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Abstract

Intelligent Transportation Systems (ITS) play a pivotal role in addressing traffic congestion,
inefficiency, and safety concerns. Emergency lane control on highways is a critical ITS
component, yet existing strategies often lack flexibility, theoretical rigor, and the ability
to handle dynamic spatiotemporal interactions under uncertain data. To address these
limitations, this paper introduces Koopman Graph Mamba (KGM), an innovative frame-
work integrating the Koopman operator with a graph-based state space model for dynamic
emergency lane control. KGM leverages multimodal traffic data to predict spatiotemporal
patterns, facilitating real-time decisions. An interpretable decision module based on fuzzy
neural networks ensures context-sensitive decisions. Evaluated on a real-world dataset
from the Changshen Expressway (Nanjing-Changzhou section) and public datasets includ-
ing NGSIM, PeMS04, and PeMS08, KGM demonstrates superior performance with linear
computational complexity, underscoring its potential for large-scale, real-time applications.

Keywords: Intelligent Transportation System; emergency lane control; Koopman Mode
Decomposition; state space model; fuzzy neural network

1. Introduction

Transportation is a cornerstone for economic growth, environmental sustainability,
and quality of life. However, it faces significant challenges such as congestion, safety
concerns, and inefficiency. Intelligent Transportation Systems (ITS) [1-3] address these
issues by integrating sensor data, predictive analytics, and machine learning to enhance
throughput, control, service, and safety. Despite their potential, ITS are characterized
by inherent uncertainties and dynamic complexities, which result in high-dimensional,
nonlinear dynamical systems that complicate the development of accurate traffic evolution
models. A key challenge lies in managing the dynamic interactions within these systems,
which, in the context of this study, refer to the real-time decision-making process that
continuously determines whether to activate emergency lanes based on evolving traffic
conditions, creating a feedback loop between the traffic state and control actions.

Emergency lane control on highways [4-6], a critical component of ITS, can mitigate
congestion and prevent bottlenecks through strategic use of lanes typically reserved for
urgent operations. The primary goal of temporary emergency lane activation is to augment
road capacity during periods of high demand or unexpected incidents, thereby alleviating
congestion, reducing travel time, and enhancing traffic safety. Effective management of
emergency lanes is essential for improving traffic flow and safety. Ref. [7] has shown
that opening the temporary hard shoulder running on the M25 motorway in the United
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Kingdom can decrease emissions and congestion. Refs. [8,9] have examined the safety
implications of hard shoulder use, uncovering correlations between shoulder length, usage
timing, and collision frequency. Ref. [10] indicates that active traffic management, including
dynamic emergency lane operations, can lower accident rates on Interstate 66 in Virginia.
Advanced optimization techniques, such as genetic algorithms [11] and Q-learning [12],
have been applied to optimize emergency lane control, thereby reducing travel time. A
specific approach [13] optimizes hard shoulder use during accidents to minimize delays.
Furthermore, ref. [14] presents a novel Kriging-genetic algorithm-based optimization for
highway emergency lane control, incorporating the spatiotemporal aspects of emergency
lane openings to improve operational efficiency and safety.

These studies emphasize the importance of rational emergency lane utilization for
both safety and efficiency. Current emergency lane control strategies, however, are often
inflexible, relying on fixed-time or fixed-space controls. Moreover, the dependence on
video surveillance and experiential judgment lacks a robust theoretical foundation and
is difficult to evaluate. The optimization of these strategies is constrained by several
limitations: (i) existing methods typically optimize either spatial or temporal strategies
under static conditions, neglecting dynamic interactions; (ii) spatiotemporal traffic patterns
are often inadequately represented and predicted by existing approaches, which rely on
static or simplistic models that fail to capture the complex and evolving nature of traffic
flow and the intricate interactions between different road segments; (iii) decisions are
made based on certain information, and the difficulty in obtaining complete information
in real-world scenarios means that this reliance on potentially imprecise or uncertain data
results in challenges to achieving reliable and effective decisions; and (iv) the computational
intensity and time consumption of these algorithms hinder practical implementation. These
limitations highlight the necessity for advanced and efficient optimization methods capable
of addressing the dynamic nature of emergency lane control, integrating multiple objectives,
and providing real-time solutions. Consequently, developing a decision-making model to
predict congestion and assess the benefits of temporary emergency lane use is imperative.

To address these challenges, we propose the Koopman Graph Mamba (KGM), an in-
novative framework that integrates the Koopman operator with a graph-based State Space
Model (SSM). KGM leverages road monitoring data to make dynamic, real-time decisions
regarding emergency lane activation. Multimodal traffic data, including traffic volume,
vehicle types, density, and speed, are analyzed using Koopman Mode Decomposition
(KMD) [15] to identify and forecast spatiotemporal traffic patterns, which inform proactive
decision-making. The Graph Mamba (GM), built upon SSM, facilitates efficient, low-latency
decisions and excels in real-time processing of long-range dependencies and large-scale
datasets, which are crucial for effective traffic management. In the KGM model, highway
observation points are represented as nodes that encode both current and predicted traffic
parameters, and the multi-layer structure captures the complex interactions among road
segments, with an embedded attention mechanism dynamically highlighting critical seg-
ments during decision-making. Furthermore, an Interpretable Decision Module (IDM),
powered by Fuzzy Neural Networks (FNN) [16], formulates the control of emergency
lanes as a binary classification task based on imprecise or uncertain data. This module
predicts the necessity for emergency lane activation and generates actionable recommenda-
tions based on a predefined probability threshold. Consequently, the KGM model ensures
prompt and well-informed decisions for emergency lane control, optimizing traffic flow
and safety. Preliminary comparative analysis shows that KGM achieves a higher F1-score
(0.978 on the real-world dataset) compared to existing graph-based methods (e.g., STSGCN:
0.952) and Mamba-based models (e.g., GMN: 0.965), while maintaining O(n) complexity,
which is a significant advantage over computationally intensive alternatives.
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This paper makes several key contributions, which are outlined below:

*  The application of KMD to reveal and predict spatiotemporal traffic patterns, in-
troduces three distinct traffic patterns that provide a theoretical basis for dynamic
decision-making in highway emergency lane control.

¢  The integration of the Koopman operator into a graph-based SSM, enables real-time,
dynamic decision-making, and proposes a node prioritization strategy for informed
sparsification, enhancing the model’s capability to handle complex traffic scenarios.

¢  The development of an IDM using FNN to frame emergency lane control as a binary
classification problem, synthesizes fuzzy rule outcomes and KMD-recognized patterns
for context-sensitive and integrated decision-making, effectively handling imprecise
or uncertain data.

¢  The comprehensive evaluation on a real-world Chinese road dataset and NGSIM,
PeMS04, and PeMS08 datasets, demonstrates the superior performance of KGM in dy-
namic emergency lane control compared to baseline models, with O(n) computational
complexity, significantly reducing overhead.

2. Related Work
2.1. Traffic Prediction

Traffic forecasting [17-20] is a fundamental aspect of ITS. Traditional approaches have
been widely employed, but they often struggle with capturing complex spatiotemporal
dependencies and nonlinear patterns in traffic data. The advent of deep learning, particu-
larly graph-based models, has significantly advanced the field. Recurrent Neural Networks
(RNN) have effectively addressed temporal dynamics, while Graph Convolutional Net-
works (GCN) have provided an improved representation for the non-Euclidean nature of
spatial relationships, albeit with challenges such as over-smoothing. The incorporation of
Convolutional Neural Networks (CNN), renowned for their proficiency in spatial analysis,
and attention mechanisms has further enhanced feature extraction capabilities. This integra-
tion has led to the development of sophisticated hybrid models, including Spatio-Temporal
Graph Convolutional Networks (STGCN) [21] and Spatial-Temporal Synchronous Graph
Convolutional Networks (STSGCN) [22], which synthesize these techniques to achieve
state-of-the-art performance.

Recent studies, such as the Spatial-Temporal Large Language Model (ST-LLM) [23] for
capturing complex dependencies, further advance the field. Despite these advancements,
the requirement for extensive datasets and the inherent complexity of these models presents
significant obstacles, especially in scenarios with limited data availability. Furthermore,
these models are predominantly designed for prediction tasks and often lack the integrated,
interpretable, and low-latency decision-making capability essential for direct real-time
control applications like emergency lane management. As our experimental results will
later demonstrate (c.f. Section 5.4.3), while models like STSGCN achieve high prediction
accuracy (F1 = 0.952), the proposed KGM framework surpasses them in the decision-
making task (F1 = 0.978) while maintaining the linear computational complexity crucial for
real-time operation.

2.2. Mamba

The Mamba framework, an advanced variant of selective SSM, is adept at handling
sequential data, including text, time series, and speech, and has recently been extended
to non-sequential data such as images and graphs. This extension leverages Mamba’s
ability to capture long-range dependencies and facilitate efficient learning and inference,
positioning it as a versatile, general-purpose model across diverse domains. In financial,
traffic, and weather forecasting, which rely heavily on time-series data, Mamba enhances
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the modeling of long-range sequences. Notable applications include TimeMachine [24],
which employs Mamba for low-memory, multivariate time-series pattern recognition. For
graph-structured data, Selective SSM facilitate the encoding of contextual information and
the regulation of input flow, processes that can be analogized to attention sparsification.
Specifically, the Graph-Mamba [25] approach combines graph flattening with Mamba’s
selection mechanism, while the Graph Mamba Network (GMN) [26] reinterprets SSM for
graph learning, outperforming both GNN and Transformer across multiple benchmarks.
For Spatial-Temporal Graph (STG) data, STG-Mamba [27] combines a graph selective
state space block and kalman filtering within an encoder-decoder framework, delivering
state-of-the-art performance and efficiency.

In contrast to previous approaches [28], KGM model integrates Koopman operator
with a graph-based SSM, specifically designed for dynamic and real-time decision-making
in emergency lane control. While existing Mamba applications like GMN focus on graph
representation learning and achieve high efficiency (F1 = 0.965 in our experiments), they
do not inherently provide the interpretable decision logic required for trustworthy traffic
control. KGM addresses this by incorporating a dedicated Interpretable Decision Module
(IDM), enabling it to leverage the efficiency of SSMs for a novel, decision-oriented task
where both performance and explainability are paramount.

3. Problem Definition

The control of emergency lanes on highways aims to determine the optimal times
to open these lanes to enhance traffic efficiency and safety. The control strategy specifies
the start point and length of the segment where the emergency lane should be opened,
thereby improving traffic conditions in congested or accident-prone areas. As illustrated in
Figure 1, the control segments are spatially discretized into segments s of approximately
equal length, with each segment /s ranging from 200 to 400 m. Temporally, the control
duration T is divided into 10-min intervals T, during which the status of each segment
remains constant. A binary variable D; represents the status of the emergency lane for the
s-th segment: Ds = 1 indicates the lane is open, and Ds = 0 indicates it is closed.
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Figure 1. Highway emergency lane control diagram.
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As shown in Figure 1, the control strategy for all spatial segments within the same
time interval T is represented as:

The control duration T is divided into  intervals of T, and the control strategy over
the entire duration T is denoted as:

Ik = |:I]1(I 12/ tee /I]t(:| (2)

where k represents the observation point. This strategy is a two-dimensional s x t binary
variable matrix, where s is the number of spatial segments and ¢ is the number of time
intervals. The matrix describes open or closed status of each spatial segment of the emer-
gency lane control section L during different time intervals. To ensure the feasibility of
the control strategies, temporal and spatial constraints are imposed. The impact of each
control strategy I} on highway traffic conditions varies, and the optimization problem is to
determine the optimal control strategy I that maximizes operational efficiency and safety
under these constraints.

To reduce the effects of frequent adjustments in emergency lane control on manage-
ment costs and driver safety, spatiotemporal constraints are introduced. A 30-min time
window is established to analyze traffic condition changes and define temporal constraints.
Decisions on the emergency lane’s status (open or closed) are made every 10 min. The
total count of state alterations for all spatial segments of emergency lane between two
consecutive decisions is defined as the number of state transitions within the time window.
The decision-making interval T, set to 10 min, represents the minimum duration during
which the emergency lane maintains its state.

2
(Df+1 - th) < Ntrans (3)

s
i=1

In the given context, D! is the control state of the i-th spatial segment at time period
t, and Df“ is control state at the next time period t 4 1. The term Nirans represents the
number of time window transitions, defined as the total number of changes in control
variable D; across all spatial segments within a single time window. A transition is counted
whenever D; changes from 0 to 1 or from 1 to 0.

To reduce the frequency of state changes and enhance safety, the number of state
transitions must be controlled. Spatial constraints are added to the emergency lane control
strategy to prevent overly fragmented opening and closing patterns, which could increase
lane-changing events and safety risks. Using the concept of connected components from
graph theory, we define the degree D of discreteness in the emergency lane’s states. Within
a 10-min interval, consecutive open and spatially connected segments are counted as a
single lane component. D = 0 means the segment does not form a lane component, while
D = 1 means it does. The sum of all lane components within an interval is denoted as
Ncomponent- The following constraints must be met by the number of lane components [14]:

ZD < Ncomponent (4)

4. Methodology
4.1. Overview

As illustrated in Figure 2, the KGM workflow begins with the acquisition and pre-
processing of real-time and multimodal traffic data from road monitoring devices. The
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proposed KGM framework is primarily designed for controlled-access highways (e.g., ex-
pressways, motorways). Its effectiveness is predicated on the infrastructure characteristics
of such roads, including the presence of a dedicated emergency lane (hard shoulder), full
access control, and the availability of consistent sensor data along the corridor. This data, in-
cluding traffic volume, vehicle types, density, and speed, is processed to ensure consistency
and remove noise. The preprocessed data then undergoes KMD to identify spatiotemporal
patterns for predicting future traffic conditions. A spatiotemporal graph is constructed,
where highway observation points are represented as nodes, each enriched with both cur-
rent and forecasted traffic parameters, and edges represent interactions between different
road segments. To mitigate computational overhead and enhance unidirectional recurrent
updates, a node prioritization strategy is employed. This strategy flattens the nodes into a
sequence through a structured process, with more influential nodes placed at the end. This
reordering ensures that key nodes have access to a broader context, improving the model’s
capacity to utilize comprehensive historical information. The GM network processes graph-
structured data, capturing long-range dependencies and focusing on critical segments
through multiple layers. The IDM classifies emergency lane activation as a binary decision
using FNN. The IDM integrates fuzzy rules and recognized traffic patterns derived from
KMD, utilizing the outputs of the GM and Gated Graph Convolutional Network (Gated
GCN) as inputs. Recommendations are generated based on activation probability, and
the system adapts and improves over time, optimizing the utilization of graph-structured
data for accurate and context-sensitive decision support in managing emergency lanes
on highways.
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Figure 2. Overview of Koopman Graph Mamba architecture.

4.2. Koopman Mode Decomposition

The Koopman operator theory offers a linear framework for the temporal evolution
of observables in dynamical systems, facilitating the extraction of underlying structural
information from data. Spectral decomposition via the Koopman operator segregates the
system into mean, periodic, and stochastic components. Discrete spectra provide clear
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insights into stable and oscillatory behaviors, whereas continuous spectra are indicative
of chaotic dynamics. KMD, based on the operator’s eigenvalues and modes, represents
complex data as a collection of evolving, interpretable sub-patterns. KMD, which is
computable through Dynamic Mode Decomposition (DMD) algorithms, is a robust method
for analyzing and predicting the behavior of intricate systems. In traffic flow prediction,
Koopman-theory-based models are employed to capture hierarchical system dynamics
through a stackable block structure that sequentially analyzes the temporal evolution of
traffic. Each block identifies local dynamic features and computes context-aware operators
for global optimization. Furthermore, the Koopman predictor is integrated into a deep
residual network, enabling end-to-end optimization for the prediction task.

For traffic flow data, we formalize it as a time series matrix P = [py, ..., pt], where
t represents time, p; = [pyj,. .., pxi]', K denotes the number of observation points. The
average matrix P is defined as:

t t
b= m—%ﬁmwwm—%xm (5)
i=1 i=1

Following mean subtraction, the data matrix is processed by the Hankel-DMD al-
gorithm, which integrates time-delay embedding (Hankel matrix) with ExactDMD. As
a state-space reconstruction technique, delay embedding recovers the intrinsic attractor
of the original system. After selecting an appropriate delay, the mean-subtracted data is
embedded using Equation (6), thereby enabling the extraction of dynamic modes.

Pr P2 -+ Pm-d

o P2 P3 <o Pm—d+1

P—-Q=| . . : :[qum} (6)
Pi Pd+1 --- Pm

The ExactDMD aims to approximate a finite-dimensional form of Koopman operator,
conforming to the relation in Equation (7). This approximation captures the essential
dynamics in a reduced space, enabling the identification of significant system modes.

Q2 = KQq +r 7)
Q= [ qi,---,9q1-1 } 8)
Qz=[qz,--.,q1 } )

In this context, Q1 and Q; are the time-shifted matrices, K represents the finite matrix
approximation of Koopman operator, and r denotes residual error resulting from the finite-
dimensional truncation of a potentially infinite expansion. The ExactDMD approximates
the Koopman operator by minimizing the residual term in a least squares sense. This is
achieved by applying Singular Value Decomposition (SVD) of Q1 = UZW™ to re-express
Equation (7) as:

Q> =KQ; +1r=KUZW* +r (10)

Since r must be orthogonal to U, multiplying both sides of Equation (10) by U*, we obtain:
U*Q; = U'KUZW* + U*r = U'KUZW* (11)

Through a similarity transformation, we can obtain a matrix S = U*KU = U*Q,WY_ !
related to K. Since K and S are related, they share the same eigenvalues. If (A;, w;) is an
eigenvector of S, then (A;, v; = Uw;) is an eigenvector of K. Additionally, the sampled
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data, representing a discrete-time version of a continuous process, yields eigenvalues {A;}
on the unit circle. The corresponding continuous-time eigenvalues are given by:

(12)

where T is the sampling interval. The KMD then describes observed data points p; as:
l
Pima(t) = Y_ bovie®i" = Ve“tby (13)
i=1

In this context, e“t is a diagonal matrix with elements e®i L.V = [vq,...,v]], where
v; is the eigenvectors. by = V'p1, where V1 is the Moore-Penrose pseudoinverse of V.
The Hankel-DMD algorithm [15] generates mode-eigenvalue pairs (v;, w;). These pairs
can be evolved over t time steps using Equation (13) to reconstruct the data. Extending
this evolution beyond ¢ steps enables the prediction of future system states. A visual
representation of the procedure is provided in Figure 3.

Hankel-DMD
Hankel Matrix
P Py o P
P:[pl,...,pf] B B e W
Traffic data Py Py - P

\—> Data Time Avg.

P:[@Pwﬁj

Reconstructed data

P= |:pz+1""’pl,+s:|‘—

Forecasted data

Figure 3. Schematic of the Koopman Mode Decomposition procedure.

Inspired by [29], we classify traffic patterns into three distinct categories based on
the eigenvalues V of Koopman operator: Steady-State Smooth Traffic (SST), Asymmetric
Oscillating Congestion (AOC), and Multi-Source Bottleneck Diffusion Congestion (MSBDC).
SST is characterized by smooth and steady traffic flow with minimal congestion and high
average speeds. This pattern typically occurs during off-peak hours or in less congested
areas, where the traffic volume is well below the road capacity, allowing vehicles to maintain
consistent speeds and safe distances. The key features of SST include: (i) high average
speeds and low variability: vehicles maintain consistent speeds with minimal fluctuations;
(ii) minimal congestion and stable driving conditions: traffic flow is stable, with few
disruptions and safe driving conditions; and (iii) efficient use of road infrastructure: roads
are utilized efficiently with minimal delays, optimizing the overall traffic management.

In contrast, AOC is marked by uneven periodic fluctuations in traffic velocity, with
more frequent or pronounced deceleration than acceleration, often occurring in complex
road segments such as junctions between multi-lane highways and single-lane roads, or
near irregular exits. The key features of AOC include: (i) periodic fluctuations in traffic
speed: significant decelerations are more frequent than accelerations; (ii) unstable vehicle
flow: prolonged periods of low-speed travel are interspersed with brief higher-speed
intervals; and (iii) triggered by minor disturbances: AOC is often initiated when traffic
volume approaches road capacity, leading to unstable flow.
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MSBDC, on the other hand, occurs when multiple, dispersed bottlenecks—caused by
construction, accidents, or localized obstacles—interact, resulting in widespread conges-
tion. Each bottleneck reduces throughput in its section, but collectively, they significantly
degrade overall network performance, causing congestion across several nodes. The key
features of MSBDC include: (i) widespread congestion: multiple bottlenecks interact,
leading to extensive congestion; (ii) reverse impact of cumulative bottlenecks: the cu-
mulative bottleneck of a subsequent section will have a reverse impact on the previous
section, further exacerbating the overall congestion; and (iii) complexity and predictive
challenges: conventional models struggle to predict and manage this type of congestion
due to its complexity.

To adapt to evolving traffic conditions, we adopt a rolling prediction mechanism,
which re-estimates the Koopman operator with the arrival of new data. This ensures that
predictions are always based on the latest information, transforming the nonlinear system
identification problem into a linear one. This approach not only facilitates subsequent
network-based decision-making but also enhances the accuracy and responsiveness of
traffic management strategies, ensuring that the system remains robust and adaptive to
real-time changes.

4.3. Graph Mamba

STG data, exemplified by traffic networks, exhibit dynamic, heterogeneous, and non-
stationary properties, posing significant challenges for learning. STG learning involves
understanding and forecasting the evolution of these networks, similar to state space tran-
sitions. The Mamba model has introduced novel capabilities for STG learning, effectively
capturing the non-stationary and heterogeneous characteristics of such graphs. By inte-
grating attention and recurrent structures, Selective SSM enhances the representation of
temporal dynamics, improving predictive accuracy in various applications.

The Mamba model maps input signal x(t) € R to output signal y(t) € R*K
through a hidden state h(t) € RN*K. This transformation can be formalized as:

W (t) = Ah(t) + Bx(t) (14)

y(t) = Ch(t) (15)

In these equations, ' (i) is the derivative of h(i), A € RN*N, B € RN*1 C € RN can
be expressed using the state transition matrix, input matrix, and output matrix. To adapt
to real-world data, the SSM is discretized using the Zero-Order Hold (ZOH) assumption.
Equations (14) and (15) can be solved iteratively as:

hi = Ahy_q1 + Bx; (16)

yr = Chy (17)

In this context, A = exp(AA) and B = (AA)~!(exp(AA) —1I) - AB are discretization
parameters, with A = [t;_1, ;] representing discrete time interval. To enhance compu-
tational efficiency and scalability, the iterative process in Equations (16) and (17) can be
expressed in a convolutional form:

y =xxK (18)

Here, K = (CB,CAB, - - -, CXkE, . ) serves as the convolution kernel for the SSM,
and * denotes the convolution operation.

In the GM framework, highway observation points are represented as nodes, with
edges connecting adjacent points to form a complex traffic network. Each node encapsulates
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a feature vector that includes current traffic parameters such as traffic volume, vehicle
types, density, and speed, along with future traffic state predictions derived from KMD.
It is important to note that the model implicitly accounts for the dynamic and aggregate
effects of driver behavior (e.g., lane-changing in response to traffic conditions or emergency
lane activation) through their direct impact on these observed macroscopic parameters. The
complex interactions and temporal evolution of these parameters, influenced by underlying
driver actions, are what the GM network is designed to capture and process, rather than
modeling individual driver characteristics as explicit, time-varying inputs.

Adapting sequence models, such as Mamba, to graph-structured data presents signifi-
cant challenges due to the unidirectional recurrent update, which restricts information flow
based on node position. To address this, we introduce a node prioritization strategy for
informed sparsification in KGM. As depicted in Figure 4, our approach involves flattening
the nodes into a sequence through a three-step process. Firstly, nodes are clustered based
on the modularity Q using the Louvain algorithm:

1 kik;

i,j

Q

In this context, A;; represents the edge weight between i and j, k; = }_; A;j is the sum
of weights of the edges connected to node i and m = % Y.ij Aij. Each node i is assigned to a
cluster ¢;,and § (ci, cj) is defined as:

0 otherwise

5(Ci, C]) = { L €= Cj (20)

Secondly, the clusters are ordered according to the sum of node centrality e within
each cluster, node centrality is defined as:

1
e = X Z A,']'Ej (21)

C/‘:C,‘

where A is a constant. Finally, the nodes within each cluster are sorted by node degree:
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Figure 4. Schematic of node prioritization and selection mechanism of Graph Mamba.

This method aims to incorporate local structure, overlooked in dense attention mech-
anisms [25]. More influential nodes are placed at the end of the sequence to ensure they
have access to a broader context, enhancing the model’s ability to leverage comprehensive
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historical information and improving overall performance. By integrating these techniques,
our approach mitigates the limitations of unidirectional updates and leverages the rich
structural information inherent in graph-structured data, providing accurate and context-
sensitive decision support. The overall algorithm of GM is presented in Algorithm 1.

Algorithm 1 The overall algorithm of GM

Input: Node embeddings X € RK*P; Node number N € RK*!
Output: Feature embeddings X' € RK*P

1 N'=N+N(0,1)

2. X1 (N(l)ut—sort)’ o, Xk (Nzut—sort) — Louvain [X (Nout—sortﬂ

3; Nout—sort — Argsort(N/)

4: fori=1,2,...,kdo

t t—sort

5 Ninmsor Argsort(Nf” sort)
6
7
8
9

Nm sort'append(Ngn—sort>
: end for
. Xsort ( ; ) [Ninfsort]
: Xm,rm : (K D) = LayerNorm[Xsort]
10: x: (K, ) = Linear® (Xporm)
11: x/ (1< D') = SiLU(Linear' (Xuorm))

12: x>*M(K, D') = SiLU(Convld(x))

13: B: (K,N) = LinearB (x5°M)

14: C: (K,N) = Linear® (x5°M)

15: A: (K, D') = softplus(Linear® (x>M))
16: A: (K,D',N) = discretizeA(A,A)

17: B: (K, D', N) = discretizeB (A, A, B)

18: y: (K,D') = SSM(A, B, C) (x5M)

19: Vnorm © (K, D) = LayerNorm]y]

20: y' 1 (K, D") = Ynorm © X’

21: X' : (K, D) = Linear?(y')

4.4. Interpretable Decision Module

FNN combine the transparent IF-THEN rules of fuzzy logic with adaptive learning
capabilities of neural networks. This integration allows FNN to iteratively refine their
parameters, enhancing precision without relying heavily on expert knowledge, while
also providing interpretable insights into decision-making processes. Due to this unique
combination, FNN serve as effective tools in data mining and system modeling, capable of
approximating non-linear functions to a high degree of accuracy. In this study, we have
formulated the challenge of managing emergency lanes as a binary classification problem
based on imprecise or uncertain data. To address this, we introduce an IDM characterized
by its high precision in classification.

As depicted in Figure 5, the IDM architecture is composed of three distinct layers:
an initial fuzzification layer, several intermediate fuzzy logic layers, and a final decision-
making layer. The input vectors, representing various traffic features, are first transformed
into fuzzy sets within the fuzzification layer, similar to the fuzzification phase in traditional
fuzzy inference systems. Subsequently, the fuzzy logic layers use their node configurations
to implement logical conjunctions and disjunctions, or ‘and” and "or” operations, through
fuzzy intersection and union. This allows for the representation of fuzzy rules that govern
the system’s behavior. Multiple stacked fuzzy logic layers facilitate the construction of
more complex and sophisticated rule structures. Additionally, direct links or skip con-
nections between nodes of the fuzzy logic layers and the final decision layer ensure that
all nodes across the fuzzy logic tiers contribute to the final output, thus enhancing the
module’s capacity to integrate diverse patterns and conditions. The decision layer then
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synthesizes the outcomes of the applied fuzzy rules and the recognized traffic patterns
from KMD, generating the final action for emergency lane control. This approach supports
a nuanced and context-sensitive decision-making process, which is crucial for the effective
management of emergency lanes in dynamic traffic environments. Algorithm 2 details the
overall algorithm of the IDM.

Layer / Layer 2 - Layer L-2 Layer L-1 Layer L
GM
3
O — |
5O
[ & <
= /@
@ o
r
KMD
Input Feature  |Fuzzification Layer Fuzzy Logic Layer Decision Layer

Figure 5. Structure of Interpretable Decision Module.

Algorithm 2 The overall algorithm of IDM

Input: Feature embeddings F = [Fy, ..., F]
Rule R*: if F is Ajand... Fis A’t‘, then class is c* with the weight g

Output: Decision c*

2
1: Calculate the membership function value f Ak (Fr) = exp <—(f’2_lff)> of each input
tz
variable F on its own fuzzy set A¥ = {< F,fA;; (F) > |F € [0,1]} based on the mean i,

and standard deviation oy, of the Gaussian membership function
2: Calculate the degree of activation a* = f Ak (Fi)N...Nf Ak (F¢) of F on each rule in the

fuzzy rule base

3: Calculate the degree of correlation i* = a* x ¢, on each rule based on the degree of
activation
4: Calculate the cumulative score g¢¢ = Y Kk, R¢ = {Rk ‘ck = c}

RkeR¢
5: Get classification result cf = arg max(g°)

4.5. Training and Inference

To train the KGM, we define the cross-entropy loss function as:

n .
Liom = — ) e log (cf" ™) (23)
i=0

where cP"¢ict represents the ouotput of KGM, ¢/ denotes ground truth,  is batch size.
Algorithm 3 illustrates the forward pass through the KGM model. The KMD extracts
traffic patterns from multimodal data and generates future forecasts. These patterns
are subsequently processed through the Multi-Layer Perceptron (MLP) to produce the
final node embeddings, which are used for decision-making. Given the prominence of
Message-Passing Neural Networks (MPNN) in graph-based machine learning and the
considerable attention they have garnered, Gated GCN stand out as a robust architecture
within the MPNN framework. In the proposed KGM, two rounds of embedding updates
are conducted using Gated GCN and GM on an input graph with K nodes, E edges, and an
embedding size of D. Specifically, the Gated GCN updates both node and edge embeddings,
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whereas the GM updates only the node embeddings. The updated node embeddings from
both the Gated GCN and GM are combined via the MLP to produce final output node
embeddings. The IDM then utilizes these embeddings, along with the output from the
KMD, to determine the activation of emergency lanes.

Algorithm 3 The overall algorithm of KGM

Input: Multimodal traffic data P = [py, ..., p¢]

Output: Decision ck

: Q = Hankel — DMD(P)

. V,W = KMD(Q)

Vivmp = MLP(V)

f’ = Ve‘“bo

. Building STG: Node embeddings X" ¢ RX*D; Edge embeddings E" ¢ RE*D;
Adjacency matrix A"t ¢ RK*K

. ):(g;r;’edGCN’ Emirfl : GatedGCN(Xinit, Einit’Ainit)

7. Xmid = GM (Xt

8: XGatedGCN = Dropout(f(ggedGCN + Xinit)
9: XGM = Dropout ()’\(g% + Xinit)

10: Xgem = MLP(XGateacen + Xem)
11: Ck = IDM[XKGM, VKMD}

=X}

5. Experiments
5.1. Dataset

In this study, we aimed to develop a decision-making model for emergency lane
control on highways. To achieve this, we utilized real-world data sourced from a 5-km
segment of the Changshen Expressway (G25) between Nanjing and Changzhou, Jiangsu
Province, China, as illustrated in Figure 6. Figure 6a shows the geographical distribution of
the four observation points along the expressway, while Figure 6b provides a schematic
diagram of the road segment geometry, clearly depicting the two travel lanes and one
emergency lane (hard shoulder). This segment is a critical segment of a major national
north-south artery, featuring two travel lanes and one emergency lane (hard shoulder)
in each direction, with no intermediate interchanges within the studied section. Data
collection was conducted on 1 May 2024 (a public holiday during the summer season)
under clear weather conditions, spanning 280 min from 11:35 to 16:15, using four video
observation points. This specific section was strategically selected for the experiment due
to its documented susceptibility to congestion, particularly during holiday periods when
traffic volume surges significantly. Furthermore, the presence of a temporary construction
zone near the fourth observation point introduced an additional, dynamic bottleneck,
creating a complex scenario ideal for testing the robustness and real-time responsiveness of
our model. The dataset was compliant with traffic laws and accurately labeled, ensuring
the quality and reliability of the data. As shown in Table 1, we gathered two categories of
samples sequentially: activation and deactivation.

Table 1. Sample distribution of the dataset.

Observation Point Activation Deactivation
1 t € [33,264] U [325,1639] t € [265,324]
2 t € [192,203] U [256,315] U [356,649] U [771,1345] I € [204,225] U [316, 355] U [650, 770]
3 t € [1,403] U [529,672] U [865, 1607] t € [404,528] U [673, 864]
4 t€[922,1312] t € [487,921]
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Figure 6. Study area overview.

To analyze traffic flow parameters, we generated time-varying heatmaps that illustrate
speed and density fluctuations, as shown in Figure 7. In Figure 7a, which represents speed
data, the color scale ranges from red (low speed) to blue (high speed), measured in kilome-
ters per hour (km/h). The x-axis represents time, and the y-axis represents distance along
the road. The heatmap indicates that during peak hours, there is a significant reduction
in average vehicle speed across all observation points due to heightened congestion, as
reflected by the predominance of red areas. Conversely, off-peak hours, characterized
by fewer vehicles and lower densities, exhibit higher speeds, indicated by blue areas,
signifying improved traffic flow efficiency. Figure 7b displays the density data, with a
color scale ranging from red (low density) to blue (high density), measured in vehicles per
kilometer (Veh./km). The axes are the same as in Figure 7a. During peak hours, vehicle
density escalates substantially at all locations, as indicated by the prevalence of blue areas.
Off-peak hours, marked by dispersed vehicle travel, show lower density, represented by
red areas. Unforeseen events, such as road construction, also influenced vehicle density;
for example, an hour before the fourth observation point, there was a sharp rise in lo-
cal vehicle density due to ongoing construction activities, underscoring the significance
of real-time monitoring and prompt responses. This pattern highlights the interdepen-
dence between vehicle density and speed, where lower density facilitates swifter and more
effective vehicular movement.
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Figure 7. Time-varying heatmaps illustrating speed and density fluctuations.
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Through careful scrutiny of the peak and trough patterns in these visualizations,
we discerned the principal temporal progression of traffic conditions. This systematic
exploration not only provides insights into current traffic situations but also establishes a
robust foundation for formulating more accurate decision-making models.

5.2. Implementation Details and Experimental Settings

The study section, spanning 5000 m, includes two travel lanes, each 3.75 m wide, and
a single emergency lane, 3.5 m wide. The section is divided into 25 spatial segments, each
approximately 200 m in length, which serves as the minimum decision unit for emergency
lane activation. The experimental analysis determined that the optimal number of time
window transitions Nirans is 8, with the sum of switch state changes across all segments
within a 30-min time window not exceeding this value. Additionally, the space constraint
mandates that the aggregate number of lane components Ncomponent Within an interval be
limited to 5, allowing only configurations with a lane component count within the [0, 5]
range. The threshold for activation, denoted as v, is established at a value of 0.5.

The KGM was implemented using Python on a high-performance computing system,
featuring 4 NVIDIA V100 Tensor Core 32G GPUs, an Intel Xeon Gold 6248R CPU running
at 3.0 GHz and featuring 96 cores, along with 64 GB of RAM. The software environment
includes Ubuntu 18.04 as the operating system, Python 3.9 for scripting, PyTorch 2.1.0 as
the deep learning framework, CUDA 12.1 for GPU acceleration, and cuDNN 8.9.2 for deep
neural network computations. During the training phase, we utilized a batch size of 64,
and the AdamW optimization algorithm was chosen for its regularization properties. The
initial learning rate was set to 1 x 1073, with a weight decay factor of 5 x 1072 to mitigate
overfitting. A Cosine Annealing with Warm Restarts (CosineAnnealingLR) [30] schedule
was adopted for dynamic learning rate adjustment, with a maximum of 50 iterations and a
minimum learning rate of 1 x 10~5. The entire training process spanned 500 epochs, which
was sufficient for the model to converge to a stable and optimal state.

For training, validation, and testing, the dataset was partitioned in a 6:2:2 ratio along
the temporal axis. Data preprocessing involved normalizing all samples to the [0, 1] interval
using MinMax scaling. To ensure the accuracy of model, data cleaning techniques were
applied to remove outliers in traffic volume, vehicle density, and speed from different detec-
tion sections. The source code has been released on https:/ /github.com/zhanggun/KGM,
accessed on 25 September 2025.

5.3. Evaluation Metrics

To quantify the performance of emergency lane activation model and ensure its
continuous optimization in practical applications, we have developed a comprehensive set
of performance evaluation metrics. These include the confusion matrix, accuracy, precision,
recall, and F1-score. In emergency lane control, these metrics translate to real-world impacts.
High precision prevents unwarranted activations that could lead to traffic confusion or
safety hazards, while high recall ensures that emergency lanes are activated when needed,
potentially preventing traffic jams and facilitating timely emergency responses. The F1-
score helps strike a balance between these two concerns, ensuring the model performs
robustly in varied traffic conditions.

5.4. Experimental Results and Analysis
5.4.1. Traffic Pattern Analysis

Figure 8 provides a visualization of the eigenvalues of the Koopman operator, which is
instrumental in elucidating the dynamic traffic patterns over time and distance. The x-axis
denotes time in hours, the y-axis represents distance in kilometers, and the z-axis illustrates
the distribution of eigenvalue parameters, categorized into three distinct layers by two
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horizontal planes. The upper layer, characterized by a prominent red peak, corresponds to
SST, indicating periods of high average speeds and minimal congestion. During SST, traffic
flows efficiently with few disruptions, enabling vehicles to maintain consistent speeds and
safe distances. The middle layer, marked by several smaller peaks, represents MSBDC.
This layer signifies scenarios where multiple dispersed bottlenecks occur simultaneously,
leading to widespread congestion and reduced overall traffic efficiency. The lower layer,
more uniform in appearance, is AOC, characterized by periodic fluctuations in traffic speed
with more frequent decelerations than accelerations. AOC indicates that during these
periods, traffic flow is less efficient, with vehicles frequently slowing down or stopping,
often due to minor disturbances when traffic volume approaches road capacity.

isty, 0\)(\
Nce [kln] e A\

\“Got\

sty sty
ice [ km ) Ty fice /1 km, 1] T \

(a) Volume (b) Density (c) Speed

Figure 8. Visualization of traffic patterns.

Observation Point 4, which includes an entrance and exit to a service area, intro-
duces additional complexity. The presence of the service area leads to uneven periodic
fluctuations in traffic velocity, with more frequent decelerations and occasional higher-
speed intervals. Furthermore, an accident at Observation Point 4 adversely affects traffic
conditions at Observation Points 2 and 3, causing significant congestion. The accident
triggers a ripple effect, exacerbating the MSBDC pattern at these points, resulting in further
reduced throughput and increased congestion. The ability of KMD to identify and analyze
the complex interactions between different traffic patterns, including the impact of an
accident at one point on others, underscores its value in real-time traffic management and
emergency response.

These visualized patterns provide a robust theoretical foundation for emergency lane
control, offering insights into the spatio-temporal dynamics of traffic flow. The KMD effec-
tively captures these features, enabling the IDM to make context-sensitive and proactive
decisions to enhance traffic management and mitigate congestion. The IDM architecture
consists of an initial fuzzification layer, several intermediate fuzzy logic layers, and a final
decision-making layer. The fuzzification layer transforms raw traffic feature vectors into
fuzzy sets, allowing the system to handle imprecise or uncertain data. The intermediate
fuzzy logic layers, equipped with node configurations that perform logical conjunctions
and disjunctions, enable the representation of complex rule structures through fuzzy in-
tersection and union operations. These layers can be stacked to build sophisticated rule
systems, and direct connections to the final decision layer ensure that all nodes contribute to
the output, enhancing the network’s ability to integrate diverse patterns. The decision layer
synthesizes the results from the applied fuzzy rules and the recognized traffic patterns from
KMD, leading to precise and context-sensitive actions for emergency lane control. This
approach not only iteratively refines parameters for greater accuracy but also maintains
interpretability, making it a powerful tool for managing dynamic traffic environments and
optimizing emergency lane usage.
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5.4.2. Correlation Analysis

Identifying periods of strong correlation not only elucidates the temporal propaga-
tion of traffic conditions but also provides a critical foundation for real-time congestion
prediction and informed decision-making regarding the activation of emergency lanes
to alleviate potential bottlenecks. To investigate the dynamic interrelationships among
traffic parameters at various observation points over time, we analyzed the time-lagged
correlations of traffic volume, density, and speed, as illustrated in Figure 9. Specifically, the
traffic volume at Observation Point 1 immediately influences Observation Point 2, affects
Observation Point 3 after a two-minute delay, and significantly impacts Observation Point
4 approximately five minutes later. The density at Observation Point 2 affects Observation
Point 3 after four minutes and has a pronounced effect on Observation Point 4 around seven
minutes later. Additionally, the speed at Observation Points 2 and 3 exerts an intermittent
impact on Observation Point 4 within a one-to-ten-minute window.
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Figure 9. Correlation of traffic flow parameters at different observation points.

From this analysis, it is evident that the dynamic interrelationships among traffic
parameters at each observation point, as evidenced by the time-lagged correlations in
traffic volume, density, and speed, highlight the necessity of constructing the STG. These
interrelationships, characterized by variable lags and influences across different points,
indicate a complex, interdependent system that evolves over time. The STG effectively
captures these intricate dynamics, providing a more comprehensive understanding of
traffic condition propagation throughout the network. This graphical structure is essential
for accurate traffic variation prediction and supports advanced decision-making models

for emergency lane control.

5.4.3. Comparative Analysis

In this study, comparative experiments were conducted to evaluate the KGM model
against nine other models for real-time decision-making in emergency lane control. The
models include Graph-based methods such as Hypergraph Convolutional Recurrent Neu-
ral Network (HGC-RNN) [31], STSGCN, Spatial-Temporal Graph ODE (STGODE) [32],
DSTHGCN [33], 3D-STGPCN [34], Spatial-Temporal Complex Graph Convolution Net-
work (ST-CGCN) [35], and Prior Knowledge Enhanced Time-Varying Graph Convolution
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Network (PKET-GCN) [36], excel at capturing spatial and temporal relationships but can
struggle with dynamic changes and computational efficiency, especially in large-scale
scenarios. Mamba-based methods, such as Mamba and GMN, offer efficient processing
through SSM but may lack the interpretability and fine-grained control required for nu-
anced traffic management.

The KGM model addresses these limitations by integrating several key innovations.
It leverages KMD to reduce the dimensionality of input data and, through its structured
SSM, ensures linear computational complexity, making it highly efficient for real-time
applications and enabling it to handle large-scale and dynamic traffic data more effectively.
Additionally, KGM incorporates a node prioritization mechanism that optimizes the pro-
cessing of critical information, reducing unnecessary computations and improving accuracy.
The IDM provides context-sensitive and interpretable decisions, ensuring both efficiency
and transparency. A significant advantage of KGM is its capability to handle multimodal
traffic data, which is essential for comprehensive and accurate real-time decision-making.
In real-world traffic management, data often comes from multiple sources, such as video
feeds, sensor data, and historical traffic patterns. By integrating and processing these di-
verse data types, KGM can provide a more holistic view of traffic conditions, enhancing its
ability to make informed and reliable decisions. This multimodal data handling, combined
with the model’s other innovative features, makes KGM particularly well-suited for the
dynamic and heterogeneous nature of traffic environments.

To validate the KGM model, we conducted preliminary experiments using three public
datasets: NGSIM [15], PeMS04, and PeMS08 [37,38], in addition to real road dataset. The
NGSIM dataset was specifically selected for its unique value in providing high-resolution,
microscopic vehicle trajectory data, which allows for validating the model’s capability to
capture fundamental driver behaviors (e.g., lane-changing) that underpin macroscopic traf-
fic patterns. This complements the macroscopic flow data from PeMS and our real-world
dataset, enabling a more comprehensive evaluation across different data granularities.
NGSIM, compiled by the US Federal Highway Administration, provides a detailed, micro-
scopic view of traffic, capturing vehicle locations, lane positions, and relative positions at
0.1-s intervals on segments of the US-101 and I80 highways. PeMS04 and PeMS08, sourced
from the California Department of Transportation’s Performance Measurement System
(PeMS), offer real-time traffic data including volume, speed, and occupancy, recorded
at 5-min intervals. We preprocessed the data by aggregating measurements into 5-min
intervals, resulting in 288 time steps per day, and applied Z-score normalization to ensure
consistency and suitability [39]. Experimental results, summarized in Table 2, highlight
the superior performance of KGM across key evaluation metrics, including accuracy, preci-
sion, recall, and F1-score. Specifically, KGM demonstrates high precision and recall rates,
effectively distinguishing between situations requiring and not requiring the activation
of the emergency lane. This minimizes both false positives and false negatives, which is
crucial for reliable decision-making. The Fl-score is notably higher for KGM, indicating
its balanced and robust performance. These findings underscore the high accuracy of
KGM, making it a highly effective model for real-time decision-making in emergency lane
control. The combination of enhanced computational efficiency, interpretability, and the
ability to handle multimodal traffic data positions KGM as a robust and reliable solution
for real-world traffic management systems.
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Table 2. Comparative experiment results. The top three results are highlighted in red, ,and blue.
Real-World Road Dataset NGSIM Dataset
Model Source

Acc. Pre. Rec. F1 Time Acc. Pre. Rec. F1 Time
HGC-RNN [31] KDD 2020 0.899 0.892 0.905 0.898 2.400 0.704 0.659 0.663 0.661 2.540

STSGCN [22] AAAT2020 0.942 0.951 0.953 0.952 0.746 0.799 0.663 0.725
STGODE [32] KDD 2021 0.896 0.863 0.938 0.899 1.900 0.734 0.679 0.700 0.689 2.050
DSTHGCN [33] TITS 2021 0.921 0.930 0.908 0.919 1.730 0.747 0.799 0.664 0.725 1.860
3D-STGPCN [34] BigData 2022  0.909 0.902 0.915 0.908 1.680 0.737 0.721 0.724 1.820
ST-CGCN [35] EAAI2023 0.934 0.933 0.932 0.933 1.820 0.751 0.773 0.696 0.732 1.810
PKET-GCN [36] ISCI 2023 0.940 0.940 0.937 0.939 1.920 0.759 0.776 0.712 0.743 1.960
Mamba ICML 2024 0.927 0.936 0.934 0.935 1.860 0.772 0.717 1.850
GMN [26] KDD 2024 1.800 0.802 0.716 0.756 1.730
KGM Ours 0.964 0.973 0.976 0.978 1.650 0.796 0.838 0.741 0.786 1.670

PEMSO04 Dataset PEMSO08 Dataset
Model Source

Acc. Pre. Rec. F1 Time Acc. Pre. Rec. F1 Time
HGC-RNN [31] KDD 2020 0.735 0.753 0.712 0.732 2.270 0.717 0.706 0.584 0.639 2.480

STSGCN [22] AAAI2020 0.747 0.744 0.766 0.755 1.520 0.716 0.796 0.598 0.683
STGODE [32] KDD 2021 0.742 0.751 0.733 0.742 1.830 0.717 0.795 0.602 0.685 1.960
DSTHGCN [33] TITS 2021 0.753 0.763 0.744 0.753 1.660 0.731 0.744 0.716 0.730 1.780
3D-STGPCN [34] BigData 2022  0.736 0.749 0.723 0.736 1.660 0.717 0.792 0.603 0.685 1.720
ST-CGCN [35] EAAI2023 0.773 0.709 0.760 1.860 0.717 0.794 0.602 0.685 1.840
PKET-GCN [36] ISCI 2023 0.751 0.707 0.770 0.737 1.890 0.734 0.791 0.647 0.712 1.910
Mamba ICML 2024 0.784 0.793 0.785 1.810 0.796 1.840
GMN [26] KDD 2024 0.805 0.809 0.807 1.760 0.739 0.750 0.772 1.780
KGM Ours 0.809 0.855 0.751 0.742 0.802 0.752 0.776 1.620

5.5. Ablation Study

To evaluate individual contributions of each component to the performance of KGM,

we conducted an ablation study, the results of which are summarized in Table 3. The

first row represents the performance of KGM with its full architecture. Subsequent rows

illustrate the model’s performance after systematically removing or substituting a single

component, while keeping the remaining components constant.

Row 2: In this configuration, the GM is replaced with a Transformer architecture.
The significant decline in performance highlights the critical role of GM in capturing
complex spatio-temporal dependencies and the superiority of the structured SSM
over attention-based methods. The SSM framework ensures linear computational
complexity, making it more efficient and effective for real-time traffic management.
Row 3: This row excludes the IDM and uses the MLP for direct classification. The drop
in performance demonstrates the value of the IDM in providing context-sensitive and
interpretable decisions, which are crucial for managing emergency lanes in dynamic
traffic environments.

Row 4: This row evaluates the model without the KMD. Instead, the STG is con-
structed directly from historical traffic data, and IDM relies solely on the output of
GM for decision-making. The absence of KMD leads to a reduction in performance,
underscoring the importance of KMD in extracting traffic patterns and enhancing the
model’s predictive capabilities.

Row 5: Here, the node prioritization mechanism is eliminated, and a random flattening
method is adopted instead. The degradation in performance indicates that the node
prioritization mechanism is essential for effectively handling the hierarchical and
dynamic nature of traffic data, ensuring that the most important nodes are given
higher priority in the decision-making process.
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Table 3. Ablation study of KGM (KGM: Koopman Graph Mamba; GM: Graph Mamba; IDM:
Interpretable Decision Module; KMD: Koopman Mode Decomposition; FLOPs: Floating Point
Operations; w/o: without).

Model F1 Inference Time FLOPs
KGM 0.978 1.65s 2.69 x 10°
w/o GM 0.946 4.06 s 8.28 x 10°
w/o IDM 0.954 1.17s 1.95 x 10°
w/o KMD 0.961 2.21s 4.73 x 10°
w /o Node Prioritization 0.967 148 s 2.69 x 10°

The ablation study reveals that each component positively contributes to the overall
effectiveness of KGM. Notably, the GM has the most significant impact on performance,
followed by the IDM, the KMD, and the node prioritization mechanism. The results
underscore the importance of each component and validate the design choices made in the
KGM framework.

5.6. Computational Efficiency

A key advantage of the proposed KGM model is its enhanced computational perfor-
mance and efficient memory utilization. To quantitatively evaluate these attributes, we
use two well-established metrics: the number of Floating Point Operations (FLOPs) and
inference time. As shown in Table 2, KGM achieves competitive inference times across all
datasets (1.65 s on real-world, 1.67 s on NGSIM, 1.60 s on PeMS04, and 1.62 s on PeMS08),
which are comparable to or better than other efficient models like STSGCN and GMN
while maintaining superior accuracy. This efficiency is particularly beneficial for real-time
applications and in resource-constrained environments.

¢ KMD: The KMD component significantly reduces the dimensionality of input data,
leading to a decrease in the number of FLOPs required for subsequent processing. By
extracting traffic patterns, KMD streamlines the data, thereby reducing the computa-
tional load and improving overall efficiency.

*  GM: The SSM employed in the GM ensures linear computational complexity, which is
crucial for handling large-scale and dynamic traffic data. Compared to attention-based
models, the GM architecture achieves lower FLOPs and faster inference times, making
it more suitable for real-time traffic management.

*  Node Prioritization: This mechanism optimizes the processing of nodes by prioritizing
the most relevant ones, thereby reducing unnecessary computations. While node
prioritization slightly increases inference time, it has a negligible effect on the overall
performance of KGM. By focusing on critical nodes, the model can achieve faster and
more efficient decision-making without compromising accuracy, which is essential for
dynamic environments.

¢ IDM: The IDM, while providing context-sensitive and interpretable decisions, in-
creases the inference time but greatly enhances decision accuracy. Its modular struc-
ture and optimized decision-making process are designed to balance the trade-off
between computational efficiency and interpretability. Although the increase in infer-
ence time is a trade-off, the significant improvement in decision accuracy justifies this
additional computational cost.

The experimental results, summarized in Tables 2 and 3, demonstrate that KGM
achieves an optimal balance between prediction accuracy and computational efficiency.
Specifically, the integration of KMD and GM architecture leads to the most significant
improvements in FLOPs and inference time. The node prioritization and IDM further
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enhance the model’s effectiveness by optimizing the processing and decision-making steps.
These findings underscore the effectiveness of the KGM in achieving both high performance
and computational efficiency, making it well-suited for real-time emergency lane control.

5.7. Discussion

The effectiveness of the KGM is evident when comparing the original distribution
of emergency lane decision samples (Figure 10a) with the distribution of feature vectors
extracted by KGM (Figure 10b) and the visualization of KGM decision results (Figure 10c).
Specifically, “Activation” denotes the scenario where the emergency lane is actively utilized,
whereas “Deactivation” signifies that the emergency lane is not in use.

In Figure 10a, the original data distribution exhibits a non-linear and indistinguishable
nature due to overlapping multimodal patterns, which introduces ambiguity in distin-
guishing activation from deactivation states. This complexity arises from the inherent
multimodal characteristics of traffic data, where various factors such as traffic volume,
density, and speed intertwine in non-linear ways. Traditional decision-making approaches
struggle to model these intricate relationships directly, as linear classifiers or threshold-
based methods cannot disentangle the entangled feature space, leading to suboptimal or
unstable decisions. However, upon applying KMD and GM for feature extraction, the
feature vectors depicted in Figure 10b become markedly more distinguishable. KMD iden-
tifies and extracts meaningful features from multimodal traffic data, revealing underlying
patterns that were previously obscured. These patterns are subsequently processed by
GM, which maps them into a space where the deactivation and activation states are more
clearly separated. This transformation is crucial for enhancing both the interpretability and
accuracy of the decision-making process. Figure 10c visualizes the decision results obtained
by combining the KMD-extracted traffic patterns with the output of GM. The clarity of the
“activation” and “deactivation” distributions in Figure 10c can be attributed to the effective
feature extraction and transformation process. KMD initially disentangles the complex data
distribution by identifying key traffic patterns, while GM further enhances the separability
of these patterns in the transformed space. Consequently, this results in a decision boundary
that accurately distinguishes between different states, making the decision results more
interpretable and reliable. The IDM leverages these inputs to formulate optimized decisions
concerning emergency lane control. By framing the control of emergency lanes as a binary
classification task, the IDM predicts the necessity for activation or deactivation based on
the extracted features. The integration of fuzzy rule outcomes with KMD-recognized traffic
patterns enables context-sensitive and holistic decision-making, ensuring both robustness
and interpretability. This comprehensive approach enables the IDM to consider multiple
factors simultaneously, including real-time traffic conditions, historical data, and traffic
patterns, thereby leading to more informed and adaptive decisions.

Overall, the KGM effectively addresses the challenges posed by the non-linear and
indistinguishable nature of the original data. By leveraging advanced feature extraction
techniques such as KMD and GM, followed by the IDM’s sophisticated decision-making
capabilities, the KGM provides a robust theoretical foundation for emergency lane control.
This approach not only enhances the accuracy and reliability of decisions but also con-
tributes significantly to the optimization of traffic flow and safety in dynamic and complex
highway environments.
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Figure 10. Comparison of visualization results.

5.8. Limitation

While the KGM framework demonstrates effective performance in dynamic emer-
gency lane control, certain limitations should be acknowledged. First, as a macroscopic
decision-making model, KGM operates at the segment level and does not capture the
fine-grained physical interactions described by continuum models, which can simulate the
precise evolution of traffic flow fields. Second, although safety improvements are achieved
indirectly through congestion mitigation, the current model does not explicitly incorporate
real-time safety metrics (e.g., time-to-collision) as optimization objectives. These limitations
highlight aspects where the model could be further enhanced in subsequent research.

6. Conclusions and Future Work

In this paper, we have tackled the challenges of emergency lane control within ITS
by proposing the KGM framework. KGM integrates the Koopman operator with a graph-
based SSM, enabling dynamic, real-time decision-making for emergency lane activation.
By employing KMD, our approach identifies and predicts spatiotemporal traffic patterns,
which are crucial for proactive management. The GM network, enhanced with an attention
mechanism, efficiently processes complex interactions among road segments, facilitating
timely and informed decisions. Furthermore, an IDM based on FNN synthesizes context-
sensitive and integrated actions, further enhancing the decision-making process. Our
comprehensive evaluation, conducted using a real-world Chinese road dataset and three
public datasets, has demonstrated that KGM outperforms state-of-the-art methods in terms
of both accuracy and computational efficiency, with a complexity of O(n). This work
provides a robust theoretical foundation and a practical solution for dynamic emergency
lane control, contributing to improved safety and efficiency on highways.

For future work, we aim to enhance the KGM framework by incorporating more
sophisticated traffic models and additional sensor data, such as weather and road surface
conditions, to further improve the accuracy and reliability of emergency lane control.
Additionally, we will explore the integration of reinforcement learning techniques, allowing
KGM to learn from its environment and achieve more autonomous and adaptive decision-
making. These advancements, along with further investigation into lane-by-lane traffic flow
dynamics during emergency lane operations, are expected to contribute to the development
of smarter and safer transportation systems.
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