
ensure analytic performance. Using a Lyapunov drift optimiza-
tion approach, we analytically prove a [O(1/V),O(V)] tradeoff
between throughput and delay and establish degradation bounds
that quantify the impact of queue length estimation errors on
network performance. Simulations in a network with 256 origin-
destination pairs show up to a 16.3% increase in throughput and
reduced delays, especially in high-demand settings. The method
also demonstrates strong resilience to sudden demand changes
and incidents, ensuring quick recovery.

Index Terms—Adaptive signal control, admission control, max
pressure, mixed traffic.

I. INTRODUCTION

TRAFFIC congestion is a significant issue in major cities
worldwide, with substantial economic and environmental

impacts [1]. In contrast to control strategies designed for
isolated intersections [2], [3], network-level signal control has
emerged as an effective method of improving network capacity
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and alleviating congestion without significantly affecting trav-
eler route choices [4], [5]. Current network-level traffic signal
control algorithms adopt predominantly centralized control
methods, including optimization-based approaches [6], [7]
and data-driven approaches [8], [9], [10]. However, these
centralized methods face scalability challenges. As urban
networks expand, maintaining solution efficiency becomes dif-
ficult and real-time signal phase updates are hard to guarantee,
which limits their applicability to large-scale networks. These
scalability limitations have motivated growing research into
distributed traffic signal control, including the asymmetric two-
bin signal control [11], coordinated model predictive control
[12], [13], asymmetric advantage actor-critic (Asym-A2C)
algorithm [14], linear quadratic regulator [15], adaptive and
cooperative traffic light agent model (ACTAM) [16], and max
pressure (MP) signal control (also known as back pressure)
[17], [18], which have recently gained prominence.

Among these distributed signal control approaches, MP
signal control has garnered significant attention. Originally
derived from communications and introduced to traffic signal
control by [19] and [20], MP signal control relies solely on
queue length information from adjacent links and average
turn ratios for real-time signal phase optimization. MP sig-
nal control, assuming infinite queue capacity, is analytically
proven to ensure network queue stability (i.e., maintaining
bounded average queue lengths at intersections) when demand
does not exceed network capacity [21]. The queue-stable
network means that all incoming demand can be effectively
serviced, which has led to numerous studies claiming that
it maximizes network throughput. MP signal control’s ana-
lytical provability, suitability for distributed implementation,
and independence from pre-estimated demand arrival rates
have led to its recent expansion in various directions. These
include considering cyclical signal phases [22], [23], address-
ing waiting delay [24], [25], reducing phase switching losses
[26], incorporating dynamic lane reversal [27], integrating
transit lines [28], integrating dedicated lanes for autonomous
vehicles [29], accommodating pedestrians [30], and account-
ing for how vehicles are spatially distributed along links
[18].

However, these enhancements typically depend on accu-
rate average turn ratio estimations, often requiring extensive
historical data. Lioris et al. [31] and Gregoire et al. [32]
developed algorithms for estimating turn ratios. Le et al. [33]
optimized these ratios, while Zaidi et al. [34] integrated vehicle
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path optimization into MP signal control to reduce reliance
on accurate turn ratio information. These studies, however,
have relied on precise queue length information feasible only
in fully connected environments. The complete transition to
fully connected networks remains a distant goal [35], [36],
[37]. In the foreseeable future, road networks are poised to
become heterogeneous compositions of connected vehicles
(CVs) and regular vehicles (RVs), creating challenging mixed
traffic scenarios [38]. Although Li et al. [39] developed
algorithms for queue length estimations, they have neither
analytically examined how estimation errors in queue lengths
affect network queue stability nor analyzed the consequent
degradation in average delay and network throughput.

In addition, most existing studies assume infinite queue
capacity in networks when proving network stability. Numer-
ical simulations by [20] demonstrated that networks with
finite queue capacity cannot achieve queue stability using only
MP signal control. This indicates that solely relying on MP
signal control is inadequate for maximizing throughput in
networks where queue capacity is limited. To address this,
Gregoire et al. [40] improved MP control by integrating link
queue capacity awareness that eliminates queue overflow while
maintaining work conservation. Similarly, Mercader et al. [41]
used travel time instead of queue lengths as the input of MP
control to consider finite queue capacity. However, none of
these studies have provided analytical proof of network stabil-
ity under these modifications. As a result, the efficacy of these
modified algorithms in real-world scenarios, particularly in
today’s frequently oversaturated and spillback-prone networks,
remains uncertain. This highlights a significant research gap,
as the assumption of infinite queue capacity is impractical for
real-world applications.

Furthermore, current studies extending MP signal control
have not integrated inflow regulation to ensure that demand
does not exceed network capacity. According to the macro-
scopic fundamental diagram (MFD) theory, trip completion
rates initially rise with demand until reaching a critical density
point, beyond which they decline with further demand increase
[42]. This theory suggests that in oversaturated networks
(i.e., when cumulative flow surpasses the critical point), no
signal control algorithm can effectively alleviate congestion or
improve network throughput. Tsitsokas et al. [43] addressed
this issue by integrating MP signal control and MFD-based
perimeter control, adjusting inflows and outflows between
regions to prevent regional oversaturation and enhance overall
network performance. However, like many perimeter control
studies, such as, [44], [45], and [46], they divided networks
into fixed regions based on MFD characteristics, failing to
dynamically address evolving congestion and local congestion
issues. Li et al. [39] attempted to address these limitations
by introducing location-varying cordons in perimeter control.
However, this method still struggles with the fundamental lim-
itations of MFD-based strategies, which belong to aggregate
control and focus on the macroscopic flow–density relationship
of urban networks. This aggregated nature makes it difficult
to adapt to dynamic, localized traffic conditions and evolving
congestion patterns. Moreover, MFD assumes homogeneous

congestion distribution within each region, which is a chal-
lenging condition in practical scenarios.

Perimeter control primarily adjusts inter-regional flows
rather than controlling entry flows to prevent overall network
oversaturation. When the network is already oversaturated, the
role of perimeter control, which regulates the inter-regional
flow rate to improve network throughput, becomes limited.
Therefore, controlling entry flows at network boundaries is
crucial for efficient network performance under finite queue
capacity with MP signal control. Su et al. [47] proposed
a hierarchical control framework combining reinforcement
learning-based perimeter control at the upper layer and MP
signal control at the lower layer. While this hierarchical control
framework does not rely on MFD, it still bases its upper-layer
control on aggregated flow, accumulation, and speed of all
links within protected regions, and lacks analytical proof of
network throughput maximization. In the field of communica-
tions, studies like those by [48], [49], and [50] have explored
combining admission control at entry nodes with MP control at
internal nodes. However, their approaches require data packets
to queue at nodes according to origin-destination (O-D) pairs
or destinations and rely on precise queue length information
at each node. Such queueing structures are infeasible in traffic
networks, where vehicles cannot be organized or stored based
on their individual destinations or O–D pairs.

From the literature review, several critical gaps in research
related to MP control are apparent. Firstly, there is a notable
lack of analytical evaluation of how queue length estimation
errors and mean turn ratio estimation errors degrade the aver-
age delay and network throughput under MP signal control.
Secondly, there is a shortfall in existing research regarding
a micro-level, non-aggregated admission control algorithm
to prevent network oversaturation and adaptively ensure that
demand input rates do not exceed network capacity. Thirdly,
the field lacks a comprehensive theory for evaluating the
performance of networks with finite queue capacity in terms
of average delay and network throughput.

In response to the identified research gaps, this study
explores joint admission and signal control at the network
level, retaining the benefits of MP control including distributed
control, no need for prior knowledge of demand arrival rates
and analytically provable network performance. This study
makes the following contributions:

1) To avoid performance degradation caused by network
oversaturation, this study develops a micro-level and dis-
tributed joint admission and signal control algorithm for
partially connected networks having finite queue capacity to
adaptively update signal phases at intersections and adjust
demand input rates at entry nodes in real time;

Compared with previous studies [18], [19], [20], [51], the
joint control algorithm no longer relies on precise queue length
or turn ratio information. Unlike [43], which combines MP
signal control with MFD-based perimeter control, the proposed
admission control directly regulates inflows at all network
entry nodes rather than inter-regional flow rates determined
by MFD characteristics. This enables the algorithm to main-
tain feasible demand levels within the network and prevent
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Fig. 1. A signalized network.

oversaturation, while capturing the microscopic queue dynam-
ics instead of relying on aggregated macroscopic information.

2) This study develops a Lyapunov drift optimization algo-
rithm to analytically prove a [O(1/V),O(V)] tradeoff between
throughput and delay for this joint control, and to analytically
evaluate performance degradation bounds caused by estimation
errors in queue lengths and mean turn ratios, where the
parameter V is adjustable in accordance with finite queue
capacity.

Compared with [39], this study analytically derives the
performance degradation bounds of queue length estimation
errors on network throughput and delay. In contrast to [40],
[41], and [51], it further provides an analytical evaluation of
how finite link capacity affects the throughput–delay relation-
ship. Finally, unlike [48], [49], and [50] in the communication
domain, where admission control and MP are jointly analyzed
based on queues organized by O–D pairs or destinations,
the Lyapunov drift optimization framework introduced in this
study allows performance proof of the joint control algorithm
without requiring such O–D or destination-based queuing
structures.

The rest of this paper is organized as follows: Section II
describes the research content. Section III outlines the models,
including the network evolution, feasible phase, and through-
put optimization models. Section IV presents the joint control
algorithm and develops a Lyapunov drift optimization algo-
rithm for performance proof. Section V presents numerical

simulations to validate the effectiveness of joint control.
Finally, Section VI concludes the study and suggests future
research directions.

II. PROBLEM DESCRIPTION

In signalized networks under mixed traffic conditions (see
Fig. 1), this study focuses on the formulation of a stabilizing
signal control strategy and the optimal allocation of demand
input rates to ensure provable network performance. Input
rates are regulated via distributed admission control at entry
nodes, preventing network oversaturation while promoting
equitable resource distribution. Admission control uses only
the queue lengths at entry nodes and neighboring intersections,
as depicted within the blue dotted outline. Simultaneously,
distributed signal control at intersections contributes to net-
work stability by maintaining queue lengths within prescribed
queue capacity. The signal phases of each intersection are
optimized by the MP-based signal control algorithm, which
uses the queue lengths at connecting links, shown within the
red dotted outline. The queue lengths and turn rates required
for both strategies are estimated using feedback from CVs (see
the flow charts within the black outline). This combined con-
trol strategy prevents network oversaturation, keeps real-time
queue lengths within queue capacity, establishes a provable
balance between average delay and network throughput, and
ensures bounded network performance degradation caused
by estimation errors. All network performance guarantees
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Fig. 2. Methodological framework.

are analytically proven using the developed Lyapunov drift
optimization algorithm. The full methodological framework is
shown in Fig. 2.

III. MODEL CONSTRUCTION

Section III-A models the evolution of the signalized net-
work. Section III-B models the feasible signal phases and
demand input rates. Finally, Section III-C develops a model
to optimize network throughput subject to network stability.

A. Network Evolution

Following [20], the signalized network is represented using
a store-and-forward queueing model, ignoring vehicle distribu-
tion along links. The network includes directed links i ∈ Iall,
entry nodes n ∈ Nentry, and signalized intersections n ∈ N.
Vehicles, comprising CVs and RVs denoted as m ∈ M =

{CV,RV}, queue at entry nodes n ∈ Nentry. Once admitted,
they travel through entry, internal, and exit links (i ∈ Ientry,
i ∈ I , and i ∈ Iexit) before exiting the network. For clarity,
Iall = Ientry ∪ I ∪ Iexit, representing all entry, internal,
and exit links in the network. Time is divided into discrete
periods τ = 1, 2, . . ., each with a fixed duration. The term dm

i (τ)
denotes the number of type m vehicles arriving at entry link
i ∈ Ientry in period τ. Links departing from the terminal node
of link i form the set Oi, while those entering its starting node
form the set Ei. The non-negative iid (independent, identically
distributed) variable Gi(τ) represents the turning ratio of the
vehicles entering the link i at period τ. Its values correspond
to downstream links j ∈ Oi. At the start of period τ, Gi(τ)
is updated and equals j ∈ Oi, with an average given by the
fixed but unknown mean turn ratios gi j. If Gi(τ) equals j, then
Gi j(τ) is set to 1; otherwise, it defaults to 0. These updates
are illustrated at the bottom of Fig. 1. The update for the
admission queue length ei j(τ) is defined as follows:

ei j(τ+ 1) = ei j(τ) +
X

m∈M

dm
i (τ+ 1)Gi j(τ+ 1)

−
X

m∈M

am
i j(τ+ 1),∀i ∈ Ientry, j ∈ Oi (1)

where am
i j(τ+1) denotes the number of type m vehicles admit-

ted into the network through admission control at admission
queue ei j(τ) in period (τ + 1). The details of am

i j(τ + 1)
are provided in the admission control algorithm design in
Section IV-B. In period (τ + 1), admission queue ei j(τ)
decreases by

P
m∈M am

i j(τ + 1) as these vehicles enter the
network and increases by

P
m∈M dm

i (τ + 1)Gi j(τ + 1) due to
incoming vehicles.

After vehicles are admitted from the admission queues, their
dynamics are governed by the entry-link queues. We now
define how queues fi j(τ) on entry links i ∈ Ientry evolve. The
iid random variable Pi j(τ + 1) denotes the realized flow rate
in period (τ + 1) and averages to the known saturation flow
rate pi j for turn (i, j) with j ∈ Oi. As depicted at the bottom
of Fig. 1, Pi j(τ+1) is updated at the start of period (τ+1). If
the signal control variable Xi j(τ) equals 1 at the end of τ, its
corresponding turn from link i to j is actuated in period (τ+1).
Consequently, up to Pi j(τ+ 1) vehicles from queue fi j(τ) are
processed during period (τ + 1). The formula for updating
the queue lengths on entry links i ∈ Ientry is defined as
follows:

fi j(τ+ 1) = fi j(τ) −
�
Pi j(τ+ 1)Xi j(τ) ∧ fi j(τ)

�
+
X

m∈M

am
i j(τ+ 1),∀i ∈ Ientry, j ∈ Oi (2)

where z∧ y is a function representing the minimum of z and y
(i.e., min[z, y]). The second term shows that the queue fi j(τ)
decreases by min[Pi j(τ + 1), fi j(τ)] during period (τ + 1) if
the turn (i, j) is active. This means that when Xi j(τ) equals
1, up to min[Pi j(τ+ 1), fi j(τ)] vehicles leave the queue fi j(τ)
during period (τ+ 1); otherwise, no vehicles leave. The final
term

P
m∈M am

i j(τ + 1) represents the vehicles admitted from
admission queues to the queue fi j(τ) during period (τ+ 1).

Unlike entry links, where queues are formed by input
vehicles, queues on internal links i ∈ I are fed by upstream
intersections. When Gi(τ+1) equals j (or equivalently Gi j(τ+
1) equals 1), vehicles leave the queue fki(τ) from upstream link
k ∈ Ei and join queue fi j(τ). The update equation for queues
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Fig. 3. Intersection n and control matrix Xn for the phase formed by turns
(3, 1′) and (1, 3′).

on internal links i ∈ I is defined as follows:

fi j(τ+ 1) = fi j(τ) −
�
Pi j(τ+ 1)Xi j(τ) ∧ fi j(τ)

�
+
X
k∈Ei

�
Pki(τ+ 1)Xki(τ) ∧ fki(τ)

�
Gi j(τ+ 1)

∀i ∈ I , j ∈ Oi (3)

where the second term echoes that of Eq. (2), indicating a
reduction in fi j(τ) by min[Pi j(τ + 1), fi j(τ)] during period
(τ + 1) when turn (i, j) is active (i.e., Xi j(τ) = 1). The third
term details the vehicles joining queue fi j(τ) from upstream
intersections during period (τ+ 1).

B. Modeling Feasible Signal Phases and Demand

We identify the allowable concurrent turns at intersections
and their corresponding saturation flow rates. The sets of
outgoing and incoming links at an intersection n ∈ N are
denoted as O(n) and I(n), respectively. Intersection n ∈ N
accommodates the set of turning pairs {(i, j) ∈ I(n) × O(n)}.
Selected subsets of these turns can be activated simultaneously,
forming a phase represented by the matrix Xn = {Xn

i j, i ∈
I(n), j ∈ O(n)}. The element Xn

i j(τ) is set to 1 if turn (i, j)
is active during τ, and 0 otherwise. All such matrices Xn at
intersection n ∈ N form the set Xn. Fig. 3 illustrates an isolated
intersection where turns (3, 1′) and (1, 3′) can be activated
simultaneously, forming a phase on the right.

All individual intersection matrices Xn can be merged to
form the network control matrix X = {Xi j, i ∈ Ientry ∪

I , j ∈ I ∪ Iexit}, representing the activation status of
turns across the entire network. In line with [20], X is
arranged in a block-diagonal manner, with the matrices Xn

along the diagonal and zeroes elsewhere. Each element Xi j

in X corresponds to the activation status of turn (i, j) at its
associated intersection, such that Xi j(τ) = 1 if Xn

i j(τ) = 1, and
Xi j = 0 otherwise. All such matrices X form the set X. To
determine the saturation flow rate of each turn, the convex

hull co(X) =

�P
X∈X λXX

ˇ̌̌̌
λX ≥ 0,

P
X∈X λX = 1

�
of set X is

defined, where λX represents the weight coefficient of matrix
X. Since X is finite, co(X) forms a bounded, closed polytope.
We can deduce the below proposition:

Proposition 1: If it is possible to find a con-
trol sequence {X(1), . . .,X(τ), . . .} such that the equation

lim
T→∞

1
T

T−1X
τ=0

Xi j(τ) = Υi j holds for all turns (i, j) with i ∈

Ientry ∪ I and j ∈ I ∪ Iexit, the matrix Υ = {Υi j, i ∈
Ientry ∪ I , j ∈ I ∪ Iexit} is contained within convex hull
co(X), expressed as Υ ∈ co(X).

If a matrix X′ is derived by turning certain elements of a
matrix X ∈ X to zero, then X′ remains within X. In simple
terms, it is permissible when no turn is actuated. Consequently,
a matrix Υ′ = {Υ′i j, i ∈ Ientry ∪ I , j ∈ I ∪ Iexit} derived
from such a permissible sequence {X′(1), . . .,X′(τ), . . .}, which

averages over time to Υ′i j (i.e., lim
T→∞

1
T

T−1X
τ=0

X′i j(τ) = Υ′i j),

satisfies 0 ≤ Υ′ ≤ Υ. If Υ belongs to the convex hull co(X),
Υ′ also belongs to it (i.e., Υ′ ∈ co(X)). The element Υi j in
matrix Υ, as defined in Proposition 1, represents the average
actuation rate of each turn during one period under control
sequence {X(1), . . .,X(τ), . . .}. Therefore, the saturated service
flow rate of each turn in one period is Υi j pi j with i ∈ Ientry∪I
and j ∈ I ∪Iexit. According to Proposition 1, feasible demand
must ensure that the flow rate at each turn does not exceed its
saturated service flow rate.

Before defining feasible demand, we first define network
stability. Vehicles in admission queues are outside the network
and do not affect its stability or throughput. Network stability
focuses only on the queues at signalized intersections and does
not include vehicles waiting at entry nodes. Following [49],
network stability is defined as follows:

Definition 1 (Network Stability): The queuing network,
symbolized by F(τ) = { fi j(τ), i ∈ Ientry∪I , j ∈ Oi}, is consid-
ered strongly stable in the mean if the time-averaged expected
lengths of all queues at intersections remain bounded, i.e.,

lim
T→∞

1
T

T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	
< ∞, where E{·} denotes

the expectation function.
Based on Definition 1, whether signal control can stabilize

intersection queues depends only on the input rate vector
~A m = {ām

1 , . . ., ā
m
i , . . ., ā

m
J } and not the arrival rate vector

~Dm = {d̄m
1 , . . ., d̄

m
i , . . ., d̄

m
J } for each vehicle type m ∈M . Here,

am
i (τ) and dm

i (τ) denote, respectively, the number of type-m
vehicles admitted into and arriving at entry link i ∈ Ientry

during period τ. The time-averaged expected input rate ām
i

is then defined as lim
T→∞

1
T

T−1X
τ=0

E{am
i (τ)}, and the expected

arrival rate d̄m
i is defined as E{dm

i (τ)}. J indicates the total
number of entry links. Since input vehicles come solely from
arrivals, ~A m cannot exceed ~Dm. Given the fixed average turn
ratios (i.e., the predefined mean routing proportion matrix
G = {gi j, i ∈ Ientry ∪ I , j ∈ I ∪ Iexit}), we can define a
matrix H based on G to establish a correspondence between
the input rate vector ~A m =

˚
ām

i , i ∈ Ientry
	

and the flow rate
vector on all links ~H m =

˚
h̄m

i , i ∈ Iall
	
. This relationship is

presented in the following proposition:
Proposition 2: For any vehicle type m ∈ M , an input rate

vector ~A m =
˚
ām

i , i ∈ Ientry
	

corresponds to a specific flow
rate vector ~H m =

˚
h̄m

i , i ∈ Iall
	
. The relationship between ām

i
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Fig. 4. Isolated intersection: Layout (left), phases (middle), and capacity region (right).

and h̄m
i is established through the matrix H (i.e., ~H m = ~A mH),

which is derived from the predefined mean routing proportion
matrix G. Specifically, for i ∈ Ientry, h̄m

i equals ām
i , while for

i ∈ I ∪Iexit, h̄m
i equals

P
k∈Ei

h̄m
k gki.

Building on Proposition 2, we introduce the following
propositions to define the feasible demand input rates:

Proposition 3: Let Γ be the set of feasible demand input
rates ~A =

˚
āi, i ∈ Ientry

	
, consisting of input rate vectors for

all vehicle types (i.e., ~A =
P

m∈M
~A m and āi =

P
m∈M ām

i
with i ∈ Ientry), also referred to as the capacity region. For
~H m = ~A mH with m ∈M , there exists a constant ` within the

range 0 to `max and a matrix Υ = {Υi j} ∈ co(X) such that the
inequality

P
m∈M h̄m

i gi j+` ≤ pi jΥi j holds for all i ∈ Ientry∪I
and j ∈ I ∪Iexit. `max denotes the maximum potential buffer,
which diminishes as the vector ~A gets closer to the boundary
of Γ.

Proposition 4: If a non-negative vector ~A ′ does not exceed
a feasible input rate ~A (i.e., ~A ∈ Γ), then ~A ′ also falls within
the capacity region Γ.

The concept of Γ is illustrated further in Fig. 4, which
depicts an intersection with four unidirectional links, two
signal phases, and two turning movements (from link 4 to link
2 and from link 1 to link 3). The input rate ~A 1 = {ā1

1, ā
1
4} lies

within the feasible region Γ, where ā1
1 and ā1

4 denote the time-
averaged expected input rates of links 1 and 4, respectively.
According to Proposition 3, there exists a bounded positive
constant ` (i.e., 0 < ` < `max) such that the inequalitiesP

m∈M h̄m
1 g13 + ` ≤ p13Υ13 and

P
m∈M h̄m

4 g42 + ` ≤ p42Υ42
hold. Here, the link flow rates

P
m∈M h̄m

1 and
P

m∈M h̄m
4

correspond to the input rates ā1
1 and ā1

4, respectively, and
both turning ratios g13 and g42 are equal to 1. Hence, `
represents the available network reserve capacity. Conversely,
the input rate ~A 2 = {ā2

1, ā
2
4} lies outside the feasible region

Γ. In this case, ā2
1 and ā2

4 represent higher time-averaged
expected input rates of links 1 and 4 that violate the above
inequalities, indicating that the corresponding demand levels
exceed intersection capacity and thus cannot be stabilized.

C. Optimization Model Construction

In accordance with the problem description, the optimiza-
tion model for maximizing network throughput uses the input
rate vector ~A m = {ām

1 , . . ., ā
m
i , . . ., ā

m
J } for each vehicle type

m ∈M . The time-averaged expected input rate for a vehicle

type m ∈ M entering queue fi j(τ) on entry link i ∈ Ientry is

defined as ām
i j = lim

T→∞

1
T

T−1X
τ=0

E{am
i j(τ)}. Using the mean routing

proportion matrix G from Proposition 2, this rate can be
expressed as ām

i j = ām
i gi j. The term ~i j serves as the weighting

factor for the total input rate
P

m∈M ām
i j. The optimization

model to maximize the weighted network throughput subject
to network stability is constructed as follows:

max
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām
i j (4)

s.t. lim
T→∞

1
T

T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	
< ∞ (5)X

m∈M

~A m ∈ Γ (6)

As stated in Eq. (4), the model aims to maximize the
weighted throughput. Eq. (5) ensures network strong stability
as defined in Definition 1. Additionally, Eq. (6) ensures that
the input rate remains feasible.

Although the above optimization model can theoretically be
solved using the known arrival rate ~Dm = {d̄m

1 , . . ., d̄
m
i , . . ., d̄

m
J }

for each vehicle type m ∈M and capacity region Γ, accurately
determining these parameters in advance is challenging for
large-scale networks. Even without admission control, solving
for the variables Xi j(τ) with i ∈ Ientry ∪I and j ∈ Oi in each
period τ is complex due to their interactions. To overcome
these challenges, the next section introduces an implementable
algorithm based on MP control to achieve near-maximum
throughput while keeping average delay within acceptable
limits.

IV. JOINT CONTROL ALGORITHM DESIGN AND
PERFORMANCE ANALYSIS

Section IV-A introduces the algorithms for real-time esti-
mations of queue lengths and mean turn ratios. Subsequently,
Section IV-B presents an implementable joint admission and
signal control (JASC) algorithm. Section IV-C then evaluates
the effectiveness of the JASC algorithm.

A. Estimating of Queue Lengths and Mean Turn Ratios

Based on the issues identified in Section II, the MP-based
signal control and admission control discussed in this study
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rely on queue length data, representing the number of vehicles
on specific lanes. However, due to limited connectivity in the
short term, accurately monitoring vehicle counts on each lane
at every moment is difficult. To address this, we apply the traf-
fic state reconstruction method proposed by [52], which uses
interpolation technology for real-time queue length estimation.
The core idea is to calculate the speed at various locations by
combing both current and historical speed data, weighted by
their collection points and timestamps. Speed data from CVs at
selected cells along a lane (see Fig. 1) are used to approximate
average speed at other cells. Using the known relationship
between traffic density and speed, these speed estimates are
converted to traffic density, enabling the estimation of total
vehicle counts, including both CVs and RVs. It is important
to note that any real-time queue length estimation algorithm
can be used. Many real-time queue length estimation methods
have been developed, including those based on connected
vehicle data, video detection, and model- or interpolation-
based estimation [53], [54]. Readers may refer to recent
reviews and implementations for detailed methodologies and
comparative performance analyses [55], [56]. Since this study
focuses on analyzing the impact of queue length estimation
errors on network performance degradation under MP-based
control, a simple interpolation-based method is adopted.

In accordance with Fig. 1, the lane (i, j) with i ∈ Ientry∪I
and j ∈ Oi is divided into discrete cells indexed by c. Let
℘i j be the set of all cells c on lane (i, j). The distance from
the center position of cell c ∈ ℘i j to the upstream end of the
lane (i, j) is denoted as xc

i j. Let τc be the period when the
CV in cell c transmits the latest speed data. For simplicity, τc

also refers to the period when the average velocity of mixed
traffic in cell c is estimated. To calculate the average speed
at a specific location and time within the cell, denoted by the
cell-time pair (xc

i j, τc), we assign a weight to the speed data

vk
i j

�
xk

i j, τk

�
from another cell-time pair (xk

i j, τk) as follows:

ϕk
i j(xc

i j, τc) =
ν
�

xk
i j − xc

i j, τk − τc

�
P

l∈℘i j
ν
�

xl
i j − xc

i j, τl − τc

�
∀i ∈ Ientry ∪I , j ∈ Oi, k ∈ ℘i j (7)

where the kernel function ν
�

xk
i j − xc

i j, τk − τc

�
is defined as

exp
�
−

ˇ̌
xk

i j−xc
i j

ˇ̌
ψ
−

τk−τc
ι

�
based on [39]. ψ > 0 and ι > 0 are

smoothing parameters representing the spatial and temporal
decay scales, respectively. A smaller ψ gives higher sensitivity
to spatial differences, while a smaller ι assigns more weight
to recent observations.

Based the interpolation technology proposed by [52], the
average speed at the cell-time pair

�
xc

i j, τc

�
is estimated as:

vc
i j

�
xc

i j, τc
�

=
X
l∈℘i j

ϕl
i j(xc

i j, τc)vl
i j

�
xl

i j, τl
�

∀i ∈ Ientry ∪I , j ∈ Oi, c ∈ ℘i j (8)

According to the Newell-Franklin speed-density relation in
[39], the density at the cell-time pair

�
xc

i j, τc

�
is given by:

ρc
i j

�
xc

i j, τc
�

=
ρ

jam
i j

1 −
v f ree

i j

υi j
ln

 
1 −

vc
i j

�
xc

i j,τc

�
v f ree

i j

!
∀i ∈ Ientry ∪I , j ∈ Oi, c ∈ ℘i j (9)

where υi j represents the shockwave speed, ρ jam
i j denotes the

congestion density, and v f ree
i j denotes the free flow speed.

The real-time estimate f̂i j(τ) of the queue length fi j(τ) is
given as follows:

f̂i j(τ) =
X
c∈℘i j

ρc
i j

�
xc

i j, τc
�

Dc
i j,∀i ∈ Ientry ∪I , j ∈ Oi (10)

where Dc
i j is the length of cell c on lane (i, j). Here, we assume

uniform density at every point within a given cell.
The study by [39] suggests using the intersection service

rate Pi j(τ) to fine-tune the queue length estimations f̂i j(τ) for
improved accuracy. However, since the service rate remains
relatively stable except during disruptions, we ignore this
adjustment. This means that the adjusted queue length f̃i j(τ)
is set equal to the real-time estimation, i.e., f̃i j(τ) = f̂i j(τ).
To examine the effects of queue length estimation errors
on average delay and network throughput, we define the
relationship between the adjusted queue length f̃i j(τ) and the
actual queue length fi j(τ) (measured in a fully connected
environment) as follows:

ωi j(τ) = f̃i j(τ) − fi j(τ),∀i ∈ Ientry ∪I , j ∈ Oi (11)

where ωi j(τ) is the estimation error at period τ. We
define matrices bF(τ) =

˚
f̂i j(τ), i ∈ Ientry ∪I , j ∈ Oi

	
,

Ω(τ) =
˚
ωi j(τ), i ∈ Ientry ∪I , j ∈ Oi

	
, and eF(τ) =˚

f̃i j(τ), i ∈ Ientry ∪I , j ∈ Oi
	

to simplify the proof below.
Next, we design the turn rate estimation algorithm. LetbGi j(τ) represent the turn rate reported by CVs from link i

to link j during period τ. We assume that the mean turn ratios
of CVs and RVs are identical and constant, allowing us to
simplify by assuming that the turn ratio from CVs matches
the mixed turn ratio Gi j(τ) for both RVs and CVs. The fixed
but unknown mean turn ratio gi j represents the expected value
of bGi j(τ) when queue evolution is in a stationary state. LeteGi j(τ) be the estimated value of gi j at the start of period τ.
When queues are positive recurrent, reliable estimators eGi j(τ)
can be maintained through simple averaging and remain close
to gi j [34]. Following [34], we use exponential averaging to
update eGi j(τ) as follows:eGi j(τ) = (1 − λ)eGi j(τ − 1) + λbGi j(τ) (12)

where λ is a smoothing factor. For clarity in
subsequent theoretical proofs, we define the matriceseG(τ) =

˚eGi j(τ), i ∈ Ientry ∪I , j ∈ I ∪Iexit
	

andbG(τ) =
nbGi j(τ), i ∈ Ientry ∪I , j ∈ I ∪Iexit

o
.

B. JASC Algorithm Design

The independent admission control and signal control in the
JASC algorithm are introduced as follows:
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1) Admission Control: If the modified queue length f̃i j(τ)
on entry link i ∈ Ientry does not exceed V~i j−2ω̂

2 by the end of
period τ, then [aM

i j ∧ ei j(τ)] vehicles from the admission queue
ei j(τ) are allowed to merge into queue fi j(τ) in period (τ+1).
Conversely, if f̃i j(τ) exceeds this threshold, no vehicles are
allowed to enter in period (τ+1). Therefore, the total numberP

m∈M am
i j(τ+1) of vehicles permitted to enter the network in

the next period (τ+ 1) is determined as follows:X
m∈M

am
i j(τ+ 1) =

(
aM

i j∧ei j(τ), if f̃i j(τ)≤ V~i j−2ω̂
2

0, otherwise
(13)

The threshold V~i j−2ω̂
2 is explained in the design principles of

JASC algorithm in Section IV-C. V is a positive parameter cho-
sen to prevent queue overflow based on queue capacity, with its
selection detailed in Theorem 2. The parameter ω̂ represents
the maximum queue length estimation error of ωi j(τ) across
all periods and links, defined as ω̂ = max

i∈Ientry∪I , j∈Oi,τ
ωi j(τ). The

saturation input rate aM
i j is predetermined based on the entry

structure.
2) Signal Control: The network signal control matrix

X(τ) = {Xi j(τ)} is solved by the end of period τ through the
following optimization problem:

max
X

i∈Ientry∪I

X
j∈Oi

pi jwi j
�eF(τ)

�
Xi j(τ) (14)

s.t. X(τ) = {Xi j(τ)} ∈ X (15)

where the weight wi j
�eF(τ)

�
of turn (i, j) is defined as f̃i j(τ)−P

k∈O j
eG jk(τ+ 1) f̃ jk(τ).

In the aforementioned optimization model, the signal control
decisions at each intersection are independent, allowing the
control matrix Xn(τ) = {Xn

i j(τ)} for each intersection n ∈ N to
be solved separately as follows:

max
X
i∈I(n)

X
j∈O(n)

pi jwi j
�eF(τ)

�
Xn

i j(τ) (16)

s.t. Xn(τ) = {Xn
i j(τ)} ∈ Xn (17)

Solving the optimization problem is straightforward since
wi j
�eF(τ)

�
and pi j are predetermined. Given the finite set Xn,

the optimal solution can be found by examining each matrix
in the set. Moreover, the signal control algorithm avoids cross-
interference among decisions in each period, ensuring that
decisions remain independent.

Remark 1: Varaiya [20] initially introduced an MP signal
control algorithm that uses the optimization models in Eqs.
(14) and (15) for real-time signal phase updates. In these
models, the weight wi j(τ) (i.e., wi j(τ) = fi j(τ)−

P
k∈O j

gi j fi j(τ))
for each turn depends heavily on the exact queue length F(τ)
and the average turn ratio G, which are difficult to measure
without fully connectivity. Such widespread connectivity is
unlikely in the near future. The models in this paper use
estimated turn ratios eG(τ) and queue lengths eF(τ) to reduce
the dependence on a fully connected environment.

Section IV-C provides a detail discussion of the design
principles behind JASC. Here, we focus on presenting its
performance:

Theorem 2: The JASC algorithm yields the following out-
comes for any demand arrival rate ~Dm with m ∈M :

1) Network throughput meets the following lower bound:X
i∈Ientry

X
j∈Oi

X
m∈M

~i jām
i j ≥ −

3MK2 + 4κ+ 4κ
V

+
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām∗
i gi j (18)

where M denotes the number of intersection queues. K rep-
resents the maximum of PM

i j and aM
i j across all entry and

internal link pairs, defined as K = max
i∈Ientry∪I , j∈Oi

hP
i PM

i j , a
M
i j

i
,

where PM
i j is the maximum value of Pi j(τ) over all peri-

ods and aM
i j is defined in Eq. (13). The term κ is defined

as
P

i∈Ientry∪I

P
j∈Oi

pi j

�
ω̂+

P
k∈O j

ω̂g jk

�
, and κ is defined

as ω̂
P

i∈Ientry

P
j∈Oi

P
m∈M ām∗

i gi j. These terms measure the
impact of queue length estimate errors on network throughput
caused by signal control and admission control, respectively.
The optimal input rate ām∗

i of vehicle type m ∈ M at entry
link i ∈ Ientry assists in the comparative analysis of throughput
achieved by the JASC algorithm against the theoretical opti-
mum. The corresponding optimal input rate ām∗

i j equals ām∗
i gi j

and can theoretically be solved by the optimization models in
Eqs. (4)–(6). However, this optimal rate is used for comparison
purposes and is not directly computed in the JASC algorithm.

2) The total time-averaged expected queue lengths meet the
following upper bound:

lim
T→∞

1
T

T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	
≤

3MK2 + 4κ
2`

+
4κ + V

P
i∈Ientry

P
j∈Oi

P
m∈M ~i jām∗

i gi j

2`
(19)

where ` represents a parameter within the bounds 0 to `max
and scales with reserve capacity.

3) The queue length fi j(τ) at the entry link i ∈ Ientry for all
τ satisfies:

fi j(τ) ≤
V~i j

2
+ 2|ω̂|+ aM

i j (20)

where |ω̂| represents the absolute value of ω̂.
Eq. (18) shows that network throughput can approach its

maximum if the control parameter V is large enough, making
3MK2+4κ+4κ

V negligible. Conversely, Eq. (19) indicates that
mean queue lengths increase linearly with V, implying a pro-
portional rise in average delay. This creates a [O(1/V),O(V)]
throughput-delay trade-off. From this trade-off, we can deduce
that if link queue capacity is unconstrained, a large V allows
network throughput to nearly reach its maximum. This shows
that JASC can achieve throughput performance similar to MP
signal control from [20]. The terms κ and κ in Eqs. (18)
and (19) reflect the impacts of queue length estimation errors.
These errors increase average queue lengths and reduce net-
work throughput. According to Little’s theorem, this directly
results in higher average delay, which aligns with expectations.
The estimation of mean turn ratios is based on an exponential
averaging scheme (see Eq. (12)), which ensures that eGi j(τ)
remains an unbiased estimator of the true mean turn ratio
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gi j when the queueing process is positive recurrent [34]. As
reflected in Eq. (A-6) of the Supplementary Materials, the
expectation of turn ratio estimation errors vanishes in the
Lyapunov drift analysis. Therefore, from the perspective of
stochastic queue evolution, turn ratio estimation errors do
not alter the expected drift or steady-state queue dynamics.
Consequently, they do not lead to any degradation in either
network throughput or average delay.

Eqs. (18) and (19) show that increasing V reduces the
impact of queue length estimation error ω̂ on both throughput
and delay, with a more significant effect on the former. For
example, increasing V from 2 to 40 reduces the impact of
queue length estimation errors on throughput by 20 times.
Eq. (19) also indicates that increasing V lowers the weight of
queue length estimation errors on the upper bound of average
queue length, thereby diminishing their effect on average
delay. This impact on average delay depends on the size of
the optimal input rate and its proximity to the capacity region
boundary. Additionally, parameter ` in Eq. (19) correlates with
the network reserve capacity. When the input rate approaches
the capacity region boundary (i.e., `max approaches zero), the
average expected queue lengths tend to increase. This occurs
because vehicle arrival rates at intersections nearly match
processing rates, resulting in longer queues and, consequently
higher average delay, as explained by Little’s theorem.

Eq. (20) shows that queues on entry links i ∈ Ientry consis-
tently remain within bounds. We define ~Θ = {Θi, i ∈ Ientry},
where Θi = max

j∈Oi

h
V~i j

2 + 2|ω̂|+ aM
i j

i
. Using the routing matrix

H from Proposition 2, we define ~f = ~ΘH, where ~f = {fi, i ∈
Iall}. With a known H, the vector ~f helps determine the
maximum real-time queue length for each link. If the lengths
of all links i ∈ Iall are greater than fi, the JASC algorithm
can maintain consistent throughput and delay performance.
In a network with short links, adjusting V ensures queue
lengths stay within queue capacity, preventing congestion
spillbacks. This allows lower bounds on throughput and upper
limits on average queue lengths to be derived from Eqs. (18)
and (19). For the intersection in Fig. 4, if lane 1 is short,
setting V no greater than 2%−4|ω̂|−2aM

13
~13

ensures that queue f13(τ)
does not exceed the physical length % of lane 1. Using Eq.
(18), the maximum lower bound on throughput is calculated
as − (3MK2+4κ+4κ)~13

2%−4|ω̂|−2aM
13

+
P

m∈M ~13ām∗
1 +

P
m∈M ~42ām∗

4 , consid-
ering that g13 = g42 = 1.

Remark 2: The vector ~f specifies the maximum real-time
queue lengths for all links, which is not previously addressed
in MP signal control literature. Prior research assumed infinite
queue capacity and only provided upper bounds for total
average expected queue lengths to guarantee network stability
in mean. Varaiya [20] stated that finite queue capacity is
incompatible with MP signal control, as it cannot guarantee
bounded average queue lengths, potentially causing network
congestion. In contrast, admission control regulates inflows
at entry links, ensuring real-time queue lengths remain within
set bounds. By fine-tuning V, the JASC algorithm keeps queue
lengths below the finite queue capacity threshold, preserving
network stability and preventing overflows. Furthermore, with

a carefully chosen V, the JASC algorithm specifies the highest
average delay and the lowest achievable network throughput,
considering finite queue capacity. In this study, queue lengths
are quantified by the number of vehicles rather than physical
distance. Accordingly, the “queue capacity” discussed here
should be interpreted as the maximum number of vehicles that
can be accommodated on a link when all vehicles maintain
their minimum safe spacing. The network structure is highly
complex, and accurately determining the optimal value of V
is generally difficult. In practice, an empirical upper bound
of V can be estimated based on the congestion density of
the shortest link, which is typically the most constrained link
in the network, together with the queue upper bounds ~Θ at
the entry links. Specifically, V should be chosen such that
the maximum queue lengths remain below ~Θ under recurrent
demand conditions, thereby preventing network oversaturation
and queue overflow. A larger V typically prioritizes throughput
at the expense of increased delay, whereas a smaller V empha-
sizes delay minimization but may reduce overall throughput.
Therefore, V can be gradually tuned within this empirically
estimated range until a satisfactory trade-off between through-
put and delay is achieved for the given network configuration.

C. Performance Analysis

We construct a Lyapunov drift optimization function to
validate Theorem 2:

∆(F(τ))−V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jE
n
am

i j(τ+1)
ˇ̌̌
F(τ)

o
(21)

where ∆(F(τ)) ∆
= E {L(F(τ+ 1)) − L(F(τ))|F(τ)} measures the

expected change in the sum of squared queue lengths L(F(τ))
(i.e., L(F(τ)) =

P
i∈Ientry∪I

P
j∈Oi

f 2
i j(τ)) from one period to

another. This Lyapunov drift function ∆(F(τ)) is crucial for
proving strong queue stability and is widely used in research
such as [20] and [29]. The principle is straightforward: a lower
L(F(τ)) implies shorter queues, while a higher value indicates
at least one long queue. Actively minimizing ∆(F(τ)) moves
the network towards lower congestion, inherently stabilizing
it. However, focusing solely on minimizing ∆(F(τ)) can overly
restrict inflows and lower throughput. Introducing a positive
parameter V allows for a balanced tradeoff between conges-
tion mitigation and throughput maximization. This parameter
enables the function to manage the trade-off effectively, ensur-
ing that the network maintains stability while maintaining high
throughput.

Lemma 1: For any τ, JASC guarantees the following upper
bound for Eq. (21):

∆(F(τ)) − V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jE
n
am

i j(τ+ 1)
ˇ̌̌
F(τ)

o
≤

− 2
X

i∈Ientry∪I

X
j∈Oi

E
n

pi jwi j
�eF(τ)

�
Xi j(τ)

ˇ̌̌
F(τ)

o
+ 2κ

+ 3MK2 +
X

i∈Ientry

X
j∈Oi

X
m∈M

�
2 f̃i j(τ) − V~i j + 2ω̂

�
× E

n
am

i j(τ+ 1)
ˇ̌̌
F(τ)

o
(22)
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where parameters κ, K, and M are specified in Eq. (18), while
ω̂ is defined in Eq. (13).

Proof: For a detailed proof, refer to Appendix A in the
supplementary material. �

Remark 3: The fundamental design principle of JASC draws
from the structure of Eq. (22). Signal control focuses on
minimizing the first term of the upper bound, while admission
control concentrates on reducing the fourth term. Such a
division of tasks allows JASC to balance maximizing net-
work throughput and minimizing congestion. This balance
is achieved by specifically minimizing the upper bound of
Eq. (21). Therefore, JASC effectively improves overall net-
work performance by simultaneously reducing congestion and
increasing throughput.

We further simplify Lemma 1 to support the proof of
Theorem 2.

Lemma 2: For any τ, JASC guarantees:

∆(F(τ)) − V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jE
n
am

i j(τ+ 1)
ˇ̌̌
F(τ)

o
≤ 3MK2 + 4κ+ 4κ − 2`|F(τ)|

− V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām∗
i gi j (23)

where the parameter ` is described in Proposition 3. The
term |F(τ)|, representing the total length of intersection queues
during period τ, is calculated as

P
i∈Ientry∪I

P
j∈Oi

fi j(τ).
Proof: The detailed proof is available in Appendix B in the

supplementary material. �
Based on Lemma 2, the proof of Theorem 2 is as follows.

Taking the expected value of Eq. (23) over F(τ) results in:

E {L(F(τ+ 1))} − E {L(F(τ))}

− V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jE
˚
am

i j(τ+ 1)
	

≤ 3MK2 + 4κ+ 4κ − 2`
X

i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	

− V
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām∗
i gi j (24)

Calculating the sum of the aforementioned inequality across
all τ within the range {0, . . .,T − 1} results in:

E {L(F(T ))} − E {L(F(0))}

− V
TX
τ=1

X
i∈Ientry

X
j∈Oi

X
m∈M

~i jE
˚
am

i j(τ)
	

≤
�
3MK2+4κ+4κ

�
T−2`

T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	

− VT
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām∗
i gi j (25)

Dividing the given inequality by −TV and then considering
the limit as T tends towards infinity result in:

lim
T→∞

1
T

TX
τ=1

X
i∈Ientry

X
j∈Oi

X
m∈M

~i jE
˚
am

i j(τ)
	

≥−
3MK2+4κ+4κ

V
+
X

i∈Ientry

X
j∈Oi

X
m∈M

~i jām∗
i gi j (26)

The proof of result 1 of Theorem 2 ends.
To prove the result 2 of Theorem 2, Eq. (25) is rewritten as

follows:

2`
T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	

≤ E {L(F(0))}+ V
TX
τ=1

X
i∈Ientry

X
j∈Oi

X
m∈M

~i jE
˚
am

i j(τ)
	

+
�
3MK2 + 4κ+ 4κ

�
T (27)

Dividing Eq. (27) by 2T ε and subsequently taking the limit
as T approaches infinity lead to:

lim
T→∞

1
T

T−1X
τ=0

X
i∈Ientry∪I

X
j∈Oi

E
˚

fi j(τ)
	

≤
3MK2 + 4κ+ 4κ + V

P
i∈Ientry

P
j∈Oi

P
m∈M ~i jām

i j

2`

≤
3MK2+4κ+4κ+V

P
i∈Ientry

P
j∈Oi

P
m∈M~i jām∗

i gi j

2`
(28)

The above first inequality utilizes the definition of ām
i j =

lim
T→∞

1
T

T−1X
τ=0

E
˚
am

i j(τ)
	
. The second inequality above holds

because
P

i∈Ientry

P
j∈Oi

P
m∈M ~i jām∗

i gi j is the maximum net-
work throughput defined in Eq. (18). The proof of result 2 of
Theorem 2 ends.

Under admission control guidelines, up to aM
i j vehicles are

allowed to enter the queue fi j(τ) on the entry link i ∈ Ientry,
if f̃i j(τ) does not exceed V~i j−2ω̂

2 . If this threshold is surpassed,
no additional vehicles join the queue. As a result, following
these admission control measures and Eq. (11), it is ensured
that fi j(τ) remains at or below V~i j

2 + 2|ω̂|+ aM
i j . The proof of

result 3 of Theorem 2 ends. �

V. NUMERICAL SIMULATION

Section V-A demonstrates the effectiveness of the perfor-
mance analysis of JASC using an isolated intersection. In
Section V-B, we compare the proposed JASC algorithm with
published algorithms through simulations on a real signalized
network to highlight its advantages. All simulations are con-
ducted using the microscopic simulation tool SUMO.

A. Isolated Intersection Experiment

We validate Theorem 2 using the simplified intersection in
Fig. 4. Phases 1 and 2 can be represented as turns (4,2) and
(1,3), respectively. Following [25], each period has a fixed
duration of 5 seconds, saturation flow rates p13 and p42 are
2.5 vehicles per period (veh/slot), and saturation input rates aM

13
and aM

42 are also 2.5 veh/slot. Each lane is 200 meters long. For
traffic-state reconstruction, each lane is discretized into cells of
length Dc

i j = 10 m (i.e., 20 cells per 200 m lane). CVs transmit
speed information every 5 seconds. The kernel function in
Eq. (7) uses spatial and temporal parameters ψ = 20 m and
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Fig. 5. Intersection throughput under different CV penetration rates.

ι = 5 s based on [39] and [52]. According to [39], parameters
shockwave speed υi j, congestion density ρ

jam
i j , and free flow

speed v f ree
i j are set to 25 km/h, 143 veh/km, and 60 km/h,

respectively. Vehicles exit the intersection when they reach the
end nodes of lanes 2 and 3, so queues exist only on lanes 1
and 4. We set asymmetric arrival rates ā1 = 1.7 veh/slot and
ā4 = 0.7 veh/slot. The arrival rate for each lane is the sum
of the arrival rates of CVs and RVs. The type of arriving
vehicles is determined randomly based on the corresponding
CV penetration rate. Since there are only two traffic flows
(1 → 3 and 4 → 2), the arrival rates of turns (1,3) and (4,2)
are

P
m∈M ām

13 = ā1 = 1.7 veh/slot and
P

m∈M ām
42 = ā4 =

0.7 veh/slot. Random turn rates G13(τ) and G42(τ) are both
1 at any period τ. Based on Proposition 3, the arrival rates
fall inside the capacity region, with `max measuring a distance
of 0.05 from the boundary. The weights ~13 and ~42 of input
rates

P
m∈M ām

13 and
P

m∈M ām
42 are set to 1.

To accurately determine the upper bound of queue lengths
and the lower bound of intersection throughput, it is necessary
to specify the queue length estimation error upper bound ω̂.
A periodic phase pattern is applied, where turning movements
(1,3) and (4,2) are executed alternately at every period. We
evaluate the queue length estimator in Section IV-A at CV pen-
etration rates of 10%, 20%, and 30%. The 95% absolute error
bands are within ±3, ±2, and ±1 vehicles for the 10%, 20%,
and 30% penetration scenarios, respectively, corresponding to
approximately 27%, 18%, and 9% of the per-lane storage
capacity (about 11 vehicles). The upper bounds of estimation
errors do not exceed 4, 3, and 2 vehicles under these three
penetration levels, respectively, which are used as the values
of ω̂ in the subsequent simulations.

After obtaining the maximum queue length estimation error
ω̂ under each CV penetration rate, the lower bound on
intersection throughput, the upper limit for total time-averaged
expected queue lengths, and real-time queue length bounds
for f13(τ) and f42(τ) can be determined by Eqs. (18)–(20),
respectively. Based on the above simulation settings, parame-
ters M, κ, and κ are 2, 2.4ω̂, and 10ω̂, respectively. Since the
arrival rates are feasible, the optimal throughput is equal to
2.4 veh/slot (i.e.,

P
m∈M ām

13 +
P

m∈M ām
42 = 2.4 veh/slot). We

calculate the optimal throughput to demonstrate the validity
of the theoretical bounds in Theorem 2. There is no need to
utilize optimal throughput in numerical simulations. Accord-
ing to [57], one vehicle occupies a five-meter space. This
200-meter lane can be occupied by up to 40 vehicles, which
means that both real-time queue lengths f13(τ) and f42(τ)
should be less than 40 vehicles. According to the queue length
estimation under 20% CV penetration rate, the maximum
queue length estimation error ω̂ is 3. From Eq. (20), we know
that parameter V should not exceed 72 where ω̂ takes the value
3. Therefore, we vary V from 1 to 72 in 1 interval to perform
simulations. Each simulation takes 2880 periods (i.e., 4 hours).
We perform simulations at CV penetration rates of 20%, 30%,
and 100%. To avoid the simulation results being affected by
the initial perturbation, the simulation results of the first hour
are removed.

Fig. 5 shows intersection throughput simulation results,
illustrating that it gradually approaches the optimal value as
V increases. As CV penetration rates increase, the maximum
queue length estimation error ω̂ decreases, and intersection
throughput decreases according to Eq. (18). The simulation
results in Fig. 5 also verify this. According to Eq. (19), we
know that real-time queue length bounds are low, with small
V. Therefore, we show the simulation results of real-time
queue lengths f13(τ) and f42(τ) at V from 10 to 20 under the
30% CV penetration rate in the form of boxplots in Fig. 6.
In Fig. 6, real-time queue length bounds are determined by
Eq. (20). Fig. 6 shows that both real-time queue lengths f13(τ)
and f42(τ) are smaller than the upper bounds. Therefore, the
developed admission control algorithm effectively manages
real-time queue length upper bounds. Fig. 6 also demonstrates
that the mean queue length on each lane increases as V
increases. Thus, from the results of Figs. 5 and 6, it is clear
that JASC provides an effective tradeoff between throughput
and delay.

B. Network Experiments

This section validates JASC through comparative simula-
tions on a network from Gothenburg, Sweden (see Fig. 7).
The parameter settings related to queue length estimation
are consistent with those used in the isolated intersection
experiments. The network consists of 16 intersections and
80 one-way links, with 16 entry links and 16 exit links.
All intersections adopt the four-phase mechanism shown in
Fig. 8. Each link has three distinct lanes for straight travel,
left turns, and right turns. MP and actuated control (AC) are
introduced as comparison algorithms. The MP algorithm from
[20] converts the estimated queue lengths and turn ratios in the
signal control algorithm in Section IV-B into accurate values.
The AC uses detector input to decide whether to extend the
current green phase or switch to another phase. If vehicles
are detected in the approach lanes, the green phase can be
extended by a set time increment until the maximum green
time is reached. To demonstrate how parameter V balances
delay and throughput, we vary V in JASC to 2, 5, 10, 20,
and 30, labeled JASC-V2, JASC-V5, JASC-V10, JASC-V20,
and JASC-V30. Network throughput is assessed under phase
update intervals of 15, 20, 25, 30, and 35 seconds. The highest
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Fig. 6. Queue length boxplots under the 30% CV penetration rate.

Fig. 7. Network from gothenburg, Sweden.

Fig. 8. Candidate signal phases.

network throughput occurs at 20 and 25 seconds, with 20
seconds providing the most robust performance. Therefore, all
algorithms update signal phases every 20 seconds. Following
[34], smoothing factor λ is set to 0.02.

1) Capacity Region: Following [41], we establish the
capacity region boundary by applying uniform demand at
entry nodes. Comparative simulations are conducted by

varying demand from 200 to 1250 vehicles per hour (veh/h)
in 50-veh/h increments. For the JASC algorithm, network
performance is tested under CV penetration rates of 10%,
20%, 30%, and 100%. The 100% CV penetration rate serves
as a benchmark, representing the outcome of JASC with
accurate queue length information and mean turn ratios. Each
simulation runs for three hours. The average computation
times of the JASC algorithm, obtained by averaging over
all control parameters (V = 2, 5, 10, 20, and 30), increase
moderately with the demand level. Specifically, the average
times are approximately 52.9, 62.8, 76.1, 94.1, 115.5, 131.6,
173.1, 215.5, 261.0, 333.8, and 376.9 seconds for demand
levels of 200, 300, 400, 500, 600, 700, 800, 900, 1000, 1100,
and 1200 veh/h, respectively. These results indicate that the
computational cost grows gradually with demand but remains
well within real-time simulation capability, confirming the
scalability of the proposed JASC framework. Fig. 9 shows
average trip delay and network throughput, where the black
curves correspond to the average trip delay on the left axis,
and the dark blue curves correspond to the throughput on the
right axis. Under the AC algorithm, the maximum network
throughput fluctuates near 9760 veh/h for demand ranging
from 600 veh/h to 900 veh/h. Network throughput reaches its
maximum under the MP control algorithm at a demand of 700
veh/h, amounting to 11245 veh/h. When demand exceeds the
critical node/range, both AC and MP experience significant
increases in trip delay and sharp drops in throughput. Hence,
a demand of 700 veh/h can be defined as the capacity
region boundary under the MP control algorithm. Fig. 9(a)
also shows that when demand exceeds the critical point, the
average trip delay and throughput performance of the MP
algorithm is worse than that of AC. This further verifies the
results of [20], that MP performs poorly in networks with
limited queue capacity and is only suitable for demands within
the capacity region. However, under the JASC algorithm,
network throughput increases with demand and shows only
minor fluctuations after reaching its peak. This indicates that
the admission control in JASC effectively prevents network
oversaturation.
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Fig. 9. The basic simulation results.

At demand levels below 550 veh/h, AC results in an
average trip delay that is half of that observed with MP
and JASC. Compared to AC, the MP algorithm increases
maximum throughput by 13.2%. Under JASC-V2, JASC-
V5, JASC-V10, JASC-V20, and JASC-V30 algorithms, the
maximum throughput at the 100% CV penetration rate is
7045, 11240, 12860, 13440, and 12590 veh/h, respectively.
The corresponding average trip delays are 139.7, 155.3, 181.4,
245.0, and 369.4 seconds per vehicle (s/veh). Compared to MP,
JASC achieves the largest increase in maximum throughput
at V = 20, with a 16.3% improvement. Except for V = 30,
the JASC algorithm gradually increases average trip delay
and network throughput with the increase of V, effectively
achieving a tradeoff between delay and throughput. When
V increases from 20 to 30, the JASC algorithm reduces
maximum throughput while increasing average trip delay. This
is because the network structure is overly complex, and the
maximum V is not estimated based on link lengths and turn
ratios. These results indicate that at V = 30, admission control
allows excessive inflow into the network, causing spillbacks
and preventing JASC from balancing throughput and delay.

Figs. 9(b) to 9(f) show that as CV penetration rates increase,
both network throughput and delay performances under the
JASC algorithm improve. This observation confirms the first
two results in Theorem 2. As CV penetration rates increase,
the terms κ and κ, which are associated with the queue
length estimation error ω̂, decrease, thereby narrowing the gap
between throughput and average delay and their respective
optimal values. Further observation shows that increasing
V reduces the sensitivity of throughput to CV penetration

Fig. 10. The completed trip delay of all loaded vehicles.

much more than that of average trip delay. This aligns with
Theorem 2, as increasing V reduces the influence of κ and κ
more strongly for throughput than for average delay. When V
is set to 20 and 30, the performance of average trip delay and
throughput at a 30% CV penetration rate is nearly the same
as at 100%. Combining all the above analyses, V = 20 is an
effective value, as it reduces average trip delay, achieves high
throughput, and maintains good performance even at low CV
penetration rates.

The admission control in JASC indeed restricts some
vehicles from entering the network, thereby increasing their
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Fig. 11. The simulation results of average delay under sudden demand.

waiting delay to enter and further impacting completed trip
delay. However, admission control effectively prevents net-
work oversaturation, maintaining high throughput and thus
reducing the delay for vehicles traveling through the network.
To further evaluate its impact on trip delay, simulations assess
the completed trip delay, including both entry waiting time and
travel delay. Previous simulations show that JASC with a 30%
CV penetration rate performs similarly to 100% penetration.
Thus, we use JASC with a 30% CV penetration rate as an
example to evaluate the completed trip delay for all loaded
vehicles. The results are shown in Fig. 10.

In Fig. 10, before the network becomes oversaturated (i.e.,
demand does not exceed 750 veh/h), the MP algorithm, which
aims to maximize throughput, shows excellent advantages,
causing less trip delay than the AC algorithm and the JASC
algorithm with parameter V values of 2, 5, and 10. With
small V values, the JASC algorithm overly restricts vehicle
entry, resulting in substantial delays in completed trips. In the
demand range of 650 to 750 veh/h, the JASC algorithm with V
values of 20 and 30 causes less delay than the MP algorithm.
As shown in Fig. 9, the JASC algorithm improves capacity and
throughput in networks with limited queue capacity. Within
this demand range, it effectively regulates input rates to fully
utilize network capacity, reducing completed trip delay.

As demand increases, the completed trip delay under the
MP algorithm rises significantly, eventually exceeding those
observed with the JASC algorithm (for all V values) and the
AC algorithm. Thus, under feasible demand, the MP algo-
rithm improves network throughput and reduces delay through
intersection coordination. However, under infeasible demand,

its performance worsens, even falling below that of the AC
algorithm, which focuses on reducing delay at individual
intersections. This difference reflects the design goals of the
AC and MP algorithms. Additionally, as demand increases, the
average delay under the JASC algorithm with any V value also
increases but remains lower than that of the MP algorithm.
Except for V = 2, the JASC algorithm with other V values
(especially 20 and 30) performs significantly better than the
AC algorithm. This indicates that admission control with an
appropriate V effectively avoids network oversaturation and
maximizes the advantages of the MP algorithm.

2) Evaluating Adaptability to Bursty Demand: The sec-
tion examines how JASC performs when faced with sudden
changes in demand. As established earlier, the capacity region
boundary under MP is 700 veh/h. Therefore, we set up two
scenarios. Each simulation lasts five hours. In the first scenario,
demand rises to 800 veh/h during the second hour and then
drops to 400 veh/h for the remaining time. In the second
scenario, demand rises to 900 veh/h during the second hour,
while the rest of the timeline matching Scenario 1. For the
JASC algorithm, simulations are conducted under 10%, 20%,
and 30% CV penetration rates. The average delay is tracked
every 300 seconds to illustrate current network congestion
levels. A 300 s/veh average delay signifies a completely
blocked network. Fig. 11 displays simulation results.

The AC algorithm, designed to reduce queue delay, per-
forms well both before and after sudden demand changes. It
achieves an average delay of approximately 40 s/veh, which
is half that of JASC and MP (around 80 s/veh). After the
sudden demand, the AC algorithm restores the average delay
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Fig. 12. Average delay under traffic incidents.

to 80 s/veh in 80 minutes in the first scenario and in 120
minutes in the second scenario. In the first scenario, the MP
algorithm takes 50 minutes to normalize the average delay.
However, in the second scenario, despite taking 180 min-
utes, it is unable to restore the average delay to its normal
state. The JASC algorithm, with V set to 2 or 5, maintains
the average delay nearly unaffected by the sudden demand
increase in both scenarios. With parameter V set to 10, 20,
or 30, the JASC algorithm restores normal delay within 40
minutes in the first scenario and 75 minutes in the second
scenario. These results further highlight that the MP and JASC
algorithms, designed to maximize network throughput, quickly
recover the average delay by increasing trip completion rates.
Comparing Figs. 11(b) to 11(f), as V increases, the impact
of CV penetration rates on average delay decreases, further
validating the analytical finding of the average delay in Result
2 of Theorem 2.

3) Evaluating Adaptability to Traffic Incidents: The sec-
tion examines how JASC performs during unexpected traffic
incidents. An accident is assumed to occur at point A in
Fig. 7, blocking both the straight and left-turn lanes from
the 0.5th to the 2.5th hour. The demand is maintained at
800 veh/h throughout each five-hour simulation. Similar to
the previous section, numerical simulations are conducted at
10%, 20%, and 30% CV penetration rates, with average delay
recorded every 300 seconds. Fig. 12 displays test results,
where curves labeled “2h” represent simulations with the two-
hour incident, and those labeled “NI” represent simulations
with no incident. The results show that the AC and MP
algorithms are unable to restore average delay to normal
levels even 150 minutes after the incident ends. During the

two-hour incident, average delay increases significantly, reach-
ing up to 75 s/veh under AC and 85 s/veh under MP, within
80th and 30th minutes. However, average delay under the
JASC algorithm is almost unaffected, especially when V is
set to 2, 5, or 10. With V set to 20 or 30, the JASC algorithm
causes an increase in average delay of less than 10 s/veh
and 20 s/veh, respectively, and normalizes immediately after
the incident ends. Therefore, JASC effectively mitigates the
impact of sudden incidents on average delay. The influence
of CV penetration rates on average delay is similar to that
observed in the previous section. When V increases, the impact
of queue length estimation errors on average delay at low CV
penetration rates decreases. With higher CV penetration rates,
average delay further decreases.

VI. CONCLUSION

This study develops and validates an innovative joint
admission and signal control algorithm tailored for mixed
traffic environments with both CVs and RVs. The proposed
algorithm addresses the limitations of traditional MP control
strategies by dynamically adjusting input rates and signal
phases, ensuring efficient utilization of network capacity while
preventing oversaturation. To enhance practical applicability,
the algorithm incorporates queue length and mean turn ratio
estimation methods, utilizing limited feedback from CVs
to estimate mixed queue lengths and mean turn rates. By
leveraging a Lyapunov drift optimization function, the JASC
algorithm achieves a [O(1/V),O(V)] tradeoff between through-
put and delay, adaptable to varying arrival rates and network
conditions. Additionally, our analysis quantifies the degrada-
tion in network performance due to queue length estimation
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errors. Extensive simulations across diverse traffic scenarios
demonstrate the effectiveness of the JASC algorithm. Results
show significant improvements in traffic efficiency, including
a 16.3% increase in network throughput and reduced average
delays, particularly in high-demand urban settings. Further-
more, the algorithm’s flexibility and scalability ensure its
applicability in modern traffic systems, effectively managing
congestion and enhancing network resilience under dynamic
and unpredictable conditions.

In future work, we will explore two main research direc-
tions. First, we aim to guide CVs toward more efficient
route choices to better utilize network capacity and alleviate
congestion. Second, we plan to distinguish between queued
and non-queued vehicles on long links, enabling more effective
use of intersection resources and improving overall traffic flow
efficiency.
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