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This study develops a two-level adaptive-robust traffic signal control architecture that combines an LMI-
synthesized, intersection-level robust state-feedback regulator with a measurable inflow feedforward channel
and a Connected and Autonomous Vehicle (CAV)-aware operational layer. The proposed adaptive-robust LMI-
based control method considers the uncertainty as the effect of saturation flow via a small polytopic set
and enforces a quadratic Lyapunov certificate via LMIs to guarantee uniform exponential queue regulation
across the modeled vertices. A key innovation of this approach is the inclusion of a measurable disturbance
feedforward mechanism that proactively compensates for short-horizon inflow surges, thereby reducing the
reactive burden on the feedback loop. Furthermore, the control strategy features a CAV-aware adaptive
operational layer that dynamically adjusts the conservatism of the robust synthesis based on real-time traffic
composition, switching to a lightweight LQR fallback when necessary. The proposed method is validated
using real traffic data from Tehran city, mimicked within a validated microsimulation (SUMO) environment.
Comparative experiments demonstrate that the proposed control method significantly outperforms in reducing
delays and emissions. Additionally, computational feasibility (milliseconds execution time) is guaranteed
compared to the high latency of Al-based approaches.

1. Introduction 1.1. Robust control approaches for urban traffic

Urban transportation networks worldwide are grappling with in-
creasing traffic congestion, which negatively impacts travel time relia-
bility, air quality, and energy consumption. Effective and timely traffic
signal control is paramount to mitigating these challenges. Traditional
control strategies, such as fixed-time plans or simple reactive methods,
often fail to adapt efficiently to the complex, stochastic, and dynamic
nature of modern urban traffic flow, especially during peak hours or
in the presence of unforeseen incidents [1-3]. This limitation necessi-
tates the development of sophisticated control methodologies capable
of managing network-wide performance while explicitly accounting
for various sources of uncertainty and variability, such as fluctuating
demand, changes in saturation flow [4], and unpredictable driver
behavior.

A significant body of research has focused on applying control
theory, particularly robust control, to guarantee system stability and
performance despite uncertain inputs. Early work formulated the traffic
signal design problem as a robust optimal control strategy, recognizing
that future transportation demand is inherently uncertain [1]. Sub-
sequent efforts introduced the use of Linear Matrix Inequality (LMI)
techniques and state-space representations to model the uncertain net-
work system using linear polytopic approaches, leading to the devel-
opment of robust and infinite-horizon Model Predictive Control (MPC)
strategies to handle model mismatches and reduce travel time [5].

The extension of robust control principles to urban road networks
has seen formulations aimed at minimizing weighted link queue lengths
under the influence of unknown but bounded demand and queue
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uncertainties [6]. These approaches often rely on centralized mini-
max optimization, which minimizes the objective function under the
worst-case uncertainty realization. The robust control strategy for over-
saturated intersections has also been addressed by modeling the sys-
tem as a discrete-time switched system and determining green times
via a set of linear state feedback controllers, which are designed us-
ing LMI techniques to estimate and minimize the boundary of wait-
ing queue length [7]. While recent data-driven methodologies, such
as Spatio-Temporal Graph Neural Networks (ST-GNN) [8] and deep
learning-based wavelet transforms [9], have demonstrated superior
accuracy in bottleneck prediction and signal optimization, integrating
these predictive capabilities into a control loop that retains formal
stability guarantees remains a primary motivation for robust control
frameworks.

Furthermore, research on network-wide control has also investi-
gated the use of robust perimeter control. By incorporating time delays
and unknown bounded external disturbances within a Macroscopic
Fundamental Diagram (MFD)-based model structure, robust control
architectures have been designed for one or multiple aggregated urban
traffic regions [10,11]. Complementary to perimeter control, recent
reviews highlight the potential of emerging internal boundary control
and lane reversal strategies to manage bidirectional capacity and tidal
flows in future traffic networks [12]. These methods provide a fixed
controller structure with constant gains to compensate for uncertain-
ties, focusing on the worst-case scenario concept. The application of
LMI methods has also been essential in analyzing and synthesizing
robust controllers in related fields, such as stabilizing bilinear systems
with state-based switching which can approximate certain nonlinear
traffic dynamics [13]. More recently, LMI has been used to obtain
control and observation gains for observer-based double closed-loop
control strategies in mixed vehicle groups, ensuring convergence and
stability [14].

A key finding in the area of robust control, specifically in subway
networks which share dynamic characteristics with road networks,
demonstrates the efficacy of robust state feedback controllers in com-
pensating for delays caused by disturbances in intersecting lines, using
LMI for controller design [15]. This reinforces the potential of robust
state feedback structures for infrastructure-based traffic control.

1.2. Hierarchical and two-level control architectures

Managing the inherent complexity and large scale of urban traffic
networks necessitates control architectures capable of decoupling the
problem into manageable, interconnected layers. Hierarchical frame-
works are a prominent approach that addresses computational in-
tractability and complexity by partitioning the network control problem
into different levels of abstraction and time scales. These architectures
typically involve an upper-level layer and a lower-level layer. The
upper-level layer often operates on a macroscopic time scale, utilizing
concepts such as the MFD for large-area demand-balance and perimeter
control [16]. This layer focuses on strategic objectives like optimiz-
ing region-wide flow and managing network loading (e.g., [10,11]).
Conversely, the lower-level layer executes control at a shorter time
scale, focusing on tactical objectives such as determining optimal local
signal timing, trajectory planning, or utilizing detailed flow models and
distributed schemes for local intersection management [16-18].

At the network level, observer-based double-loop controllers com-
bine a macro-level controller for region-scale flows with an inner
loop that controls local actions, such as ramp metering or platoon
speed [14]. These observer architectures suggest practical ways to fuse
sparse measurements and to obtain robust short-horizon predictions of
inflows and queue evolutions. This need for real-time local prediction
aligns with advanced methods such as using Long Short-Term Memory
(LSTM) networks deployed at the edge to predict the network state for
efficient, decentralized resource allocation in vehicular communication
systems [19]. Micro-macro integrated approaches explicitly reconcile
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network-wide objectives with vehicle-level actuation. Recent work on
combined macro-micro strategies demonstrates how macroscopic ref-
erences can be enforced through microscopic platoon maneuvers and
speed commands, while maintaining scalability.

The control methods employed within these layers vary. For in-
stance, some utilize MPC at both levels, refined for computational
efficiency by techniques such as using the Link Transmission Model
(LTM) to explicitly incorporate complex dynamics like upstream propa-
gating waves (spillback) into linear optimization problems [20]. Other
variations include bi-level optimization frameworks, where the upper
level evaluates strategic parameters (like green light and cycle du-
rations) to expand the control space, while the lower level handles
synchronization and flow optimization based on those strategic in-
puts [21]. Furthermore, the concept extends to microscopic vehicle
control, where a hierarchical optimization is used, such as planning a
leading vehicle’s trajectory (high-level) and optimizing the following
vehicles via rolling optimization (low-level) to enhance eco-driving for
Connected and Autonomous Vehicle (CAV) platoons [22]. The necessity
of this multi-level approach is further underscored by recent work
on cooperative platoon merging, which explicitly combines macro-
scopic network-wide traffic control with microscopic individual vehicle
dynamics to achieve a scalable solution in mixed traffic flows [23].

1.3. CAVs and mixed traffic systems

The penetration of CAVs introduces a sample shift by providing rich
data and vehicular actuation capabilities. Research in this domain can
be categorized into two main streams: (1) Signal Control Augmentation
and (2) Cooperative Vehicle-Platoon Control.

1.3.1. Signal control augmentation in mixed traffic

Control systems are being augmented by incorporating data from
CAVs (e.g., position, speed) alongside traditional loop detectors. Algo-
rithms like Multi-mode Adaptive Traffic Signals (MATS) demonstrate
significant delay reduction even with low CAV penetration rates [24].
This is complemented by data-driven traffic flow models, such as hybrid
ARIMA-Prophet approaches, used in edge environments to enhance
forecasting accuracy and reduce latency for local decision-making [25].

Furthermore, the use of extended observers (EO) based on Extended
Kalman Filters (EKF) enables accurate queue length estimation and
prediction using limited CAV measurements, especially in oversatura-
tion, facilitating their integration into existing Urban Traffic Control
(UTC) systems [26]. Joint optimization of signal control and CAV speed
planning is a complex problem, often tackled using bi-level robust
optimization frameworks that employ Dynamic Programming (DP) and
Pontryagin’s Minimum Principle (PMP) to minimize total cost (delay
and fuel) while explicitly dealing with stochastic driver behavior via ro-
bust optimization techniques [27]. Hierarchical cooperative eco-driving
controllers have also been proposed for CAV platoons at successive sig-
nalized intersections, planning the leading vehicle’s trajectory via the
pseudo-spectral method and optimizing following vehicles via rolling
optimization [22].

In a related direction, recent work has explored learning-based
approaches for mixed traffic coordination. For instance, [28] proposes
a two-stage framework for mixed vehicle platoon formation, where
feasible platoon configurations are first generated and subsequently
refined using multi-agent reinforcement learning. This approach high-
lights the potential of integrating data-driven coordination strategies
with traffic control in mixed CAV-HDV environments. These devel-
opments further motivate the need for control frameworks that can
systematically integrate microscopic coordination with macroscopic
traffic management.



A. Abdi et al.

1.3.2. Platooning, robustness, and dynamics

For a complex dynamic system as urban traffic, distributed control
is crucial for scalability. Studies on platooning often focus on string
stability and disturbance rejection. Robust H_, control strategies are
widely used to stabilize traffic flow against disturbances (e.g., abrupt
deceleration) and parametric uncertainties inherent in Human-Driven
Vehicle (HDV) dynamics, particularly in mixed platoons with a sin-
gle CAV [29-31]. These solutions leverage graph theory and spectral
decomposition to handle platoon dynamics with undirected topolo-
gies and heterogeneous time delays [32,33]. The application of MPC
is also prominent in path tracking for individual autonomous vehi-
cles, where optimized kinematic models are used to enhance tracking
performance and stability [34]. A recent comprehensive review fur-
ther systematizes trajectory planning and tracking control strategies
for autonomous driving, emphasizing the integration of optimization-
based methods with machine learning and deep learning techniques to
improve robustness and real-time feasibility under uncertainty [35].
The survey highlights the tight coupling between high-level trajec-
tory generation and low-level tracking controllers, underscoring the
importance of stability-oriented control architectures in autonomous
traffic environments. Distributed integrated sliding mode control (SMC)
has also been developed using disturbance observers to estimate non-
linear uncertainties in vehicular systems, enhancing string stability
and traffic density [36]. A recent hierarchical approach was proposed
for oscillation mitigation in mixed platoons, using a two-layer struc-
ture: Oscillation-Optimized Feedforward Control (OOFC) for CAVs and
Speed-Perception-Enhanced Control (SPEC) for HDVs, demonstrating
significant reductions in speed fluctuations [37].

The clustering strength of CAVs, defined by metrics like the
autocorrelation-based platooning intensity (API), has been shown to be
a critical factor influencing mixed traffic capacity, with stronger clus-
tering not always guaranteeing capacity improvement due to headway
stochasticity [38].

Furthermore, detailed flow modeling using advanced machine learn-
ing methods, such as the improved Group Method of Data Handling
(GMDH) compared to Artificial Neural Network (ANN), is increasingly
used to accurately capture the complex nonlinear dynamics of mixed
vehicular traffic flow on freeways, enhancing the fidelity of predictive
tools [39].

This highlights the need to accurately model the impact of CAVs on
macroscopic flow parameters. Recent studies have extended platoon-
level control concepts toward corridor-level congestion mitigation in
mixed traffic environments by explicitly modeling the interaction be-
tween CAV platoons and macroscopic traffic dynamics. In particu-
lar, [40] proposes a V2X-enabled cooperative platoon control frame-
work based on a dynamic platoon-embedded cell transmission model,
where moving bottlenecks are strategically regulated to mitigate ape-
riodic congestion and improve network-wide traffic efficiency. In a re-
lated direction, [41] develops a two-stage adaptive control framework
that integrates model predictive control with front-tracking methods
to address mixed-traffic congestion through coordinated speed regu-
lation and moving bottleneck control. These approaches highlight the
importance of coupling microscopic platoon behavior with macroscopic
traffic flow models for effective large-scale congestion mitigation. The
integration of macro-micro modeling is also gaining traction, where
macroscopic network-wide models optimize speed limits and ramp
metering (high-level control), and microscopic models plan individual
vehicle trajectories (low-level control), offering a scalable solution
for cooperative platoon merging [23]. These developments further
reinforce the need for integrated macro-micro control architectures,
where local vehicle-level coordination and network-level optimization
are jointly considered.
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1.4. Decentralized control architectures and scalable optimization

From a classical control perspective, several decentralized schemes
have been developed to manage large-scale systems without requir-
ing global optimization. One powerful approach utilizes Decentralized
Control derived from LMI formulations. For instance, overlapping de-
centralized control schemes efficiently transform the overall Linear
Quadratic (LQ) control problem into an LMI problem, allowing for
a structured gain matrix that enables decentralized deployment in
real-time with efficiency comparable to centralized solutions [42].
This method directly supports the goal of utilizing LMI for robust yet
scalable solutions.

This shift toward decentralized decision-making is also strongly sup-
ported by advancements in Multi-Agent Deep Reinforcement Learning
(MADRL), which integrates predictive models (like LSTM) to proac-
tively optimize resource allocation and enhance network performance
in edge-enabled vehicular networks, thereby offering a highly scal-
able and adaptive control framework [19]. In parallel, data-driven
adaptive control approaches have been proposed for constrained non-
linear multi-agent systems, where locally linearized dynamic models
are identified online from input-output data and the control problem
is reformulated as a constrained quadratic program solved in real
time [43]. Such frameworks demonstrate how model-light, stability-
certified optimization schemes can be deployed in interconnected large-
scale systems, which is conceptually aligned with scalable urban traffic
control architectures. Furthermore, Adaptive Linear-Quadratic Regu-
lator (LQR) strategies have been designed to manage large urban
networks by building and adaptively updating a linear dynamic traffic
system model. This model-based adaptive LQR achieved superior com-
putational feasibility and lower average delays compared to centralized
state-of-the-art methods, underscoring the value of computationally
light, adaptive control-theoretic solutions [44]. The analysis of decen-
tralized control for heterogeneous urban grid networks further suggests
that controllers integrating both upstream and downstream conges-
tion information are more robust and effective in achieving network
stability, demonstrating the localized benefits of using neighborhood
information [45].

1.5. Adaptive operation, gain scheduling and LMI-based synthesis

Traffic patterns evolve slowly across the day and exhibit regime
changes between peak and off-peak periods. A pragmatic way to exploit
this structure is to maintain a simple nominal model that is periodically
updated and to switch between controllers that are designed for repre-
sentative operating regimes. Gain scheduling and identify then control
paradigms have been studied for similar problems, where a bank of
precomputed gains or an online re-synthesis procedure is used to adapt
the controller to the current estimated operating point [44,46].

The efficacy of such adaptive frameworks heavily relies on accu-
rate, real-time prediction of traffic states. Modern approaches utilize
deep learning models, such as LSTM and Gated Recurrent Unit (GRU)
integrated with wavelet denoising, to capture the inherent nonlinearity
and temporal dependencies of traffic data, thus providing the necessary
foundation for reliable mode decision and re-synthesis procedures [9].

LMI-based state feedback synthesis integrates naturally into such an
adaptive architecture since LMI conditions can be enforced for a small
set of representative model vertices to obtain gains that are robust for a
local uncertainty polytope. The LMI framework also permits imposing a
quadratic Lyapunov certificate that guarantees exponential decrease of
a chosen energy function across all vertices. Practical online operation,
however, faces two principal computational and numerical challenges.
First, frequent re-synthesis may be computationally demanding. Hence,
a careful mode decision mechanism is required to trigger re-synthesis
only when identification confidence and computational budget permit.
Second, numerical infeasibility or ill conditioning may occur under low
excitation or under strong uncertainty. Therefore, a robust, low-cost
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fallback such as an LQR-based gain computed from a nominal model
can provide a principled safety net that maintains stable operation
when the primary synthesis is unavailable.

The literature contains several contributions that combine model
updates with reactive compensation and that analyze convergence and
performance of such schemes [11,46]. These results support the use of
periodic model adaptation combined with a local reactive controller.
Our approach builds on these insights but departs from prior work in
two important aspects. First, we explicitly exploit measurable inflows
inside the synthesis in a feedforward architecture that integrates with
the LMI-based state feedback. Second, we tie the adaptation logic to an
online assessment of traffic composition, notably to the penetration of
CAVs, which directly reduces uncertainty in the input mapping.

1.6. Research gaps and motivations

The extensive body of literature reviewed provides a robust foun-
dation in both traffic signal control and vehicular dynamics, but also
reveals several persistent gaps that motivate the present study.

+ Decentralized Robust Synthesis With Scalable Online Feasibil-
ity: While robust control based on LMI and H, methods of-
fers strong stability guarantees for polytopic uncertainty [6,71],
these formulations are often utilized in centralized settings or
require heavy computational loads associated with MPC [20,
47]. This complexity creates significant scalability and imple-
mentation barriers for decentralized real-time deployment at the
intersection level. A critical need exists for a decentralized frame-
work that retains formal robustness certificates (e.g., Lyapunov
stability) while remaining computationally tractable for online re-
synthesis, a challenge often faced by pure LMI techniques [42].
This gap is particularly highlighted by advanced decentralized
approaches, such as Spatio-Temporal Graph Neural Networks
(ST-GNN) for signal optimization [8] and MADRL for resource
allocation [19], which, while offering high scalability, often lack
the formal robustness certificates and worst-case performance
guarantees intrinsic to control-theoretic designs.

Limited Integration of Measurable Inflow Disturbances in LMI-
Based Control: Existing robust state feedback designs, including
LMI-based syntheses, typically focus on compensating for internal
model uncertainties or unknown but bounded external distur-
bances using only the feedback loop [10,15]. They often fail to
fully exploit easily measurable short-horizon inflow information
(such as current turning movement volumes or upstream queue
spillback) as a modular feedforward term inside the control loop.
Practical exploitation of these measurable inflows, which allows
for proactive compensation of predictable demand surges, has
received limited attention in formal LMI frameworks, leading to
overly reactive control responses [45]. The need for proactive
compensation is further intensified by the success of deep learning
in precise traffic flow prediction [9], which provides high-quality,
denoised data that should ideally be utilized as a feedforward
term to reduce the control effort required by the robust feedback
loop.

Lack of Adaptive Robustness Tuning Under CAV Penetration Vari-
ability: The literature recognizes that the presence of CAVs fun-
damentally reduces the stochasticity of traffic flow and improves
stability in mixed platoons [30,38]. However, most robust con-
trollers, designed for the worst-case scenario using static un-
certainty bounds, fail to dynamically link online controller re-
synthesis decisions to empirical measures of CAV penetration.
The conservatism inherent in static worst-case robust design is
not mitigated as the traffic flow becomes more deterministic due
to increasing CAV presence, resulting in suboptimal performance
when certainty is high. A principled, adaptive mechanism is
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needed to use empirical CAV statistics to trigger LMI-based re-
synthesis, thereby dynamically reducing the robustness margin
and improving average performance, an area that remains un-
derdeveloped [44,46]. Moreover, advancements in high-fidelity
traffic flow modeling, such as the comparative analysis demon-
strating the superior predictive performance of GMDH over ANN
in complex vehicular flows [39], provide empirical justification
for developing adaptive controllers that can leverage these im-
proved models to dynamically adjust the uncertainty set based
on the current traffic composition.

Need for Real-Time Resilience Through a Guaranteed Fallback
Strategy: The transition from theoretical robust synthesis to prac-
tical, continuously operating systems introduces computational
and numerical challenges. Online re-synthesis of LMI gains, al-
though desirable for adaptation, may encounter numerical infea-
sibility or high processor demand, resulting in occasional fail-
ures [44]. Therefore, a robust and lightweight fallback mecha-
nism, such as a stable LQR gain derived from a nominal model, is
essential to maintain safe and stable operation when the primary
adaptive synthesis process is temporarily unavailable, ensuring
real-time reliability in a decentralized setting.

1.7. Main contributions

To address the gaps identified above, this paper proposes a novel in-
tegrated control architecture that is a two-level adaptive-robust traffic
signal control with LMI synthesis and disturbance feedforward in mixed
traffic with CAVs for decentralized traffic signal systems operating
in mixed CAV-HDV environments. The contributions of this work are
listed below.

» We develop a decentralized LMI-based robust state feedback de-
sign that provides a Lyapunov-based certificate of exponential
queue stability for a local uncertainty set of input mappings.
The synthesis is intentionally designed to be computationally
lightweight and decoupled, allowing it to be executed at the
intersection level and realizing an efficient online solution. The
design leverages polytopic uncertainty representations and con-
vex semidefinite programming to produce gains that are robust
across modeled vertices.

We introduce an integrated measurable disturbance feedforward
component that proactively consumes short-horizon inflow mea-
surements and upstream queue information to compensate exoge-
nous arrivals inside the control loop. This component is designed
to operate seamlessly alongside the LMI state feedback structure,
reducing transient queue growth and improving overall tran-
sient performance, thereby decreasing the reactive burden on the
feedback adaptation mechanism.

We propose a CAV penetration-aware adaptive operational layer
that conditions the online re-synthesis of the robust controller
on empirical indicators of traffic composition, specifically mea-
sured CAV penetration. When the estimated composition implies
reduced uncertainty in the input mapping, the system attempts an
online LMI re-synthesis with a dynamically reduced conservatism
margin. When re-synthesis is infeasible or identification fails ac-
ceptance tests, the controller switches to a computationally light
LQR fallback that guarantees stable operation.

We provide practical identification and mode decision rules to-
gether with numerical safeguards for online LMI synthesis. These
elements bridge the gap between offline theoretical synthesis
and robust real-time deployment, and clarify how the decen-
tralized, adaptive controller scales when multiple intersections
operate in parallel. Crucially, these rules also define the inter-
face by which microscopic traffic composition (CAV presence)
informs the macroscopic queue regulation model, maintaining the
integrity of the two-level control concept.
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» We present a comprehensive validation methodology in Simula-
tion of Urban MObility (SUMO) software [48] using real traf-
fic data from Tehran city. The evaluation explores a range of
CAV penetration levels, and benchmarking compares the pro-
posed method against fixed-time plans, fixed-time with platoon-
ing, SUMO gap-actuated adaptive control, and a zero-shot Large
Language Model (LLM) advisor-style baseline. The experimental
study reports both traffic performance metrics and computation
and processing times, focusing on a critical comparison of real-
time feasibility between the proposed method and the Al-based
baseline, to assess scalability.

The remainder of the paper is organized as follows. Section 2
formalizes the modeling assumptions and the discrete-time per-cycle
state representation. Section 3 details the LMI-based synthesis, the
disturbance feedforward design, the online identification tests, and the
fallback strategy. Section 4 presents the simulation setup, the experi-
mental scenarios across CAV penetration rates, and the benchmarking
methodologies. Section 5 discusses results and limitations, and section
six concludes with final remarks and avenues for future work.

2. Urban traffic modeling

In this section, a two-level modeling framework is introduced in
which macroscopic and microscopic representations of traffic dynam-
ics are treated as separate yet coordinated layers. Due to fundamen-
tal differences in temporal resolution, data abstraction, and model-
ing objectives, these two levels are not merged into a single unified
mathematical formulation. Instead, they interact through a structured
bidirectional information exchange mechanism. To make the inter-
action between the two levels explicit, the proposed framework is
implemented as a closed-loop hierarchical system with bidirectional
coupling. At each signal cycle, the macroscopic layer computes the
green time allocation U(n) based on aggregated traffic states. These
control actions are then propagated to the microscopic layer, where
they directly influence vehicle motion, signal compliance, and platoon
evolution.

Conversely, the microscopic layer continuously generates high-
resolution traffic data, including vehicle counts, discharge rates, queue
lengths, and platoon characteristics. These quantities are aggregated
over each cycle and fed back to the macroscopic layer to update the
system state X(n), estimate the time-varying matrix B(n), and refine
the control decisions. Therefore, the macroscopic model is not static
but dynamically influenced by the evolving microscopic traffic con-
ditions. The macroscopic layer captures aggregated traffic evolution
and produces supervisory control decisions such as signal phase timing,
whereas the microscopic layer describes detailed vehicle-level dynam-
ics, including CAV-enabled platoon formation and motion control.
This hierarchical coordination exploits the complementary strengths
of both modeling scales while avoiding the computational complexity
and scalability limitations associated with fully integrated multi-scale
formulations.

2.1. Macroscopic level

At the macroscopic level, the traffic dynamics are described by
defining the number of vehicles approaching an intersection along each
street as the system state, denoted by x,(-). Accordingly, the number
of vehicles on street / at the subsequent event instant »n + 1, namely
x;(n + 1), is determined as shown in Eq. (1). This evolution depends
on the previous accumulation x,(n), the incoming traffic demand q;"’(n),
the departing flow q;"" (n), and the control variable u;(n), where index j
corresponds to the independent signalized directions at the intersection.

The macroscopic traffic model follows an event-based formulation
in which the discrete index n represents phase change events rather
than uniform sampling instants. Each transition of the traffic signal,
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Fig. 1. Schematic representation of the key variables used to characterize
traffic dynamics at a signalized intersection.

such as switching from green to red or vice versa, constitutes a single
event. A complete signal cycle is therefore completed over two consec-
utive events, corresponding to the interval [n, n+ 2]. The total duration
of this interval is equal to the predefined cycle time CT. Although the
individual phase durations may vary across events, their cumulative
length over two events remains fixed and equal to CT.

To avoid ambiguity between event-based indexing and cycle-based
control interpretation, the temporal structure of the model is clarified
as follows. The discrete index n is associated with signal switching
events, whereas the control input U (n) is defined at the cycle level and
applied over the interval [n,n + 2]. Specifically, each control update
occurs once per cycle, i.e., after two consecutive events.During the in-
terval [n, n+2], the control input U (n) remains constant and determines
the green time allocation for the entire cycle. The first event at index n
corresponds to the beginning of a phase (e.g., green onset for a given
direction), while the second event at n+ 1 corresponds to the switching
to the competing phase. The cycle is completed at event n+2, at which
point new state measurements are collected and a new control input
U(n+2) is computed.

Therefore, although the system evolution is described at the event
level, control updates and performance measurements are synchronized
at the cycle level. This ensures consistency between the event-driven
state updates, the cycle-based control inputs, and the physical signal
timing implemented in the microscopic layer.

x,(n+ 1) = x,(n) — g0 (n) - u;(n) + q;"(n) €8]

In Eq. (1), the control input u;(n) represents the effective green
duration (seconds) assigned to direction j, including the associated
transition intervals such as yellow times. Consequently, the red time for
direction j is given by CT —u;(n). It is notable that although the model is
event-based, the control input u;(n) represents the green time allocated
over the corresponding signal cycle. Since ¢/(n) denotes the discharge
rate (veh/s), the term q;’“’(n)~u ;(n) corresponds to the number of vehicles
discharged during one cycle. The value of u;(n) is computed at the
macroscopic decision instant corresponding to the end of cycle [n—2,n]
and is subsequently applied over the next cycle interval [n, n+2]. Within
the microscopic layer, this cycle-level control input is implemented
through fine-resolution signal timing and continuously enforced during
the corresponding simulation steps. Fig. 1 illustrates the relevant timing
and geometric parameters associated with Eq. (1) for a representative
intersection approach.

The relationship between successive green durations is captured in
Eq. (2), which relates u;(n + 1) to its previous value u;(n) through the
incremental change Au;(n) applied in the preceding cycle, to ensure
smooth changes in signal timings.

u(n+1) =u;(n) + du;(n) 2

Without loss of generality, and considering an arbitrary number of
incoming streets and independent signalized directions, the event-based
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macroscopic state-space representation can be generalized. The result-
ing compact vector formulation, which stacks all approach-level states
and control variables, is presented in Eq. (3).

X(n+1)=A-Xn)+ Bn) - Un) + ¢"(n) 3)

Here, X(n) € RN denotes the vector of queue lengths (in vehicles)
at event n, where N is the number of approaches. The control input
U(n) € RM represents the green time allocations (in seconds) for the M
independently controlled signal phases. The input matrix B(n) € RV*M
maps control actions to queue variations and depends on the saturation
flow rates. For / = 1,...,N streets and j = 1,..., M independent
directions, we have:

A= ? 1 ? =1y, B(meRVM @
00 = 1 o

xy(n) 4 q"(m)

X(n) = : »oqtm=] (%)
XN Iy aNm Iy
uy(n) M

um=| . Dum=cr 6
g |y

where:

()

(B(n)] —q;’“‘ (n), if street / is actuated by phase j,
n .=
li 0, otherwise.

Thus, the matrix B(n) has units of veh/s, ensuring that B(n)-U (n) yields
vehicle counts consistent with the state definition. From a practical
standpoint, several physical and operational constraints must be consid-
ered at the macroscopic level. Street capacities impose upper bounds on
vehicle accumulations, green durations are restricted by safety and co-
ordination requirements, and variations in green time allocations must
be limited to avoid abrupt or oscillatory control actions. These consider-
ations give rise to a set of constraints that are explicitly enforced in the
macroscopic control formulation. It is important to emphasize that the
elements of B(n) are not fixed parameters but are directly influenced
by microscopic traffic conditions. In particular, the effective discharge
rates ¢)"'(n) depend on vehicle-level dynamics such as car-following
behavior, CAV penetration rate, and platoon formation.

For instance, the presence of CAVs operating in coordinated pla-
toons reduces inter-vehicle headways and increases saturation flow
rates, which leads to larger values of ¢ (n). Conversely, heteroge-
neous traffic with lower CAV penetration results in more conservative
discharge behavior. Therefore, variations in microscopic traffic compo-
sition and behavior are reflected in the macroscopic model through the
time-varying matrix B(n).

0 < x,(n) < Xmax> (8)
Upin < Uj(n) < gy, ©)]
Aupin < Auj(n) < Aupyy (10)

At the network scale, intersections operate in a decentralized man-
ner and may adopt different green and red allocations within each
cycle. Nevertheless, macroscopic decision updates are synchronized at
the end of every cycle of duration CT. Specifically, after the two events
defining the interval [n, n+2], vehicle accumulations x,(n) are measured
simultaneously across all intersections, and the corresponding green
time decisions u;(n) for the next cycle are computed in parallel. This
procedure ensures consistent application of Eq. (3) at the macroscopic
decision instants, even though intermediate phase transitions are not
globally aligned.

It is important to emphasize that the event-based state update
and the cycle-based control application are fully aligned through this
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mechanism. While intermediate event transitions capture the switching
behavior of signal phases, the aggregated state variation over two con-
secutive events corresponds exactly to one full control cycle governed
by U(n). As a result, the macroscopic model preserves physical consis-
tency with the implemented signal timing and avoids any mismatch
between state evolution and control execution.

2.2. Microscopic level

At the microscopic level, vehicle dynamics are described using a
discrete-time state-space model similar to that proposed in [49]. For
an individual vehicle indexed by i, the state variables at time step k
include the position p;(k), velocity V;(k), and acceleration a;(k). The
control input applied to the vehicle is denoted by UI.’ (k), while Wi’ (k)
represents unmodeled disturbances. Owing to the fine-grained nature
of vehicle motion, the microscopic sampling interval must be chosen
sufficiently small.

X/(k+D)=A"-X/(k)+ B - (U (k) + W/ (k) (11)
In Eq. (11),
pi(k) LT 0
X/(ky=|Vi(ky|, A'=|0 1 T, |, 12)
a;(k) 0 0 e/
0
B = 0 . W/ ||, €10, ) 13)
1 —e s/t

In this formulation, the parameter 7, represents the inertial time
constant of the vehicle, characterizing the delay between a commanded
acceleration and its actual realization. The variable T, denotes the
microscopic control and sampling interval, indexed by k = 1,2,3,....
The exponential term e~7s/7 models a first-order lag response, ensuring
gradual adaptation of acceleration, while the complementary term
1 — e Ts/Ta captures the proportion of the new control command ap-
plied within each sampling step. This structure prevents unrealistically
abrupt acceleration changes and reflects the physical behavior of real
vehicles.

The discrete-time interval [k,k + 1]T, describes the evolution of
the microscopic state according to Eq. (11). Since vehicle speed and
acceleration are inherently bounded by physical limitations and safety
considerations, appropriate constraints are imposed on these variables
within the microscopic model to ensure feasible and realistic behavior.

0 < Vi(k) < Vipags 14)

max < a,-(k) < gmex (15)

—a . .
deceleration acceleration

In addition to the state-space vehicle model, the microscopic layer
incorporates signal-aware motion planning and platoon coordination
mechanisms. To this end, several auxiliary variables are defined to
characterize the interaction between macroscopic and microscopic lay-
ers:

* Dist,; ;(1): longitudinal distance of vehicle i to the stop line at time
t in direction j,

* RGT;(): remaining green time of the current phase in direction
J>

* TG,(t): time until the next green phase in direction j,

» SafeGap: minimum safe distance to the preceding vehicle,

* MaxGap: maximum distance for being a member of platoon.

Based on these variables, a reachable distance under maximum allow-
able speed is defined as:

CD;(1) = Vipax - RGT;(1) (16)

ax
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If Dist; (< CDy(0), the vehicle can safely pass the intersection within
the current green phase; otherwise, it must adapt its speed to the next
cycle. Accordingly, a recommended speed is computed as:

y Dist, (1)

i recommended (1) = T,(’) an

These signal-aware speed adjustments enable coordinated platoon for-
mation and smoother approach behavior, reducing stop-and-go dy-
namics and improving discharge efficiency. Without loss of general-
ity and for better clarification, the proposed control framework is
demonstrated on a single signalized intersection with four incoming
approaches and two independent directions, namely north-south and
east-west. Each direction is assigned a dedicated green interval. Under
this configuration, the general macroscopic state-space model in Eq. (3)
reduces to the explicit form given in Egs. (18)-(20).

[ x,(n) 1 0 0 O
X(n) = X,(n) Ao 0 1 0 O _ as)
"lam | "o o1 0|
| x4(n) 0 0 0 1
[ =m0 4" (n)
0 —g3" (n) - qi"(n)
B(n) = 2 . m=| 2 19)
D o O
L 0 —qZ“‘(n) qj‘“(n)
uy(n)
U(n) = s uy(n) +uy(n) =CT (20)
uy(n)

When a particular direction is assigned a red signal, the corre-
sponding departure flows vanish, implying ¢/(n) = 0 for the affected
approaches i = 1,...,4. Given a fixed cycle time CT, each cycle allo-
cates two distinct green intervals to the competing directions, whose
durations collectively sum to the cycle length.

The impact of microscopic control actions propagates back to the
macroscopic level through aggregated traffic quantities. Specifically,
the effective discharge flow q;’“‘(n) and the measured state x;(n) are
computed from microscopic observations over each cycle. As a result,
improvements in vehicle coordination, platoon stability, and speed har-
monization directly translate into enhanced macroscopic performance,
including reduced queue lengths and increased throughput. This estab-
lishes a closed-loop coupling in which macroscopic decisions influence
microscopic behavior, and microscopic dynamics, in turn, reshape the
macroscopic model parameters and state evolution.

Although a direct integration of the macroscopic and microscopic
models into a single unified formulation is not feasible due to their
different time representations, the proposed framework ensures tight
coupling through systematic bidirectional information exchange. The
macroscopic layer provides cycle-level control inputs, while the mi-
croscopic layer refines these decisions through vehicle-level execu-
tion and feeds back aggregated information that continuously updates
the macroscopic state and model parameters. This interaction enables
a coherent multi-scale control strategy rather than two independent
models.

3. Adaptive-robust control synthesis

To ensure reliable and certifiable performance under the multi-
ple sources of uncertainty that characterize real urban intersections,
we develop a robust state-feedback regulator synthesized via LMIs.
Traditional signal-control techniques often struggle to maintain per-
formance when effective link discharge varies unpredictably, as high-
lighted in recent comprehensive reviews of tidal and urban traffic
management [12]. In practice, this variability is commonly represented
as uncertainty in saturation flow rates and has important operational
consequences [4,5]. In addition to classical drivers of saturation-flow
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variability (vehicle mix, weather, and lane geometry), pedestrian—
vehicle interactions can be a dominant and intermittent source of
uncertainty: for example, configurations where right-turning vehicles
share a green interval with crossing pedestrians (a practice observed
in many European contexts) frequently produce blocking effects that
reduce the realized discharge rate and introduce strong, time-varying
capacity loss at the stop line. We therefore treat the effective saturation
flow as a compound, time-varying quantity whose uncertainty arises
from both vehicular and non-vehicular causes.

Against this backdrop, an LMI-based synthesis is attractive because
it (i) yields convex, numerically tractable conditions for a Lyapunov
certificate of exponential queue regulation, (ii) readily accommodates
polytopic descriptions of input-matrix uncertainty and actuator con-
straints, and (iii) admits a computationally efficient trace-based surro-
gate objective compatible with semidefinite programming solvers, like
as shown in [50]. In what follows, we first formalize the structured un-
certainty model for the input mapping that captures extreme saturation-
flow realizations and pedestrian-induced capacity reductions. Next,
we present the implementable LMI conditions that guarantee one-step
exponential decrease of a quadratic Lyapunov function across all uncer-
tainty vertices, and finally, we describe a convex synthesis problem that
trades off the Lyapunov shape and feedback gain magnitude via trace
penalties, and all of these make the method suitable for decentralized,
real-time operation in mixed CAV/HDV traffic.

3.1. Uncertainty description and LMI-based robust feedback

This formulation enables the application of LMI techniques to en-
sure the closed-loop stability for all admissible B(n). In particular, the
LMI condition guarantees that the closed-loop system remains stable
under any saturation flow rate realization within the defined convex
set. We seek a static matrix gain K € RM*N such that:

U(n) = —-KX(n), 21)
X(n+1)= Iy — BmK)X(n) + q"(n). (22)

It is important to note that the closed-loop system in Eq. (22) is
non-homogeneous due to the presence of the exogenous inflow term
q""(n). In this work, ¢™*(n) is interpreted as a bounded disturbance, i.e.,

lg"mll < g, Vn, (23)

for some finite constant § > 0. Therefore, the stability analysis must
be understood in the sense of disturbed systems rather than purely
autonomous dynamics.

The entries of B(n) are directly related to the saturation flow rates:

q,"”‘ =y, s;°™ = 0.5 veh/s = 1800 veh/h. @4

So based on the discharge rate defined in Eq. (24), the total discharged
vehicles over a green interval is given by s, -u;(n). The nominal value of
s; is based on ideal conditions in classical models [51,52]. To account
for modeling variability, we represent uncertainty in the saturation
flows by percentage bounds. For a given uncertainty level § € [0, 1)
we assume

s € [(1=8)s}°™, (1+68)s}°™]. (25)

For synthesis, we collect extreme combinations of the per approach
discharge into a small vertex set {B;} fi , and model the true mapping
as a convex combination

B(n) € conv{B;,B,,...,By}, (26)

N

B =Y aB;, Y a=1,0>0. 27)
i=1 i

A typical choice for the vertices is to set each B, to the matrix corre-

sponding to one extreme allocation of (1 + §)s]°™T across approaches;
this structured polytopic representation is widely used in robust traffic
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control since it yields tractable LMI conditions while capturing the
dominant variability in effective discharge rates.

To fulfill stability, we seek a quadratic Lyapunov function V(X) =
XTPX with P > 0 that certifies uniform exponential decay of the closed
loop for every admissible vertex B; [53]. Exponential decrease at rate
A > 0 is enforced by requiring the one step bound

V(X(n+1D) <eV (X)), Vnx0. (28)

For the homogeneous closed-loop system (i.e., ¢"*(n) = 0), this condition
guarantees exponential stability [54,55]. In the presence of bounded
inflows, the same Lyapunov function can be used to establish a practical
stability property, ensuring that the state remains ultimately bounded
within a neighborhood whose size depends on the disturbance magni-
tude §. Substituting X(n+1) = (I — B;K)X(n) and applying the Schur
complement [56] yields the equivalent matrix inequality, valid for each
vertex B;:

e 2Ap (Iy - BK)"P
P(Iy — B;K) P

(29)

Under the bounded disturbance assumption, standard Lyapunov
arguments imply that the closed-loop system satisfies an input-to-state
practical stability property. In particular, there exist class K functions
n(-) and y(-) such that:

Xl < n(IXO)De™"" + (@), (30)

which guarantees that all trajectories remain bounded and converge to
a disturbance-dependent invariant set.

To obtain a convex implementable form, we apply the standard
change of variables I' = K P, so that K = I'P~!. With this substitution
Eq. (29) can be written as the LMI:

e24p  (P-BI)T
>0, P>el, (31)
P-BT P
for i = 1,..., N. Condition (31) is the working robustness certificate

used in our synthesis. The equivalence between the quadratic decrease
requirement (28) and the LMI representation (31) follows by the Schur
complement argument and is standard in the robust control literature;
concise LMI reformulations for constrained and uncertain systems ap-
pear in [50]. Enforcing (31) for every vertex yields a convex feasible
set in the decision variables (P, I', A). To produce a practically useful
feedback gain, we solve the following SDP, which trades off a surrogate
of state magnitude against feedback aggressiveness:

min trace(QP) + trace(RI'TT)

P>0,I',A>0
subjectto P >el, (32)
e24p  (P-BI)T

P-BrI P >0, i=1,....,N

After solving (32) the feedback gain is recovered as K = I'P~!. The
trace terms are convex surrogates that make the problem SDP tractable
while capturing the design intent: trace(QP) encourages smaller Lya-
punov level sets in directions emphasized by Q, and trace(RI'TT)
penalizes large auxiliary variables, indirectly limiting the magnitude of
the recovered gain. The choice of Q and R follows standard engineering
tuning: Q encodes queue priorities and R bounds the admissible green
time variations.

To complement the LMI-certified feedback and to avoid sustained
accumulation of measurable short-horizon inflows ¢”(n), in the next
subsection, we introduce a feedforward disturbance-rejection block
together with an adaptive operational layer that conditions online
re-synthesis on identification confidence and compute budget.
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3.2. Adaptive operational layer and feedforward disturbance rejection

This subsection presents an operational layer that (i) estimates
short-horizon, measurable inflows and input mappings from recent
cycle data, (ii) computes a feedforward action to proactively counter
predictable arrivals, and (iii) conditionally triggers online LMI re-
synthesis when identification confidence and computational resources
permit. The feedforward block consumes near-term inflow and up-
stream indicators to reduce transient queue growth, thereby decreasing
the performance demands placed on the robust feedback adaptation
loop. When re-synthesis is infeasible or rejected, a numerically stable
LQR fallback is used to guarantee continuous and safe operation.

The adaptive layer is indirect adaptive (identify-then-control),
i.e., at each cycle the controller attempts to estimate B(n) from recent
cycle data and, when confidence and compute budget permit, re-
synthesizes a gain K(n) via a convex LMI that certifies local exponential
decrease of a quadratic Lyapunov function. It is important to em-
phasize that the above stability guarantee applies specifically to the
state-feedback component derived from the LMI-based synthesis under
polytopic uncertainty. The complete control architecture, however,
incorporates additional elements, including feedforward disturbance
compensation, online identification of the input matrix, gain updating,
actuator saturation constraints, and an LQR fallback mechanism.

These elements are not explicitly covered by the theoretical LMI
framework. Therefore, while the feedback component admits formal
stability guarantees, the stability of the overall closed-loop system
is not established analytically in this work. When identification is
unreliable or the LMI solver fails (or compute budget is exceeded) the
adaptive layer falls back to a numerically-robust LQR gain computed
online from a nominal B,,,. A disturbance feedforward term, computed
from measured inflows, reduces transient queue growth and alleviates
performance pressure on feedback adaptation. The design balances
performance vs. guaranteed stability and real-time tractability.

Recall the linearized dynamics:

AX (k) = X(k+ 1) — X(k), (33)
where we have
AX (k) = Bu(k) + Aq(k), 34)

that represents the net change in queue lengths under control in-
puts and inflow variations, where Aq(k) represents the variation in
exogenous inflows, i.e.:

Aq(k) = q"(k+ 1) = ¢" k), (35)

which is treated as an additive disturbance in the identification step.
Let

D, = {(u(k), AX (k))} (36)

n
k=n-W

be the dataset of the recent W cycles. We construct the regressor matrix
¥, € R"*M (inputs) and the output matrix 4X, € RW*N (state
variations):

u(n—w)

W, = e RV*M, 37)
u(n—1)
Xn=-W+D-Xmn-w)T

X, = : e RV, (38)

(X(m) = X(n— )T

We employ Tikhonov (ridge) regularization to stabilize the least-
squares inversion when the normal matrix W[ ¥, is ill-conditioned or
near-singular. Concretely, a small scalar 4 > 0 is added so that the
optimal estimate B(n) is obtained by the least-squares solution:

B = (T, + D)7 U] 4X,,. (39)

which trades small bias for numerical robustness [57]. Note that the
measured state variation AX (k) implicitly contains the effect of inflow
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disturbances through the term Ag(k). Under the assumption that Ag(k) is
bounded and exhibits weak correlation with the control input over the
identification window, the least-squares estimate provides a consistent
approximation of B. In practice, the use of a sliding window together
with Tikhonov regularization mitigates the impact of such disturbances
by averaging out high-frequency inflow variations. Although inflow is
measurable, incorporating it explicitly into the regressor would increase
model complexity and is therefore left for future work. The identifica-
tion window length W should be chosen to ensure identifiability of the
input map. In particular, for an unbiased least-squares estimate, the
number of samples must satisfy W > M and the regressor ¥, must
have full column rank. Otherwise, Tikhonov regularization (4 > 0) pro-
vides a numerically stable but biased estimate. In practice, we select W
to balance estimator variance, excitation requirements, and the desire
for rapid adaptation. In addition to the window length requirement,
reliable identification requires sufficient excitation of the input signal.
In particular, the regressor matrix ¥, must satisfy a persistence of
excitation condition. In practice, this is verified by ensuring that the
smallest singular value of ¥'TW, exceeds a prescribed threshold, i.e.:

Onin(Z1¥,) > €, > 0. (40)

This condition guarantees that the input directions are sufficiently
excited and that the estimated mapping B(n) is well-conditioned.

To ensure reliability of the estimated model, an acceptance test
is applied before using B(n) for controller synthesis. The estimate is
accepted only if all of the following conditions are satisfied:

+ Excitation condition: c,,,(¥]¥,) > c,,

« Residual condition: ||4X, — ¥, B(n)"||; < €.

- Physical plausibility: the entries of B(n) lie within the admissible
bounds defined by Eq. (25).

If any of these conditions are violated, the identification result is
rejected and not used for controller re-synthesis.

When identification is accepted, we compute a robust gain K by
seeking a quadratic Lyapunov certificate that enforces exponential de-
crease of the closed-loop map. To ensure real-time feasibility, the LMI
re-synthesis step is subject to a predefined computation time budget. If
the solver does not return a feasible solution within this time limit, the
update is aborted and the fallback controller is used.

The discrete-time algebraic Riccati equation (DARE) for the nominal
system is:

P=Q0+A"PA
— ATPB, . (R+ Bl PB, .)'Bl PA

nom nom

(41)

which can be solved by a standard DARE routine or by a small fixed-
point iteration when desirable. The corresponding LQR gain is:

Kigr = (R+ Bl PB,) " Bl PA. (42)

nom nom ) nom

Choose O > 0 and R > 0 to reflect the trade-off between queue
regulation and control effort. The LQR fallback is computationally light,
reliable, and guarantees a stabilizing action whenever the primary LMI
re-synthesis is unavailable.

To reduce transient queue growth caused by measurable inflow
surges, we treat the short-horizon inflows ¢'"(n) in Eq. (22) as (partially)
predictable disturbances and add a feedforward term. The feedforward
structure in Eq. (43) is motivated by a disturbance allocation perspec-
tive. Specifically, the inflow vector ¢*(n) represents the total incoming
demand that must be served by the available green times within the
cycle. Since the control input U(n) directly determines the service
capacity allocated to each direction, a natural feedforward strategy is
to distribute the expected inflow proportionally across the controllable
directions. To achieve this, the inflow vector is normalized to extract
its directional distribution, and the matrix L,, maps this normalized
demand into admissible control actions. This results in a structured, yet
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computationally simple, feedforward term that anticipates demand im-
balances and compensates them before they manifest as queue growth.

q"(n)

qui"(n) (43)

Ussm =Lyy
where L, € RM*N distributes total expected inflow to the M inde-
pendent control directions according to approach priorities, 1 € RV
is the all-ones vector. The normalization makes the allocation scale-
invariant (it prescribes a relative split of the inflow vector); absolute
magnitudes can be tuned via the entries of L,,. In this work, the
matrix L., is selected based on a combination of structural consid-
erations and empirical tuning. First, its structure reflects the mapping
between incoming approaches and controllable signal phases. Second,
the relative magnitudes of its entries are chosen to prioritize directions
with higher capacity, e.g., approaches with a larger number of lanes
are assigned higher feedforward gains.

The initial values of L,, are determined through trial and error
within a reasonable range of values, ensuring that the resulting control
actions remain within admissible bounds and do not induce oscillatory
behavior. This tuning process is guided by observed traffic performance
metrics such as queue length, delay, and throughput under represen-
tative demand scenarios. The feedforward term U, ;(n) is constructed
directly from measurable inflow signals and can be interpreted as a
disturbance compensation mechanism. Since ¢ (n) is assumed bounded,
the feedforward input is also bounded, i.e.:

”Uff(")” Sy (44)

Therefore, the inclusion of U, /(1) does not introduce instability, but
instead reduces the effective disturbance seen by the feedback loop.
It is important to note that the feedforward term does not affect the
stability guarantees of the closed-loop system, which are ensured by
the feedback component. In the case of mismatch or suboptimal tuning
of L;,, the feedforward action may lead to imperfect disturbance
compensation; however, the feedback controller compensates for such
discrepancies by correcting the resulting state deviations. Therefore,
the role of the feedforward term is to improve transient performance
rather than to guarantee stability, and the overall control scheme
remains robust to inaccuracies in L,,. Sensitivity to the choice of
L has been observed to be moderate in practice: overly large gains
may lead to aggressive control actions and increased variability, while
overly small gains reduce the effectiveness of disturbance anticipation.
In our experiments, a bounded range of values provided consistent
performance improvements across different traffic conditions.

The feedforward action is computed at each macroscopic decision
step (at the end of each cycle) and clipped to actuator bounds before im-
plementation. Combining feedback and feedforward yields the practical
control law:

Un) =Us(n) +Usp(n) = —Kn) X(n) + Uy p(n), (45)

where K(n) denotes the (possibly time-varying) robust feedback gain
from LMI synthesis (or Kjqg if the fallback is active). Substituting
Eq. (45) into the system dynamics yields:

X(n+1)=Uy - BmKmn)Xn)+ Bm)U, (n) + q"(n), (46)

which can be interpreted as a disturbed closed-loop system with a
combined disturbance term:

w(n) := Bm)U(n) + q"(n). 47)

Since both B(n) and U, ,(n) are bounded, it follows that w(n) is also
bounded. Therefore, the previously established Lyapunov function en-
sures boundedness of the closed-loop trajectories in the presence of
feedforward action. For implementation at the level of independent
directions j = 1,..., M, it is convenient to decompose the per-direction
green-time increment into feedback and feedforward parts:

Au;(n) = Au; 1 (n) + Au; 5 (n), (48)
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Algorithm 1 Adaptive Identification and Control Update

: Collect recent data D, = {(u(k), AXCDY
: Construct regressor ¥, and output matrix 4X,
: Compute B(n) via Eq. (39)
: Evaluate excitation condition: o, (¥T'¥,) > €pe
Compute residual: ||4X,, — ¥, B(n)"||
. if all acceptance criteria satisfied then
Attempt LMI re-synthesis using B(n)
if solver succeeds within time budget then
Set K(n)= P!
else
Set K(n) = Kigr
end if
: else
Set K(n) = Ky or
: end if
: Compute feedforward input U ;(n) via Eq. (43)
: Compute control:

—
H QWY XEONTD R wh 2

e S = W S G S
NOoO U s WN

U(n) = —Km)X(n) + Uy (n)
18: Apply projection:

Un) < Iy (Un)
19: Update green times:

uj(" +1)= uj(") + Auj(”)

Ay (n) = [-K(n) X ()] (49)

I
Auj,H(n) = [Uff(n)]j, (50)

and then set u;(n+1) = u;(n)+4u;(n), with appropriate clipping to satisfy
cycle constraints and physical bounds. In practice, actuator constraints
impose bounds on admissible green times, leading to a clipped control
input that can be expressed as:

Un) = My (—KmX(n) + Uy p(n)), (51)

where IT;-(-) denotes projection onto the feasible set of control inputs
defined by minimum/maximum green times and cycle-sum constraints.
This results in a nonlinear, but bounded, control law. Since the projec-
tion operator is non-expansive and the feasible set U is compact, the
resulting control input remains bounded. Under these conditions, the
closed-loop system can still be interpreted as a disturbed system with
bounded input, and the practical stability property is preserved.

Note that Eq. (45) and the per-direction decomposition in Eq. (48)
are equivalent descriptions at different levels of abstraction. Eq. (45)
expresses the control command as a vector-valued superposition (feed-
back plus feedforward), while Eq. (48) exposes the cycle-by-cycle al-
location computed per independent direction, which is the quantity
implemented in the actuator. This equivalence can also be interpreted
from an incremental viewpoint. Since the control implementation starts
from an initial green-time vector U(0) at the beginning of the simula-
tion or deployment, both the feedback and feedforward gains act by
adjusting the green times relative to the previous cycle. Accordingly,
the control law does not prescribe absolute green durations at each step,
but rather computes corrective increments that refine the previously
applied signal plan based on the current state and anticipated inflows.

By summing two signals, i.e., robust feedback component (U,,) and
feedforward disturbance rejection (Uff), the final control command ef-
fectively rejects predictable demand surges via the feedforward channel
while maintaining robust stability margins via the feedback loop, as
illustrated in the proposed control architecture in Fig. 2.

Regarding the scalability of our proposed decentralized controller,
because each intersection computes its next green time independently
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at the end of each cycle, and these computations occur in parallel,
the overall processing time grows essentially linearly with the number
of intersections. This parallelization ensures the effective increase in
computation time remains minimal even for large networks.

To address this limitation, we adopt an empirical stability validation
approach. Specifically, the proposed controller is extensively evaluated
through simulation across a wide range of operating conditions, includ-
ing varying initial queue states, demand levels, CAV penetration rates,
and uncertainty realizations. The results consistently show bounded
queue evolution and stable system behavior under all tested scenar-
ios. This provides strong empirical evidence supporting the practical
stability and robustness of the overall control architecture, despite
the absence of a unified analytical guarantee for the full closed-loop
system.

4. Experimental results

We validate the proposed adaptive-robust control architecture using
empirical traffic measurements collected at a busy signalized location in
Tehran city during a representative peak-hour in July 2025. The dataset
pertains to an arterial corridor containing two closely spaced signalized
junctions; a map of the instrumented area is provided in Fig. 3. The
inter-junction spacing of the two sites is approximately 500 m.

For the experiments reported here, we model the area as a two-node
arterial network and concentrate the controller performance analy-
sis on the central junction while treating the neighboring junction
as a realistic boundary node that supplies inflow and absorbs out-
flow. It is worth noting that the simplified two-phase control structure
adopted in this study (two independent directions) is primarily chosen
to facilitate clear analysis and interpretation of the control perfor-
mance. The proposed control framework, however, is not limited to this
configuration.

In more general intersection settings, additional phases such as
protected turning movements, pedestrian crossings, and clearance in-
tervals (lost times) can be incorporated by augmenting the control
input vector and appropriately redefining the phase structure. In such
cases, the system matrices (in particular the input matrix B(n)) can
be extended to capture the corresponding saturation flows and phase-
specific constraints. From a control design perspective, the LMI-based
synthesis and adaptive identification procedures remain applicable, as
they naturally scale with the dimension of the system. Therefore, the
proposed framework can be extended to realistic multi-phase intersec-
tions without fundamental modifications, at the cost of increased model
dimensionality.

The simulation environment is developed using the SUMO package.'
The microscopic simulations are conducted using the SUMO platform
with standard modeling assumptions to ensure reproducibility and
consistency:

+ Car-following and lane-changing models: The default SUMO
Krauss car-following model [48] is employed, which is widely
used in traffic simulation studies. The model parameters, in-
cluding acceleration, deceleration, minimum gap, desired time
headway, and driver imperfection factor, are set to their default
values as specified in the SUMO documentation. Lane-changing
behavior is governed by the default SUMO lane-changing model
without additional parameter tuning.

Traffic demand and turning movements: Traffic demand and
turning ratios are derived directly from empirical detector mea-
surements collected at the study site during the peak-hour period.
These measurements provide lane-level flow data, which are used
to construct origin—destination movements and boundary inflows
in the simulation.

! The SUMO parameter sets used in this study are available at: https:
//github.com/Arshia-Abdi/SUMO-Parameters-Set.git.


https://github.com/Arshia-Abdi/SUMO-Parameters-Set.git
https://github.com/Arshia-Abdi/SUMO-Parameters-Set.git
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Fig. 2. Two-level adaptive-robust control architecture: LMI-based intersection-level feedback, feedforward disturbance rejection from short-horizon inflow
estimates, and microscopic CAV-enabled platooning.
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3. The study area (35°45’'57.5”N 51°21'43.4”E) and the instrumented

approaches used in the experiments. The highlighted arrows indicate the

primary approaches that were monitored and used to set boundary conditions
in the simulations.

« Signal timing and phase structure: The signal phase configu-
ration, number of phases, and operational constraints are based
on field observations and information obtained from local traf-
fic operators. These configurations are replicated in the SUMO
environment to ensure realistic representation of the intersection
control logic.

Calibration and validation: Rather than performing a full mi-
croscopic trajectory calibration, the simulation is designed to re-
produce key macroscopic traffic characteristics, including queue
formation, discharge rates, and throughput. The use of measured
inflow data ensures consistency between simulated and observed
traffic patterns.

Saturation flow assumption: The nominal saturation flow rate
is set to 0.5 veh/s (1800 veh/h), which is matched with Tehran
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Table 1
Value of simulation parameters.
Parameter Symbol and Value
Number of intersection approaches n=4
Number of independent directions m=2
Cycle time duration CT =123 s
Minimum green time duration Ui, =40 s
Maximum green time duration Uy =80 S
Minimum per-cycle change Aug, =—-10s
Maximum per-cycle change Auyy =10 s
Maximum allowable speed Upax = 50 km/h
Maximum acceleration a™ =25 m/s?
Maximum deceleration max

agy =45 m/s?

Uncertainty level §=0.2 (20%)

LMI decay rate factor A =~ 0.005

LQR weight matrices Q=1,,R=0.11,
Initial green time control input U = [28] s
Initial feedforward gain Liy=[335% 5

traffic situation, and also it is a widely accepted reference value
in urban traffic engineering. So, while local driving behavior and

geometric conditions may introduce deviations, this value serves
as a reasonable baseline.

The specific configuration parameters and controller settings em-
ployed in the simulation are summarized in Table 1. The empirical
site departs from idealized, symmetric testbeds in several important
ways. Measured inflow rates are heterogeneous across approaches, and
lane configurations differ between directions: for instance, the east-—
west approaches at the Dadman-Farahzadi junction feature four lanes,
while the north-south approaches are three-lane links. Furthermore, a
geometric discontinuity exists: there is no direct east-to-north turning
movement (Dadman East — Farahzadi North). These asymmetries and
the uneven distribution of demand produce realistic propagation and
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Fig. 4. An example of lane-by-lane measured traffic volumes at the Dadman-Farahzadi junction during the representative peak window (14:00-15:00, July 2025).
These empirical traces were employed both to feed the microscopic SUMO simulations and to set macroscopic boundary conditions in the state-space experiments.

spillback phenomena, which are retained by using the observed out-
flows from the upstream junction as the inflows for the downstream
node in our arterial model.

Fig. 4 reports an exemplar subdivision of the observed traffic vol-
umes across the instrumented approaches during the analyzed hour
(14:00-15:00). The lane-level flow traces shown in the figure were
used in two complementary ways: (i) as boundary inputs to the micro-
scopic SUMO experiments that evaluate vehicle-level interactions and
CAV/platoon behavior; and (ii) to specify macroscopic boundary con-
ditions and initial states in the discrete-event state-space simulations
used for control synthesis and performance assessment. All controller
comparisons and performance metrics presented below (queue lengths,
throughput, etc.) refer to the central intersection; the neighboring
junction provides realistic dynamic inflows that allow queue spillback
and network effects to arise naturally. These empirical measurements
are directly used to construct the simulation inputs, including demand
profiles and turning movements, ensuring consistency between the real-
world observations and the simulated environment. It is important to
note that the objective of the simulation setup is to achieve realistic
macroscopic traffic behavior rather than exact microscopic trajectory
matching, which is consistent with the control-oriented focus of this
study.

To demonstrate the effectiveness and robustness of the proposed
Two-Level Adaptive-Robust Traffic Signal Control, comprehensive sim-
ulations were conducted using the SUMO microsimulation environ-
ment. In addition to performance evaluation, the simulation campaign
also serves as an empirical stability validation of the proposed con-
trol architecture. A wide range of scenarios is considered, including
different CAV penetration levels, uncertainty realizations, and initial
conditions, to systematically assess the closed-loop behavior. Across
all tested cases, the system exhibits stable queue dynamics with no
evidence of divergence or instability, supporting the practical reliability
of the proposed method. The simulations evaluate the performance
of the controller under mixed traffic conditions with varying CAV
penetration rates (0%, 25%, 50%, 75%, and 100%).

In practical deployments, the CAV penetration rate can be estimated
using a combination of vehicle-to-infrastructure (V2I) communication
and infrastructure-based sensing technologies. Connected vehicles can
directly communicate their status via roadside units (RSUs), while
conventional vehicles can be inferred through loop detectors, cameras,
or radar sensors. It is important to note that such estimates may be
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affected by noise, latency, or partial observability. To address this, the
proposed control framework incorporates a reliability-aware adapta-
tion mechanism. In particular, the estimated penetration rate is only
used to adjust adaptive components when the underlying data satisfies
predefined confidence conditions, such as consistency of measurements
over multiple cycles and sufficient data availability. If these conditions
are not met (e.g., due to missing data, high variability, or sensor
degradation), the controller automatically disables the adaptation logic
and switches to a conservative fallback mode based on LQR control.
This ensures that the system maintains stable and safe operation inde-
pendently of the accuracy of the penetration rate estimation. Therefore,
the robustness of the control architecture does not rely on precise esti-
mation of CAV penetration, and the adaptation mechanism is designed
to gracefully degrade in the presence of unreliable or incomplete data.

Figs. 5 and 6 show two samples of the simulation results for the
Adaptive-Robust LMI-based control (ARLMI) scenario under nominal
and uncertain conditions, respectively. These plots depict the dynamic
green time allocations, vehicle trajectories for both CAVs and HDVs,
and the temporal evolution of vehicle queues across the intersection
approaches.

The proposed ARLMI method, is benchmarked against four distinct
control strategies to validate its superiority in terms of traffic efficiency
and environmental impact:

» Fixed-Time (FT): A classical pre-timed signal plan optimized for
historical average traffic data.

+ Fixed-Time + Platooning (FT+PL): The FT strategy augmented
with a platooning algorithm for CAVs to enhance discharge rates.
SUMO Gap-Actuated Adaptive Control (SGAAC): The built-in
actuated traffic control logic provided by SUMO, which extends
or recalls phases based on time gaps detected by sensors [48].

Zero-Shot LLM Advisor (ZSLLM): An emerging Al-based ap-
proach utilizing a large language model to generate control deci-
sions. The LLM is employed in a zero-shot manner, meaning that
no task-specific training or fine-tuning is performed for the traffic
control problem. Instead, control actions are generated through
structured prompts that encode the current traffic conditions, in-
cluding queue lengths and recent control actions. The objective of
including this scenario is not to develop or optimize an Al-based
controller, but rather to provide a qualitative benchmark illustrat-
ing the trade-offs between advanced Al-driven decision-making
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Fig. 6. Illustrative results of the proposed ARLMI scenario for real data of Tehran city, with CAV penetration rate = 75% and in the presence of uncertainty.

and real-time feasibility. The prompt design and interaction pro-
tocol are kept intentionally simple to reflect a generic deployment
setting without problem-specific optimization. It should be noted
that the performance of this approach depends on external infer-
ence resources and may be affected by communication latency
and model response time. Therefore, this method is primarily
included to highlight computational and practical limitations of
LLM-based control in real-time traffic applications, rather than as
a fully optimized competing strategy.

Adaptive MPC (AMPC): A data-driven adaptive model predictive
control strategy in which the input matrix is recursively esti-
mated online using recent measurements of the system state and
applied control inputs. At each cycle, a finite-horizon quadratic
optimization problem is solved to regulate queue lengths by ad-
justing green times subject to operational constraints. Unlike the

proposed ARLMI, this approach does not explicitly account for
parametric uncertainty in a robust manner, but instead relies on
online model adaptation to capture time-varying traffic dynamics.
This benchmark is included to provide a comparison against a
modern adaptive optimization-based control strategy widely used
in traffic signal control.

It is worth noting that the selected benchmark strategies include
both classical and adaptive traffic control approaches commonly used
in practice. In particular, the inclusion of the AMPC scenario provides a
representative comparison against optimization-based adaptive control
methods, enabling a fair evaluation of the proposed ARLMI frame-
work against state-of-the-art model-based strategies. The performance
is evaluated using six key metrics:

+ TTP: Total Throughput (veh)
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Table 2

Comparison of calculating and processing time between the proposed
Adaptive-Robust LMI-Based Control and Zero-Shot LLM Advisor. The LMI
approach demonstrates superior real-time feasibility.

Control Calculation and Processing Time (Seconds)
Scenario Cyclel | Cycde2 | Cycle3 | Cyced4 | CycdeS | Cyce6 | Mean
ARLMI 0.0059 |0.000523 | 0.000601 | 0.000578 | 0.000787 | 0.001976 | 0.001728
ZSLLM 3.71 4.88 3.77 3.51 3.38 35 3.791667
ZSLLM
; 4.87 £7 7.33 7 7 .5 7
(Think Mode) 9.26 14.8 10.71 33 01 98  [9.52666

+ TWT: Total Waiting Time (s)

» ATT: Average Travel Time (s)
» ALT: Average Loss Time (s)

+ CO2: Total CO, Emission (mg)
» NOx: Total NO, Emission (mg)

For improved readability, emission-related metrics may be presented
in scaled units (e.g., x10% mg for CO, and x10* mg for NO,) in some
figures.

A critical requirement for urban traffic control is real-time feasibil-
ity. As suggested by recent trends, Al-based methods, such as LLMs,
are powerful but often suffer from high computational latency. We
compared the average calculation and processing time of the proposed
ARLMI method against the ZSLLM advisor. All methods were exe-
cuted on the same computational platform to ensure a fair comparison
of processing times. The hardware configuration includes a standard
desktop environment, and no method was given access to specialized
acceleration (e.g., GPUs) beyond what is inherently required by the
LLM inference process. This ensures that the reported computational
times reflect practical deployment conditions.

As illustrated in Table 2, the proposed ARLMI synthesis offers a
significantly lower computational burden compared to the LLM-based
approach. While the ZSLLM suffers from inference latencies that may
impede real-time actuation, the ARLMI optimization problem is convex
and can be solved efficiently (in milliseconds), ensuring scalability
for larger networks and guaranteeing that control actions are applied
without delay. It is important to emphasize that the LLM-based method
was not extensively tuned or optimized for this specific application.
The goal of this comparison is not to achieve the best possible Al-
based performance, but rather to provide a baseline illustration of
the trade-offs between data-driven Al approaches and control-theoretic
methods in terms of computational efficiency and real-time applica-
bility. Furthermore, the performance of the ZSLLM is inherently tied
to network stability and API communication speeds; thus, potential
internet latency or server-side delays could further exacerbate its ex-
ecution time. In contrast, the ARLMI framework operates locally with
minimal computational requirements, providing a robust and reliable
solution that maintains high-speed performance regardless of external
communication constraints.

To thoroughly analyze the capability of the proposed controller,
we consider two primary conditions regarding the saturation flow: (1)
a nominal scenario without uncertainty, and (2) a worst-case pertur-
bation to rigorously evaluate the controller’s resilience. Specifically,
the inflow rates for all horizontal links in the traffic network increase
by 20% from their nominal values. Also a parametric uncertainty
scenario in which the saturation flow rates are perturbed within +20%
bounds is considered, as detailed in Appendix. This level of uncer-
tainty is selected based on empirical characteristics of the studied
traffic network, which operates close to saturation during peak periods.
Under such conditions, variability in driver behavior, vehicle interac-
tions, and lane utilization can induce fluctuations in effective discharge
rates of similar magnitude. Furthermore, selecting significantly larger
uncertainty bounds (e.g., 40%-50%) would correspond to unrealisti-
cally severe traffic disruptions or poorly calibrated models, which are
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not consistent with the observed operating conditions of the studied
network. Therefore, the chosen +20% uncertainty level represents a
balanced assumption that captures realistic variability while avoiding
excessive conservatism in the control design. This deliberate stress test
is designed to verify the proposed method’s ability to maintain network
stability and mitigate congestion even under significant demand surges
and parameter variations.

In the scenario with nominal values and without uncertainty, the
model parameters align perfectly with the simulation environment. Fig.
7 presents the comparative results across all metrics and penetration
rates. Tables 3 and 4 present the absolute values and relative improve-
ments with respect to the Fixed-Time baseline. The results show that
both ARLMI and AMPC achieve substantial performance gains across
all metrics and penetration levels, significantly outperforming classical
and actuated control strategies.

At 50% CAV penetration, ARLMI reduces the Average Travel Time
(ATT) by approximately 68.51%, while AMPC achieves a comparable
reduction of 68.24%. Similarly, both methods yield significant reduc-
tions in emissions, with ARLMI and AMPC decreasing CO, emissions
by 61.89% and 61.88%, respectively.

In terms of Average Loss Time (ALT), the proposed ARLMI consis-
tently provides the best performance, achieving reductions exceeding
94% across most penetration levels, slightly outperforming AMPC.
Moreover, while SGAAC and FT+PL improve traffic efficiency com-
pared to FT, they remain inferior to both AMPC and ARLMI. Overall,
the results indicate that while AMPC serves as a strong adaptive bench-
mark, the proposed ARLMI framework achieves the best overall bal-
ance between efficiency, emission reduction, and delay minimization
(see Fig. 8).

In the scenario with uncertainty present, the main strength of the
proposed control lies in its ability to handle uncertainties. As seen in
Figs. 9 and 10, non-robust methods (like standard FT or even adaptive
methods tuned for nominal models) may see performance degradation.
To more clearly illustrate the relationship between CAV penetration
and system performance, we provide an aggregated view of the perfor-
mance metrics across penetration levels in Figs. 11 and 12. Unlike Figs.
7 and 9, which present multi-dimensional comparisons across control
strategies, these figures isolate the effect of CAV penetration by directly
comparing performance metrics as a function of penetration rate.

As observed in both figures, increasing the CAV penetration rate
consistently improves all key performance indicators, including ATT,
ALT, CO,, and NO,, under both nominal and uncertain conditions. This
trend indicates that higher availability of connected vehicle data and
actuation capabilities leads to more predictable and controllable traffic
dynamics, thereby reducing the effective uncertainty in the system.

Tables 5 and 6 summarize the results under structured uncer-
tainty. As expected, non-robust strategies exhibit noticeable perfor-
mance degradation, while both AMPC and ARLMI maintain strong
performance. At 0% CAV penetration, ARLMI reduces Total Waiting
Time (TWT) by 78.31%, closely followed by AMPC with a reduction
of 77.80%, whereas SGAAC achieves a lower reduction of 69.44%.
Similar trends are observed across other metrics, where AMPC provides
a competitive adaptive response but remains slightly inferior to ARLMI,
particularly in minimizing delay and loss time.

In terms of throughput, both AMPC and ARLMI maintain high
values, achieving over 215% improvement compared to FT at low
CAV penetration rates. However, ARLMI demonstrates more consis-
tent performance across all uncertainty realizations, highlighting the
advantage of explicitly incorporating robustness in the control de-
sign. These results confirm that while adaptive strategies such as
AMPC can partially compensate for model uncertainties, the proposed
ARLMI framework provides enhanced robustness and stability under
worst-case conditions.

It should be noted that, while the LMI-based synthesis provides
formal guarantees for the feedback component, the overall system sta-
bility is supported through extensive simulation-based validation rather



A. Abdi et al.

Engineering Science and Technology, an International Journal 80 (2026) 102412

FT W FT+PL W sGAAC AMPC W 7sLM B ARLMI
Percentage of CAVs = 0% Percentage of CAVs = 25% Percentage of CAVs = 50% Percentage of CAVs =75% Percentage of CAVs = 100%
2 500 500 500 500 500
e
e
E
0 04 0 0
VI FTAPL SGAAC AMPC ZSLLM ARLMI FTFTSPL SGAAC AMPC ZSLLM ARLMI VI FTOPL SGAAC AMPC ZSLLM ARLMI VI FTAPL SGAAC AMPC ZSLLM ARLMI T FTSPL SGAAC AMPC ZSLLM ARLMI
s 200 200 200 4 200 200
X
£ - -
= 04 0 0 0 o N N s 0l=m ) B spm 04
T FTAPL SGAAC AMPC ZSLLM ARLAI T FTIPL SGAAC AMPC ZSLLM ARLMI VI FTOPL SGAAC AMPC ZSLLM ARLMI T FTPL SGAAC AMPC ZSLLM ARLMI T FTIPL SGAAC AMPC ZSLLM ARLMI
z =
= 250 250 250 250 250
E
<
oL oL 04 0 0
VI FIAPL SGAAC AMPC ZSLLM ARLMI I FIOPL SGAAC AMPC ZSLLM ARLMI VI FTOPL SGAAC AMPC ZSLLM ARLMI I FIAPL SGAAC AMPC ZSLLM ARLMI T FTIPL SGAAC AMPC ZSLLM ARLMI
2 S
& 2001 200 200 4 200 200
=
0 - 0 [ 0 - 0 — 0 -
_ FIFIAPL SGAAC AMPC ZSLLM ARLMI T FIAPL SGAAC AMPC ZSLLM ARLMI VI FISPL SGAAC AMPC ZSLLM ARLAI I FIPL SGAAC AMPC ZSLLM ARLA T FTAPL SGAAC AMPC ZSLLM ARLMI
2 500 { 500 500 500 500
. e
]
x
a
1<)
o 0= oL== 0- 0- 0
L VI FIPL SGAAC AMPC ZSLLM ARLMI I FTSPL SGAAC AMPC ZSLLM ARLMI VI FIOPL SGAAC AMPC ZSLLM ARLMI I FIPL SGAAC AMPC ZSLLM ARLMI I FTSPL SGAAC AMPC ZSLLM ARLMI
@
g 204 20 204 204 20
)
&
5
z oLl oL 04 0
VI FTAPL SGAAC AMPC ZSLLM ARLMI I FISPL SGAAC AMPC ZSLLM ARLMI VI FTOPL SGAAC AMPC ZSLLM ARLMI I FIAPL SGAAC AMPC ZSLLM ARLMI T FTAPL SGAAC AMPC ZSLLM ARLMI

Fig. 7. Comparison between traffic control scenarios Fixed-Time (FT), Fixed-Time + Platooning (FT+PL), SUMO Gap-Actuated Adaptive Control (SGAAC),
Adaptive MPC (AMPC), Zero-Shot LLM Advisor (ZSLLM), Adaptive-Robust LMI-based control (ARLMI) for different CAV penetration rates under nominal
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Fig. 8. Relative changes (%) of the different strategies compared to the Fixed Time scenario Fixed-Time (FT), Fixed-Time + Platooning (FT+PL), SUMO
Gap-Actuated Adaptive Control (SGAAC), Adaptive MPC (AMPC), Zero-Shot LLM Advisor (ZSLLM), Adaptive-Robust LMI-based control (ARLMI) under

nominal conditions (without uncertainty).

than a unified analytical proof. More specifically, stability is assessed
through simulations over a wide range of operating conditions, includ-
ing variations in initial queue lengths, demand patterns, uncertainty
realizations, and CAV penetration levels. Across all tested scenarios, the
closed-loop system consistently exhibits bounded queue evolution and
absence of unstable behavior, providing strong empirical evidence of
stability for the overall control architecture. This reflects the complex-
ity of the full control architecture and aligns with common practice in
large-scale traffic control systems. As mentioned before and to further
enhance robustness under uncertain or unreliable measurements, a
fallback mechanism is incorporated into the control architecture. In
particular, when the online estimation or identification module fails to
satisfy predefined confidence criteria (e.g., due to noisy or insufficient
data), the controller switches to a conservative LQR-based control
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mode. This fallback strategy ensures that the system maintains stable
and safe operation even under degraded sensing conditions, thereby
preventing performance deterioration due to unreliable penetration
rate estimation.

5. Discussion

The experimental evaluation confirms several core hypotheses mo-
tivating this work and provides practical insights into the strengths of
the proposed ARLMI architecture.

First, the LMI-based state-feedback synthesis delivers formal,
tractable stability certificates for the intersection-level store-and-
forward model under structured polytopic uncertainty in the input
matrix B(n). By enforcing a one-step quadratic Lyapunov decrease
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Fig. 9. Comparison between traffic control scenarios Fixed-Time (FT), Fixed-Time + Platooning (FT+PL), SUMO Gap-Actuated Adaptive Control (SGAAC),
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of uncertainty.

across the chosen vertex set and recovering the feedback gain via the
r K P change of variables, the method produces gains that are
numerically amenable to semidefinite programming and that guarantee
exponential decay of the queue-energy bound. In practice, this formal
robustness translates into markedly smaller queue accumulations and
improved throughput in the presence of parameter perturbations when
compared to non-robust baselines. Importantly, this advantage remains
evident when compared against stronger model-based adaptive base-
lines such as AMPC. While AMPC dynamically adjusts control inputs
based on short-horizon predictions and online model estimation, it does
not explicitly enforce robustness guarantees under structured uncer-
tainty. As a result, although AMPC achieves competitive performance
under nominal conditions, it may exhibit performance degradation
when system parameters deviate from their estimated values. The

16

SUMO-backed experiments using real arterial data show consistent
performance gains for ARLMI across environmental metrics and travel-
time measures, indicating that the Lyapunov certificate has useful
operational consequences beyond asymptotic theory.

Second, the feedforward disturbance-rejection channel meaning-
fully reduces transient queue growth caused by near-term measurable
inflow surges. By consuming short-horizon inflow and upstream in-
dicators and distributing the expected inflow across the independent
directions using a conservative allocation matrix L, the controller
can preemptively allocate green time to approaches that will receive
sudden demand. This reduces the reactive burden on the feedback
loop, lowers the magnitude of control corrections, and improves ride-
through performance during demand spikes. The decomposition of
per-direction increments, Au; = Au;, + 4u;,, is practically convenient
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Improvement of Traffic Performance with Increasing CAV Penetration (No Uncertainty)
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Fig. 12. Effect of CAV penetration rate on performance metrics in presence of uncertainty.

for implementation and clarifies the distinct roles of feedback (stability,
long-run regulation) and feedforward (transient compensation).

Third, the adaptive operational layer, an identify-then-control
scheme that estimates B(n) from recent cycle data using a regularized
least-squares estimator and triggers online LMI re-synthesis only when
identification confidence and compute budget permit, achieves a favor-
able balance between adaptivity and computational feasibility. In our
experiments, the adaptive loop successfully reduced conservatism when
CAV penetration increased (thus reducing input mapping uncertainty),
while retaining a safe fallback behavior through an LQR gain computed
from a nominal B,,, whenever identification was unreliable or solver
resources were constrained. This pragmatic design addresses a common
practical concern with many adaptive robust schemes: the tension
between rapid online adaptation and guaranteed safe performance
when computation or data quality deteriorates. In contrast, AMPC
follows a receding-horizon optimization strategy based on an implicitly
updated system model, but without incorporating explicit robustness
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margins in the controller synthesis. This distinction highlights a key
contribution of the proposed framework: the integration of online
adaptation with formal robustness guarantees, which is not inherently
present in standard adaptive MPC formulations.

Fourth, the computational profiling versus a zero-shot LLM advisor
baseline highlights a critical implementation reality: Al-based advisors
can offer promising ideas but often demand substantially higher infer-
ence and orchestration latency (and network dependency), which may
compromise real-time actuation. In our platform-level tests, ARLMI
required orders of magnitude less online processing time per cycle than
the LLM-based scenario (ZSLLM).

However, it should be emphasized that the primary performance
comparisons in this study are conducted against established traffic
control strategies, including SGAAC and the model-based adaptive
benchmark AMPC. The ZSLLM scenario is therefore included as a
secondary reference to illustrate computational trade-offs rather than
as a directly comparable control baseline. These findings support the
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Table 3
Results without uncertainty. Absolute values of CO, (mg), NO, (mg), ATT (s),
ALT (s), TWT (s), and TTP (veh) across CAV penetration levels for each control
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Table 4
Relative results without uncertainty. Percentage change relative to the Fixed-
Time baseline.
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view that lightweight control-theoretic designs with formal guarantees
remain highly competitive for embedded, safety-critical urban control
tasks.

Overall, the inclusion of AMPC as a representative adaptive model-
based controller provides a more rigorous benchmark for evaluating
the proposed approach. The results indicate that while both AMPC and
ARLMI benefit from online adaptation, the explicit incorporation of
robustness constraints in ARLMI leads to more consistent performance,
particularly under uncertainty and demand fluctuations.

6. Conclusion and future works

This paper proposed a decentralized, two-level adaptive-robust con-
trol architecture for signalized intersections in mixed traffic environ-
ments. By combining macroscopic LMI-based robust synthesis with
microscopic Connected and Autonomous Vehicles (CAVs) platooning,
the framework effectively addresses the dual challenges of operational
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tration rates to dynamically optimize the trade-off between robustness
and performance. Simulation results based on real-world traffic data
confirmed that the proposed method significantly reduces delays and
emissions compared to state-of-the-art benchmarks and offers a com-
putationally superior alternative to LLM-based controllers for real-time
applications.

For future work, several promising directions can be identified. A
first and natural step is the field deployment of the proposed ARLMI
controller and its validation through hardware-in-the-loop experiments
on real traffic signal controllers or real-time PLC platforms, which
would allow a systematic assessment of robustness against sensor
degradation, communication jitter, and pedestrian-induced blocking
under operational conditions. Beyond single or small arterial deploy-
ments, the two-level architecture can be generalized to larger urban
networks, where its integration with Macroscopic Fundamental Dia-
gram (MFD)-based perimeter control schemes could enable coordinated
area-wide demand balancing while preserving the local LMI-based sta-
bility certificates. From a resilience perspective, future studies should
also address adversarial and fault scenarios, including malicious sensor
data and cyber-attacks on communication channels, by hardening the
estimation and decision logic through anomaly detection and secure



A. Abdi et al.

Table 5
Results in presence of uncertainty. Absolute values for the same metrics and
control scenarios when structured uncertainty is present in B(n).
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Table 6
Relative results in the presence of uncertainty. Percentage change relative to
the Fixed-Time baseline.

estimation techniques. Finally, the framework can be extended toward
a human-in-the-loop, multi-objective tuning paradigm, in which emis-
sions, delay, equity, and other policy-relevant criteria are explicitly
traded off and traffic operators are provided with intuitive mechanisms
to guide and adjust controller behavior for real-world adoption.
Another important direction for future research is the extension
of the proposed framework to more complex intersection geometries
and signal phase structures. In particular, real-world intersections of-
ten include protected turning phases, pedestrian crossings, and non-
negligible clearance (lost) times between phases. These features can
be incorporated into the proposed modeling and control framework by
augmenting the system state and input vectors and redefining the phase
structure accordingly. For example, protected turning movements can
be modeled as additional control inputs with dedicated saturation flow
parameters, while pedestrian phases can be represented as constrained
intervals that impose additional timing requirements. Although such
extensions increase the dimensionality of the system and the associated
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Appendix. Additional robustness and sensitivity analysis

In this appendix, we provide additional simulation results to com-
plement the main experimental section and to further clarify the robust-
ness and sensitivity properties of the proposed control framework. In
particular, we explicitly separate the effects of (i) saturation flow uncer-
tainty and (ii) inflow variations, and we report the system performance
under multiple operating conditions.

Two distinct sources of uncertainty are considered in this work:

+ Exogenous inflow disturbances: These correspond to variations
in the arrival rates ¢*(n) and are treated as bounded disturbances
in the closed-loop dynamics.

Parametric uncertainty in saturation flow rates: This is mod-
eled through the polytopic representation of the input matrix B(n)
as a convex combination of vertex matrices, as shown in Eq. (26).
Each vertex matrix corresponds to an extreme realization of the
saturation flow rates s, under bounded uncertainty. Specifically,
the vertices are defined as:

- B;: All approaches operate at upper-bound saturation flow
rates, i.e., s; = (1 + 6)s}°™

(1 + §)spom 0
3 0 (1 + §)shom
Bi=-las 8)spem 0 @D
0 (1+ §)stom

- B,: All approaches operate at lower-bound saturation flow
rates, i.e., 5; = (1 — &)s]°™

(1 = §)stom 0
3 0 (1= )shom
B="lu- 8)spem 0 *-2)
0 (1= §)stom

— Bj: Horizontal approaches (1 and 3) operate at upper-bound
saturation flow rates, while vertical approaches (2 and 4)
operate at lower-bound rates:

(1 + §)spom 0
0 (1= )spom
By=-— ! A.
} 1+ 8)spm 0 @3
0 (1= )shom

- B,: Horizontal approaches operate at lower-bound satura-
tion flow rates, while vertical approaches operate at upper-
bound rates:

(1 = §)stom 0
_ 0 1+ 8)stom
Bi=-14- 8)spom 0 S
0 (1 + 8)stom

In the simulations presented in this appendix, the uncertainty
level is set to 6 = 0.2, corresponding to a +20% variation around
the nominal saturation flow rates. The resulting numerical values
of the vertex matrices are:

06 0 04 0
0 06 0 04

B =— B, =— A

! 06 ol 27 7los ol (A-52)
0 06 0 04
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0.6 0 0.4 0
0 04 0 0.6

Bs==los o B="loa o (A.5b)
0 04 0 0.6

The vertex matrices B, ..., B, therefore represent extreme real-

izations of the saturation flow uncertainty set and are used to
evaluate the robustness of the proposed controller under worst-
case conditions.

The selection of the uncertainty bound § = 0.2 is motivated by both
empirical observations and modeling considerations. The studied urban
corridor in Tehran typically operates under high-demand conditions,
where the network frequently approaches saturation during peak hours.
In such regimes, variations in driver behavior, lane utilization, vehicle
composition, and local disturbances can lead to noticeable fluctuations
in effective saturation flow rates. Based on these observations, a +20%
variation around the nominal saturation flow is considered a realistic
and practically relevant uncertainty range. This level of variation is
sufficient to capture the impact of heterogeneous driving behavior
and traffic disturbances without introducing excessively conservative
assumptions. It is also important to note that adopting significantly
larger uncertainty bounds (e.g., +50%) would imply highly unrealistic
deviations from nominal traffic conditions and would lead to overly
conservative controller designs. Therefore, the selected uncertainty set
provides a balanced trade-off between realism and robustness, ensur-
ing meaningful performance evaluation under representative operating
conditions.

In the main text, these effects are analyzed separately: the LMI-
based synthesis guarantees robustness with respect to parametric uncer-
tainty in B(n), while inflow variations are handled through feedforward
compensation and disturbance rejection mechanisms. To evaluate the
sensitivity of the proposed controller to saturation flow uncertainty,
we conducted simulations for each vertex matrix B;, i = 1,...,4,
corresponding to different extreme realizations of the uncertainty set.
For each scenario, the system performance is evaluated under varying
initial green times and performance metrics introduced in Section 4 are
recorded. The results are summarized in Fig. A.13 and Table A.7, where
each block corresponds to a specific uncertainty realization.

To further improve the interpretability of the results presented in
Fig. A.13 and Table A.7 provides a graphical representation of the same
data. Each subplot illustrates the variation of a specific performance
metric with respect to the initial green time under different uncertainty
realizations. This visualization helps to better highlight performance
trends and differences across scenarios, which may be less apparent
in tabular form. In particular, it confirms that the proposed controller
maintains consistent behavior across all uncertainty vertices, while
preserving similar trends with respect to the initial signal timing.

These results demonstrate that our proposed method maintains sta-
ble and consistent performance across all uncertainty vertices. In par-
ticular, while variations in saturation flow rates affect absolute perfor-
mance levels, the controller preserves stability and avoids performance
degradation across all tested cases.

The results in Fig. A.13 and Table A.7 highlight several important
observations:

» The proposed controller exhibits robust performance across all
extreme uncertainty realizations, confirming the effectiveness of
the polytopic LMI formulation.

Performance trends remain consistent across different initial cycle
times, indicating that the control strategy is not overly sensitive
to the choice of signal timing parameters.

The variation between best-case (B;) and worst-case (B,) sce-
narios is bounded, demonstrating that the controller effectively
mitigates the impact of parameter uncertainty.

Intermediate cases (B;, B;), which represent asymmetric uncer-
tainty across directions, further confirm that the controller adapts
well to heterogeneous traffic conditions.
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Fig. A.13. Sensitivity of key performance metrics (CO, (mg), NO, (mg), ATT (s), ALT (s), TWT (s), and TTP (veh)) with respect to the initial green time under

nominal conditions and different saturation flow uncertainty realizations (B, ..

IR

B,). Each subplot illustrates the variation of one metric as a function of the

initial green time. The results complement Table A.7 by providing a visual comparison of performance trends across uncertainty scenarios, highlighting the

robustness and consistency of the proposed controller.

Table A.7

Sensitivity analysis of the proposed controller under saturation flow uncer-
tainty. Performance metrics (CO, (mg), NO, (mg), ATT (s), ALT (s), TWT (s),
and TTP (veh)) are reported for different initial green times under nominal
conditions and for each uncertainty vertex B, ..., B, (corresponding to +20%
variation in saturation flow rates). This table isolates the effect of parametric
uncertainty in B(n) while keeping inflow conditions unchanged.

Initial Green Time 40 50 60 70 80

. CO, 93618762 | 92875515 | 92180362 | 92082148 | 91665801

-] E NOy 36037.1 | 35670.57 | 35348.41 | 35323.59 | 35061.39
é .E ATT 91.49 90.86 90.4 90.1 89.69
E § ALT 26.87 25.98 25.56 25.23 24.92
= TWT 1973 1836 1769 1719 1663
TTP 308 308 306 308 307

CO, 83676479 | 83298539 | 82897505 | 82993666 | 82795284

LE} NOx 32115.8 | 31904.91 | 31736.38 | 31759.62 | 31653.08
Il ATT 91.05 90.54 90.2 90.09 89.83
@ ALT 25.93 25.38 25.06 24.96 24.61
m TWT 1609 1566 1455 1622 1576
TTP 280 278 282 278 280

CO, ]102626916(102846059|101109109|101449766|102119452

Z cg NO4 39578.36 | 39635.84 | 38854.72 | 38976.38 | 39240.58
'g Il ATT 91.82 91.64 90.72 90.56 91.38
= @ ALT 26.84 26.84 25.8 25.73 26.36
::1 /M TWT 2002 1881 1816 1853 1949
: TTP 339 340 338 338 338

§ CO, 92153421 | 92670470 | 92109144 | 92766354 | 93095107

§ CE NO, 35417.97 | 35598.84 | 35393.45 | 35608.38 | 35765.9
o1 ATT 90.66 91.08 91.23 91.4 91.78
2“ @ ALT 25.43 25.99 26.17 26.2 26.64
il TWT 1760 1772 1639 1764 1902
TTP 308 309 305 306 304

CO, 94007066 | 93684513 | 92225943 | 91550303 | 92004529

5 NOy 36209.26 | 36038.16 | 35358.13 | 35032.47 | 35220.02
Il ATT 91.74 91.59 89.99 89.64 89.8
g ALT 26.82 26.65 25.13 24.76 24.83
/M TWT 1707 1701 1737 1586 1624
TP 313 311 313 310 312

21

It is important to note that the results presented in this appendix
primarily reflect the effect of the feedback component under varying
uncertainty realizations. In particular, since the uncertainty is intro-
duced through B(n), the robustness properties demonstrated here are
directly attributable to the LMI-based feedback design. The feedfor-
ward component, on the other hand, is designed to mitigate inflow
disturbances and primarily affects transient performance rather than
robustness to parametric uncertainty. Therefore, the results in this ap-
pendix implicitly illustrate the contribution of the feedback controller
in handling structural uncertainty in the system dynamics.

Overall, the additional results presented in this appendix confirm
that the proposed control framework achieves robust and consistent
performance under a wide range of uncertainty realizations and operat-
ing conditions. These findings complement the main simulation results
and further support the effectiveness of the proposed adaptive robust

control architecture.
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