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ABSTRACT: This paper introduces distributed acoustic sensing (DAS) as an emerging sensing technique for large-scale traffic state perception
(TSP) on expressways. By enabling optical fibers to operate as dense sensing arrays, DAS offers a promising solution for continuous traffic
monitoring along expressway corridors. However, the raw traffic information extracted from DAS is inaccurate, which limits its direct application
to large-scale TSP. This study proposes a physics-informed neural network (PINN) framework for DAS-based TSP. A physics-based DAS simulation
platform is developed and validated against field observations which provides a flexible testbed for generating data under diverse traffic scenarios.
On this basis, two network architectures, ResUNet and Fourier Neural Operator, are investigated in combination with three types of traffic flow
constraints, namely the Lighthill-Whitham-Richards (LWR) model, LWR with a fundamental diagram, and the Aw-Rascle-Zhang model. Totally, 16
PINN models are constructed and evaluated. The results show that the proposed PINN framework effectively improves the accuracy of DAS-based
TSP compared to the solely data-driven baselines. Among the physical constraints considered, the LWR-based models show the best overall
performance. In addition, few-shot transfer learning can enhance model performance in previously unseen scenarios, demonstrating the potential

of the proposed framework for adaptation to site-specific deployment conditions.
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1 Introduction

1.1. Background

Large-scale and real-time traffic state perception (TSP) on expressways is
fundamental to various applications within intelligent transportation
systems, including proactive traffic management, incident detection, etc.
(An et al., 2025; Ma et al., 2025). However, existing sensing technologies
for TSP, such as inductive loops, cameras, and radar, have inherent
limitations, as illustrated in Fig. 1. Specifically, these conventional
methods typically offer point-based or narrow-range measurements, and
require substantial installation and maintenance costs (Narri et al., 2025).
Their performance may also degrade substantially under adverse
weather conditions, including fog, rain, and snow (Klein, 2024). In
addition, high-resolution imaging systems may raise privacy concerns.
Although camera-radar fusion systems can improve sensing capability,
their deployment remains challenging because of high costs and complex
calibration requirements in heterogeneous environments (Tu et al., 2024;
Wang et al, 2025), rendering them impractical for scalable, end-to-end
TSP across hundreds of kilometers of expressway corridor.

Distributed acoustic sensing (DAS), an emerging fiber optic sensing
technology, has shown significant potential for traffic monitoring (An et
al, 2023; Urquijo et al, 2023). Based on the principle of Rayleigh
backscattering, DAS transforms standard fiber optic cables into spatially
continuous arrays of vibration sensors, enabling real-time acoustic signal
monitoring by capturing subtle subsurface deformations induced by
vehicles along the fiber. As such, DAS can collect vibration signals over

long distances (e.g., 20 km) with meter-level spatial resolution and sub-
millisecond temporal precision. In this regard, compared to traditional
sensors as illustrated in Fig. 1, DAS offers both extended sensing range
and high spatiotemporal resolution (Fakhruzi et al., 2025, He and Liu,
2021).
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Fig. 1. [llustration of data characteristics of different sensing
technologies.

Unlike traditional sensors that require installation, DAS can leverage
existing fiber optic infrastructure, and thereby eliminate the need for
procurement and deployments of new hardware. DAS" immunity to
electromagnetic interference, all-weather operational capability, and
maintenance-free nature make it well-suited for large-scale and long-
term infrastructure monitoring of linear assets such as railways, bridges,
tunnels, and pipelines (Z. Chen et al,, 2024; Kishida et al., 2024; Lienhart
etal,, 2023; Rahman et al., 2024; Rossi et al., 2022; Zhou and Wu, 2024).

Although fiber optic-based traffic sensing is not a novel concept,
previous implementations primarily relied on discrete and specialized
Fiber Bragg Grating (FBG) sensors embedded at specific locations, such
as toll booths or bridges (Yuan et al., 2020; Zhang et al,, 2022; Zhu et al.,
2022). FBG systems, illustrated in Fig. 2, can provide high precision for
localized strain or temperature measurements (Wang et al, 2020).
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However, FBG sensors are inherently sparse, typically deployed at
intervals greater than 100 meters, and may require specialized
installation, active interrogation units, and individual calibration.
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Fig. 2. Fiber optic vs FBG.

In contrast, this study aims to utilize existing telecommunication fibers
already buried alongside most expressways. By employing DAS
interrogators, these fibers can operate passively without interrupting
communication services (Narisetty et al,, 2021). In this regard, DAS may
represent a paradigm shift, if well developed, from capital-intensive,
customized sensor networks to infrastructure-as-sensor solutions without
deployment of new facilities.

1.2. Problem context

Although DAS is a promising technique to achieve large-scale and
ubiquitous TSP on expressways, the nature of DAS data presents several
new challenges. The raw measurements of DAS are inherently noisy and
indirect. As illustrated in Fig. 1, although existing DAS-based perception
methods can use deep learning to delineate vehicle trajectory-like patterns
from the signal matrix (Thomas et al,, 2024; W. Zhang et al, 2025), the
precision in terms of DAS-captured vehicle parameters can be lower
compared to a dedicated point sensor like a calibrated inductive loop or a
high-resolution camera. More specifically, the signal becomes highly
ambiguous when multiple vehicles travel alongside in parallel. In such
cases, vibration signatures may overlap and mix, making parallelly driving
vehicles difficult to be distinguished (Ouellet et al,, 2024). This interference
may further lead to frequent trajectory miss-detections, where parts of the
vehicle traces are fragmented or completely absent. As a result, the
accuracy of traffic state sensing derived from DAS remains insufficient, and
the reconstructed spatiotemporal traffic state diagrams (e.g., flow and
speed maps) are typically coarse and lack fine-grained dynamic details.
1.3. Objective and contributions

To address this gap, the main objective of this study is to investigate the
feasibility of applying physics-informed deep learning (PIDL) to enable
DAS-based large-scale TSP on expressways. Because DAS generates
continuous yet inherently coarse spatiotemporal traffic state maps (STM),
we formulate the DAS-based TSP task as an image restoration problem in
this study.

The specific contributions of this study are threefold as follows:

a) We develop a physics-based DAS simulation framework to evaluate
the performance of different TSP models under controlled yet realistic
conditions;

b) We construct a set of PINN models, each integrating a different
combination of deep neural network (DNN) architectures and traffic flow
constraints, for STM restoration, and we qualitatively and quantitatively
compare different models” accuracy performance;

¢) We examine whether the trained DNN can be effectively applied to
new scenarios through small-sample transfer learning.

2 Literature review
2.1. DAS applications
Existing studies utilizing DAS for engineering applications can be
generally divided into large-scale and small-scale categories. Owing to

DAS’ capability of capturing continuous and large-scale vibration
signals, it has been extensively applied in geophysics, disaster
monitoring (e.g., avalanches, landslides, rockfalls), perimeter security,
etc. (Han et al., 2024; Hubbard et al., 2022; Xie et al., 2023).

Some studies have also tried to apply DAS technologies in urban
traffic monitoring. For instance, researchers used the deployed urban
fiber optic cables for city-wide vehicle tracking, stop-and-go wave
analysis, and intersection traffic flow estimation (Y. Chen et al., 2024; Li
et al,, 2026; Liu et al., 2025; Song et al., 2026). A trial analysis in the city
of Granada further demonstrated the potential of DAS as an effective
tool for urban traffic monitoring (Fakhruzi et al, 2025). These
applications illustrate DAS's capability for large-scale traffic
characterization without line-of-sight restrictions. However, existing
studies using DAS for large-scale traffic monitoring or analysis focus
on capturing the general trends of traffic dynamic patterns, rather than
performing accurate and continuous traffic state estimation.

Atasmaller scale, DAS has shown encouraging performance in more
detailed traffic sensing tasks. Canudo et al. (2024) used chirped-pulse
DAS technology within intelligent traffic monitoring systems to
acquire individual vehicle and road state information by monitoring
vehicle-induced vibrations. Zhang et al. (2025) leveraged DAS data to
recognize vehicle spatiotemporal trajectories through deep learning
techniques. Some studies also proposed to combine DAS data with
visual information and thus achieved high-accuracy detection and
classification performance for vehicle detection and speed estimation
through deep learning frameworks (Cohen et al., 2025; Khacef et al,,
2025; Tomasov et al, 2025). These developments demonstrate the
potential of DAS in collecting detailed traffic data. However, the
approaches for accurate traffic state estimation were all based on a
small scale. There is a research gap regarding the application for
continuous and precise TSP on large-scale expressways.

2.2. Large-scale Traffic State Estimation on Expressways
Over the past decades, TSP on long-distance expressways has evolved
through several methodological phases, encompassing theoretical
models, machine learning (ML), deep learning (DL), and the emerging
PIDL approach, as summarized in Tab. 1.

Early approaches for TSP relied on classical traffic flow theory, such
as the Lighthill-Whitham-Richards (LWR) model and the Greenshields
model (Wang and Papageorgiou, 2005). These models describe the
macroscopic characteristics of traffic flow, including density, speed,
and flow rate, using partial differential equations (Agrawal et al., 2023).
The fundamental process involves discretizing road networks into
segments and applying conservation laws to estimate traffic states
based on observed boundary conditions. Data sources for these models
traditionally included inductive loops, which provide point
measurements of vehicle count and speed, and later, radar systems (Seo
et al, 2017). While these methods offer a foundational understanding
of traffic dynamics and are computationally efficient, their simplified
assumptions on driver behaviors and road geometry may fail
themselves to capture complex, non-linear traffic phenomena (Zhang
etal., 2023).

With the increasing availability of diverse traffic data sources, ML
techniques gradually became an important alternative for TSP. These
methods include support vector machines, K-nearest neighbors,
random forests, etc. (Darwish et al., 2024). The basic process of ML
involves training a model on historical traffic data (e.g., speed, volume,
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occupancy from inductive loops, cameras, or ETC systems) to learn
non-linear relationships and infer current traffic conditions in
unobserved areas. ML models offer improved accuracy over theoretical
models by capturing intricate patterns in data without explicit physical
modeling (Zhang et al., 2023). They can handle high-dimensional data
(Almukhalfi et al., 2024). However, their performance heavily relies on
the quality and quantity of training data, often requiring extensive
feature engineering (Z. Zhang et al, 2025). Relevant data sources
include camera/radar, magnetic loops, and ETC data (Guarda et al.,
2024; Li et al., 2023; Liu et al., 2024).
Table 1. Summary of TSP approaches

Representative

Type Data Pros and cons Reference

Pros: efficiency
and
explainability
_ Traffic Cons: _ (Wan'g etal.,
Theoretical flow model challenging to 2009; Wang and
model arameters model complex, | Papageorgiou,
P non-linear 2005)
traffic
phenomena
Pros: be able to
Camera learn complex
radar k and non-linear
inducltive relationships
100D. and Cons: limited (Antoniou et al.,
ML P, an generalization 2013; Khan et
electronic - -
woll ablllty: require al., 2017)
collection ]g:;i:lrs;ve
(ETC) . .
engineering
Pros: extract
hierarchical
Camera features from
radar ' raw traffic _data _

DNN inductive Cons: require (Bietal., 2022;
| large volume of | Xu etal., 2020)
00p, and labeled data
ETC, DAS . ’

unsatisfactory
interpretability
Pros: learn
physically
consistent
traffic
Camera, Qynamlcs, (Huang and
radar, improved .
- . - Agarwal, 2020;
PIDL inductive generalization
. J. Zhang et al.,
loop, and Cons: the 2024)
ETC formulation of
physics-
informed
constraints can
be complex

The advent of DNN has revolutionized TSP, particularly with the

development of diverse DNN architectures (Gao et al., 2024; Xia et al., 2024).

These models can extract hierarchical features from raw traffic data and
reduce the need for empirical feature engineering (Di et al, 2023). The
DNN-based TSP typically involves feeding large datasets (e.g, from
cameras, radar, or loops) into deep architectures to learn highly abstract
representations. DNNs have demonstrated superior performance in

capturing complex spatiotemporal dependencies and achieving high
accuracy in various TSP tasks (Z. Zhang et al., 2025). They are particularly
effective with large-scale datasets and can adapt to varying traffic
patterns (Gao et al., 2024). However, DNNs require large volume of labeled
data, and their interpretability remains a challenge (Almukhalfi et al., 2024).
Data sources mainly include high-resolution data from cameras, radar, and
comprehensive loop detector networks (Khacef et al., 2025).

PIDL represents a paradigm that integrates domain-specific physical
laws or mathematical models directly into the deep learning framework
(Huang and Agarwal, 2023; Wang et al., 2026). Recently, PIDL has gained
increasing interest among researchers in this area (Di et al, 2023).
Specifically, PIDL aims to leverage the strengths of both physics-based
models and data-driven DNN. For TSP, PIDL models can incorporate
traffic flow equations as soft or hard constraints within the neural network's
loss function or architecture (Abewickrema et al, 2026; Huang and
Agarwal, 2022; Rempe etal,, 2021; K. Zhang etal,, 2024;S. Zhang et al. 2024).
This ensures that the learned traffic dynamics are physically consistent,
even when data is sparse or noisy (Shi et al., 2021). The basic process of
PIDL involves defining a neural network that uses traffic flow models to
guide the network's training. PIDL offers improved generalization,
reduced data requirements compared to purely data-driven DL, and
enhanced interpretability as the predictions are grounded in physical laws
(Dietal., 2023). However, the formulation of physics-informed constraints
can be complex, and how to balance between data fidelity and physical
adherence is an ongoing research challenge (Huang and Agarwal, 2023).
This method is particularly relevant for scenarios where obtaining
comprehensive, high-quality data is difficult (Luo et al., 2024).

Existing methodological paradigms for TSP, developed for localized
data, are not directly transferable to DAS-based TSP on expressways. The
existing method infer global traffic states from sparse and localized sensor
inputs (e.g., inductive loops, point radar, cameras) (He et al,, 2024; Nie et al,,
2023; Seo et al., 2017; Zhao et al,, 2024). This inference often relies on
interpolation, extrapolation, or complex aggregation techniques to bridge
data gaps, leading to potential inaccuracies in capturing the continuous and
dynamic nature of highway traffic (Li et al., 2023; Liu et al., 2024; Trinh et
al, 2024). DAS, in contrast, inherently provides global and continuous
traffic state data along the entire fiber length, acting as a massive and
distributed array of virtual sensors (Deng et al., 2025; Khacef et al., 2025;
Thomas et al.,, 2024). This continuous spatiotemporal coverage offers an
unprecedented level of detail regarding vehicle movements across long
distances, overcoming the ‘missing data’ problem prevalent in traditional
systems.

Therefore, existing TSP methodologies are not directly transferable to
DAS-based TSP. A new methodological paradigm that accounts for the
DAS data characteristics is needed to achieve precise DAS-based TSP.

3 Method

3.1. Overview

The proposed workflow comprises three main steps, as illustrated in Fig. 3.
First, we develop a physics-based DAS simulation procedure to create
large-scale spatiotemporal traffic maps and DAS signals for subsequent
model training and testing. Second, we consider different combinations of
DNN architectures and physical constraints in constructing PINN models.
Third, we train different PINN models on the same dataset and examine
their feasibility for addressing DAS-based large-scale TSP. Each part is
described in detail next.
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Fig. 3. Overview of the workflow.
3.2. DAS simulation
Due to the lack of high-quality datasets that contain both traffic flow data
and DAS signals for large-scale expressways, we develop a DAS simulation
framework to serve as a flexible testbed for subsequent PINN models, as
shown in Fig. 4. As noted, the proposed procedure uses 2D trajectory data
as input and output STM and corresponding DAS maps.
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Fig. 4. General process of DAS simulation.
3.2.1 Trajectory collection and conversion
The DAS simulation procedure accepts both simulated and field collected
trajectory data as input. To support the subsequent vibration signal
generation, vehicle class labels shall be provided as well for the trajectories.

Since DAS vibration signals are dependent on both the lateral distance
from the vehicle to the DAS optical cable and the longitudinal distance
along the sensing direction, a coordinate transformation is required. Raw
trajectory data typically consists of scattered spatial points in a global
Cartesian coordinate system (x,, ¥,). To address this, we develop a semi-
automatic trajectory conversion method to map these points into a road-
aligned Frenet coordinate system.

As shown in Fig. 5, the conversion framework consists of two sequential
steps: (a) a line-based growing method, and (b) spline fitting and
discretization. The main purpose of the line-based growing is to extract the
continuous geometric alignment of the road from scattered trajectory
points. First, an empty set £ is initialized. After manually specifying the
starting point of the trajectory, the line-based growing method uses the
directional vector formed by the previous point p,_; and the current
point p,, as a reference to construct a forward search sector, defined by a
search radius 7; and an angle a;. For the initial point, the reference direction
shall be specified manually. Within this search domain, the algorithm
evaluates all candidate points by calculating their deflection angles relative
to the vector p,_;py, . The candidate point yielding the minimum angle is
selected as the new current point p,, 1, which is appended to the set £, and
the search window advances. This iterative process continues until no
candidate points are identified within the local search domain. In this way,
we can effectively delineate the continuous innermost trajectory line, as
illustrated in Fig. 5(a).
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Fig. 5. Trajectory conversion. (a) line-based growing method; (b) spline
fitting and discretization.

As the innermost trajectory is extracted, a cubic spline curve is applied to
smoothly fit the point set £. To ensure spatial uniformity, the fitted curve is
further resampled into evenly spaced and discrete points with a uniform
interval of d,. Let [; denote the lateral offset distance from the innermost
trajectory line to the road centerline, and let §; represent the azimuth
(heading) angle at any resampled point (x;,y;). Based on Cartesian
trigonometric relationships given by Eq. (1), the spatial coordinates of the
corresponding points on the road centerline can be derived.

{xf =x; — g - cospf;
Yi =Yitly sinp
where (x{, y{) is the road axis point corresponding to (x;, y;).

Based on the constructed centerline, the longitudinal coordinate s, is
calculated via cumulative distance summation along the centerline curve.
To simplify the calculating process of 1, a neighborhood search algorithm
is employed for any raw trajectory point to identify its nearest
corresponding point on the centerline. The Euclidean distance between the
raw trajectory point and its matched centerline point defines its lateral
coordinate [,, . Through this workflow, the raw trajectory points are
transformed from the global Cartesian coordinate system (x, ,,) into the
thus fulfilling the geometric
prerequisites for accurate DAS signal simulation.

3.2.2 DAS signal generation

DAS signals could be an important data source for constructing PINN
models. Therefore, based on the working mechanism of DAS, we
reconstruct the mechano-optical response of a fiber-optic cable buried
along an expressway, and map microscopic vehicle kinematics to
optoelectronic signal matrices. The simulation process comprises three
main stages, namely system configuration, vibration source modeling, and

@

Frenet coordinate system (s, 1) ,

signal propagation with noise injection, as shown in Fig. 6.

trajectory data »lateral distance visualization

= trajectory to vibration matrix

120)
&0

% noise injection
Fig. 6. Process of signal generation.

(a) Data acquisition mechanism and system configuration

The simulation emulates a phase-sensitive optical time-domain
reflectometry system deployed along an expressway segment. The sensing
unit interrogates a fiber optic cable of length L,. As illustrated in Fig.7, The
system’s spatial resolution is governed by the gauge length L,, while the
readout channels are discretized at a spacing of Ax to guarantee Nyquist
spatial sampling. The system operates at a sampling rate of f; to capture the
characteristic frequency bands (typically ranging from 5 to100 Hz) of
vehicle-induced ground vibrations. The sensing geometry assumes a linear
fiber deployment parallel to the road alignment, with a vertical offset
distance d,,,, from the road surface.

consider gauge length time series data of a specific channel
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Fig. 7. Hlustration of DAS parameters.

(b) Vibration source modeling

The core part of the simulation is the generation of vibration signals
induced by moving vehicles. In this case, each vehicle i is treated as a
moving vibration source characterized by its type C; (e.g., passenger car,
truck, bus). The spectral signature of a vehicle is represented as a weighted
sum of sinusoidal components, representing the mechanical vibrations of
the engine and tire-road interactions. In addition, the Doppler effect is
incorporated to account for the frequency shift caused by the vehicle’s
velocity v;(t) relative to the sensing channel position x,;,. Therefore, the
base vibration signal S, for a vehicle is expressed as Eq. (2).

K
Ssre(t) = Apase Z Wy sin (ank 1
=1

v,(t
+ ® sgn(xn — xi(t))] t+ £k>
Cground

where A4, is the amplitude scaling factor determined by vehicle
mass, f; and w;, are the characteristic frequencies and their weights

@

defined in the vehicle profile, ¢qynq is the ground wave velocity (set to
250 m/s in this study), sgn(> 0) = 1 and sgn(< 0) = -1, and ¢ is a
random phase term.
(c) Signal propagation with noise injection

The transfer function from the vehicle source to the optical fiber involves
geometric attenuation, medium absorption, and spatial coupling. For a
vehicle axle located at x4y, and a sensing channel at x,,, the Euclidean
distance d(t) is calculated considering both longitudinal and lateral
separation. The attenuation function A (d) is modeled as Eq. (3).

Ad) = o754 ®)

where y = 2.0 represents the geometmc spreading factor for a point source

in a semi-infinite medium, and § = 0.005 m ™" is the absorption coefficient.

As illustrated in Fig. 6, the vibration signal is sensitive to the distance
between the vibration source and the optical fiber. Fig. 6 visualizes the
lateral distance of vehicles from the fiber. It can be observed that the
trajectories marked within the dashed ellipse correspond to the vehicles
traveling at relatively high speeds. However, because these vehicles are
located farther away from the fiber, the corresponding DAS signals exhibit
noticeable attenuation. This phenomenon is consistent with the physical
characteristics observed in real-world DAS measurements.

To simulate the finite spatial resolution of the DAS system, the point-
source response is convolved with a spatial Gaussian kernel defined by the
gauge length. The cumulative response at channel x and time ¢t is the
superposition of contributions from all axles of all active vehicles as follows:

Nyen Nax
o =n) ) S Ad)
i= j=

“x) @
P (‘ o) zgxz”) ) (14 Kvi(6)
g

where 17, denotes the coupling efficiency, g, is related to the gauge length
Ly, and the term (1 + xkv;(t)) introduces a velocity-dependent amplitude
enhancement, reflecting the physical reality that faster vehicles generate
higher impact energy. N, is the number of vehicles, N, denotes the
number of vehicle i’s axles, and x;; is the longitudinal positions of the j-th
axle of the i-th vehicle.

To bridge the gap between simulation and real-world conditions, a noise
model V' (x, t) is superimposed on the deterministic signal ¥(x, t). The
noise component comprises three parts: a) multiplicative noise simulating
the coherent fading phenomena inherent to Rayleigh backscattering, b)
low-frequency spatial-correlated noise simulating background seismic
activity, and c) instrument noise simulating quantization and digitization
errors.

The final simulated DAS raw matrix is given by D(x, t) = W(x,t) +
N (x, t). This matrix is subsequently filtered using a bandpass filter (1 to
400 Hz) to isolate vehicle-induced signatures. Note that the final dynamic
strain rate data can be used as input for the PINN models.

3.2.3 Virtual detection

The virtual detection module in the proposed DAS simulation procedure
aims to generate controlled yet realistic DAS-based trajectory recognition
results. In this way, DAS-captured traffic flow and speed maps can be
obtained as needed with flexibility for various traffic scenarios. We
consider two different ways of virtual detection in this study.

Based on empirical observations of DAS perception results, we identify
three limitations of the DAS-extracted vehicle trajectories: (a) increased
failure probability in distinguishing highly overlapping trajectories
typically occurring during slow overtaking maneuvers, (b) random signal
dropout leading to miss detections, and (c) random spatial-temporal
disconnections within a single continuous trajectory. To emulate these
physical and algorithmic limitations, we develop a multi-step virtual
detection framework, as illustrated in Fig. 8.
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Fig. 8. Similarity-based virtual detection.

Specifically, within the distance-time spatiotemporal coordinate system,

the trajectory map is uniformly partitioned into grids with dimensions

of §; and §,. If multiple trajectory points fall inside the same grid cell, it

250

indicates the corresponding trajectories overlap at that location. To
guarantee computational efficiency, the center coordinates (s, t,) of the
grid cell are used to represent all trajectory points therein. Subsequently, a
coprime product encoding function given by Eq. (5) is applied to project the
2D grid coordinates (sy, t,) into a unique one-dimensional (1D) code
denoted as {. Note that the coprime product encoding function maps
multi-dimensional coordinates to a unique scalar value by multiplying
each dimension with a distinct prime number (Hanson, 1972). Through Eq.
(5), any continuous spatiotemporal trajectory i is transformed into a
discrete 1D array representation as ST; = {y, {5, ..., {n}.
(=c-s5+c t ©)

where ¢; and c, are two coprime numbers.

Building upon the 1D representation, we construct an intersection over
union (loU)-based graph to quantify trajectory similarity. In this graph,
each node represents an individual spatiotemporal trajectory, and the
edges denote the IoU values between pairs of trajectories. The IoU metricis
calculated as twice the number of identical { values shared between two
1D arrays, divided by the sum of the lengths of both arrays. Based on a
predefined threshold [oU, , the algorithm clusters the originally
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fragmented or overlapping spatiotemporal trajectories into one group.

Following the clustering phase, a linear fitting procedure is applied to the
aggregated spatiotemporal points to emulate the DAS-captured trajectory.
To replicate the aforementioned signal imperfections of real DAS systems,
a dropout mechanism with a probability p is also applied to the fitted
trajectories. This effectively simulates the random missed detections,
packet loss, and trajectory disconnections characteristic of actual DAS data,
asillustrated in Fig. 8.

In addition to the similarity-based virtual detection, we can alternatively
use DNN to recognize and delineate traffic trajectories. For instance, based
on the authors’ previous work (W. Zhang et al., 2025), the raw DAS signal
matrix is mapped onto a two-dimensional image where the abscissa and
ordinate represents the spatial channel index and temporal evolution,
respectively. Formulating trajectory extraction as a pattern recognition task
within these images, the trained DNN can segment the continuous high-
intensity bands. This process recovers the spatiotemporal coordinates J; =
{(x(t),t)} for each vehicle i,
modulation into discrete traffic trajectories.

and transforms raw optoelectronic

To generate traffic flow and speed maps from microscopic trajectory data,

the spatiotemporal trajectories on the t-s plane are partitioned into grid
cells. The grid sizes along the t-axis and s-axis are A; and A;, respectively.
For each cell, the traffic flow rate g is computed by dividing the cumulative
vehicle displacement within the cell by the cell area. The space-mean speed
v isthen calculated as the ratio of A, to the average travel time of all vehicles
passing through that segment. In this way, the microscopic trajectory
observations are aggregated into spatiotemporal maps of traffic flow and
speed (Wang et al., 2024).

3.3. Traffic STM restoration

Data-driven deep learning models have achieved remarkable success in
image restoration, when applied to DAS-based traffic state estimation,
purely data-driven approaches face several important limitations. Data-
driven approaches rely heavily on the assumption that the training data
encompasses all possible state distributions. However, a DNN trained
solely on minimizing the mean squared error (MSE) of available labels may
yield predictions that are statistically plausible but physically unrealistic,
such as negative densities, instantaneous velocity jumps, etc. In addition,
the neural network models may struggle to generalize to unseen
congestion patterns, such as stop-and-go waves, that are insufficiently
represented in the training set.

Therefore, we construct a PINN framework. By embedding traffic flow
differential equations directly into the loss function, we transform the
learning problem from a supervised regression problem to a dual-objective
optimization: fitting the observed sensor data while simultaneously
satisfying the fundamental laws of traffic flow.

3.3.1 PINN models

To effectively map the coarse DAS-based STM to refined traffic state
representations, we consider two different backbone architectures: the
residual U-Net (ResUNet) and the Fourier neural operator (FNO), as shown
in Fig. 9.

In real-world applications, the size and resolution of traffic maps may vary
significantly across different scenarios. In this regard, although standard U-
Net architectures perform well in image segmentation tasks, they may fail to
capture the complex and multi-scale propagation of traffic shockwaves due
to their fixed receptive fields.
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Fig. 9. Base models. (a) ResUNet; (b) FNO.

Therefore, we incorporate a multi-scale dilated convolution (MDC)
module within the network’s bottleneck. Traffic dynamics exhibit
dependencies at various scales, ranging from local car-following behaviors to
macroscopic congestion propagation spanning kilometers. Standard
convolutions require deep stacking to enlarge the receptive field, which
increases computational cost and risk of vanishing gradients. Dilated
convolutions allow the network to expand its receptive field exponentially
without reducing resolution or increasing the number of parameters. For
instance, by fusing features from different dilation rates (e.g, 1,2,4,8 in Fig.
9(a)), the model simultaneously captures local interactions and long-range
spatiotemporal dependencies. This design helps ensure that the
reconstructed traffic jam upstream remains physically consistent with
downstream flow conditions.

As a comparative baseline, we employ the FNO that approximates the
solution operator of parametric partial differential equations (PDE). Unlike
CNNs that operate in the local spatial domain, FNO performs global
convolution in the frequency domain via Fast Fourier Transforms (FFT). A
critical design choice in our FNO implementation is the use of the Gaussian
error linear unit (GeLU) activation function instead of the standard ReLU.
Physical constraints involve calculating high-order derivatives of the output
(e.g,0q / 0x). ReLU introduces discontinuities in the first derivative at zero,
which can destabilize the gradient descent process when optimizing PDE
residuals. In comparison, GeLU provides a smooth, non-monotonic
approximation, ensuring that the function is differentiable in each case,
thereby facilitating stable backpropagation of the physical gradients.

To incorporate traffic flow laws into the training process, the hybrid loss
function is defined as:

Ltotal Ldata + /u;phy (6)
where £, minimizes the reconstruction error against ground
truth, £, varies based on the traffic flow theory applied, and A denotes the
weight of Ly,py.

In this study, we consider three levels of physical constraints: a) Lighthill-
Whitham-Richards (LWR), b) LWR and fundamental diagram (FD), and c)
Aw-Rascle-Zhang (ARZ)(Wang et al,, 2026). We select LWR, LWR+FD, and
ARZ in this study because they represent three commonly used traffic flow
formulations with increasing levels of physical complexity. This comparison
allows us to assess how different forms of physical prior influence learning
performance in DAS-based TSP.
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The LWR model assumes that traffic flow is conserved. Vehicles are neither
created nor removed within the highway segment. The governing equation
is the continuity equation as Eq. (7).

dg Op

ax Tar 0 d

where g and p denote the traffic flow rate and density, respectively.

The corresponding residual loss £, is computed using finite difference
approximations for the partial derivatives as Eq. (8). To ensure numerical
stability, the density is calculated with the predicted g and vasp = q/(v +
€). € is 10* in this case.

150 ||aCe + A%) — q(x) | p(t +A8) — p(®)||”
Luwr = ;Zi I Ax * At I ®

The LWR model conserves mass but does not define the relationship
between speed and density. To constrain the model to realistic equilibrium
states, we introduce the Greenshields FD that assumes a linear relationship
between speed and density, where V is free-flow speed and pjqy, is jam
density.

Veg(p) = Ve (1 = ,p ) )
p]am

In this case, the FD loss penalizes deviations of the predicted speed v from
the theoretical equilibrium speed ,,, as Egs. (10) to (11).

1 n
L0 = =) prea = C(beg (prea). 0. 1) (10)
a,if a € [b,c]
C(a,b,c) =% b,ifa<b (11)
cifa>c

where V.04 and p,,,.q are predicted speed and density, respectively.

To capture non-equilibrium phenomena such as phantom traffic jams and
hysteresis which LWR cannot model, we also consider the ARZ model that
introduces a second equation for velocity evolution, treating speed as a
dynamic variable rather than a static function of density, as Eq. (12).

_0q Op
Conservationi—+—=0
dx Ot 12)
dw+pp) 0w+plp) Vulp) —v
Momentum: +v =
at dx T

where p(p) = C, - p is the traffic pressure term representing drivers’
anticipation of traffic conditions ahead, and 7 is the relaxation time
representing the delay in drivers adjusting their speed to the equilibrium
velocity. V4 (p) is also estimated based on the Greenshields fundamental
diagram.

The total physics loss of ARZ model combines the residuals of both the
conservation and momentum equations.

Larz = Lmass + j'moranDm (13)

where
Lo - 12" 0w +p(p) 0@ +pp))
nLa; at dx
o (o) | 1
-
Linass = Liwr (15)

Three levels of physical constraints are summarized in Tab. 2. As
mentioned, this hierarchy of constraints allows us to evaluate how increasing
physical complexity ranging from a first-order conservation law to a higher-
order dynamic model assists the DNN models in restoring STM.

Table 2. Different constraints
Physical constraints | LWR LWR+FD ARZ
Lphy Liwr Lyyr + Afdﬁfd Liwr + AnomLmom
3.3.2 Data fusion

In practical applications, data collected by camera or radars can be a
complement to DAS. DAS systems offer the advantage of monitoring long-
distance, continuous traffic flow dynamics, thereby providing a holistic view
of the traffic dynamics on expressways. However, the conversion from raw
optical vibration signals to macroscopic traffic parameters often suffers from
signal noise and lower fidelity compared to visual observations. Conversely,
video-based or radar sensors provide high-precision ground truth data but
are spatially constrained, offering limited coverage only at specified locations.
Therefore, we propose a heterogeneous data fusion framework that leverages
the complementary characteristics of DAS and discrete surveillance cameras.

To construct a robust composite input for the TSP model, we implement a
spatial substitution strategy within the STM. The base STM is initially derived
from the continuous DAS signal, ensuring global spatiotemporal continuity.
Subsequently, at spatial coordinates corresponding to camera deployment
locations, the coarse DAS-derived flow and speed values are replaced by the
accurate data extracted from the cameras. As such, we can obtain a hybrid
input tensor where the majority of the domain is populated by DAS
measurements, punctuated by islands of high-precision camera data, as
illustrated in Fig. 10.
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Fig, 10. Illustration of data fusion.

Let s and s, be the spacing interval and the effective coverage range of
cameras, respectively. In the experimental phase, we may treat s, and s, as
adjustable hyperparameters and analyze their impact on the final accuracy of
TSP asneeded. This allows us to quantify the trade-off between infrastructure
cost (density of cameras) and the marginal gain in prediction performance,
thereby identifying the optimal integration for DAS-Camera cooperative
sensing systems.

4 Validation of DAS Simulation

To empirically validate the effectiveness of the proposed DAS simulation
framework, a synchronous data collection experiment was conducted. Real-
world DAS signals and the corresponding roadside camera video footages
were simultaneously recorded near the milepost K245+100 on the Chuxin
Expressway in Fuyang, Anhui Province, as illustrated in Fig. 11. After the
extraction of microscopic vehicle trajectories from the camera footages and their
subsequent georectification into the road-aligned coordinate system, these
empirical trajectories were fed into the DAS simulation procedure. This process
can generate synthetic DAS acoustic signals, based on which the macroscopic
spatiotemporal diagrams of traffic speed and flow were also derived.

Fig. 12(a) presents a side-by-side qualitative comparison between the
simulated DAS acoustic signals and the field collected DAS data. Not
surprisingly, the real-world DAS signals exhibit a more complex and
heterogeneous noise profile. This discrepancy arises because the empirical data
may be subjected to numerous unmodeled real-world variables, such as diverse
vehicle axle weights, complex suspension dynamics, and unpredictable
ambient environmental noises. For instance, if the fiber is not closely coupled to
the expressway subgrade, the traffic-induced vibration may also be significantly
weakened before being captured by the DAS system. Within the area
highlighted by the solid box, the kinematic vehicle signatures in the real DAS
data are almost entirely obscured by background noise, whereas they remain
faintly observable in the simulated DAS map.

50 100 150 200
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Flg. 1L Synchronous data collection on Chuxin Expressway.

Despite these localized differences in the signal-to-noise ratio, the simulated
DAS spatiotemporal maps demonstrate a high degree of structural and
macroscopic consistency with the ground truth. Notably, within the regions
marked by dashed boxes, the morphological characteristics of the acoustic
trajectory signatures (e.g, the slopes representing vehicle speeds and the
intensity bands) exhibit similarity, indicating that the simulation effectively
captures the fundamental vehicle-fiber interaction mechanics.

In addition, we evaluated the macroscopic traffic state outputs by comparing
the spatiotemporal diagrams generated via the virtual detection module against
those derived from actual DAS perception algorithms (W. Zhang et al,, 2025), as
shown in Fig. 12(b). Although minor discrepancies exist in the spatial
distributions of absolute speed and flow values across the two travel directions,
the statistical histograms show an overall alignment between the simulated and
actual perception results.

This statistical and morphological consistency shown in Fig. 12 implies that
the synthetic DAS data replicate the kinematic properties and inherent
limitations (e.g., noise and missing data) of real-world optical fiber sensing,
Therefore, it is viable to use the proposed DAS simulation framework as the
testbed for the subsequent construction, training, and comparative evaluation
of PINN models.
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Fig, 12. Comparisons of field data and simulated results. (a) DAS signal; (b) flow
and speed maps.

Note that while the simulation framework may capture the main traffic-
induced spatiotemporal patterns expected in DAS observations and thus
provide a realistic testbed for model development, transferring the proposed
method to field deployment may require additional calibration, particularly
with respect to sensor noise, fiber installation conditions, local vibration
interference, and roadway-specific traffic characteristics. Although the leamned
physical structure is expected to generalize across sites, real DAS data may still

be needed for fine-tuning the preprocessing pipeline and improving robustness
under site-dependent conditions.

5 Experiment and Analysis

To evaluate the robustness and accuracy of the proposed PINN framework
under diverse traffic conditions, we constructed a multi-scenario simulation
pipeline. Considering that DNN model performance may vary significantly
across different expressways and congestion levels, we first extracted seven
distinct highway segment models using OpenStreetMap. Extensive
microscopic traffic simulations were then conducted on these road networks
with SUMO (Lopez et al, 2018), incorporating varying traffic volumes and
vehicle class compositions. In this way, trajectory data of different scenarios
were generated, enabling the application of subsequent DAS simulations. As
illustrated in Fig. 13, the fundamental diagrams show that the simulated
scenarios encompass a spectrum of traffic dynamics, ranging from sparse free-
flow conditions to dense, congested stop-and-go waves.
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Fig. 13. Traffic Simulation. (a) 7 sites; (b) examples of fundamental diagrams.

Building upon the microscopic vehicle trajectories, we conducted the DAS
simulation to generate both the GT traffic states and their corresponding DAS-
based STM. The parameters controlling the DAS signal generation and noise
injection are specified in Tab. 3. To construct a diverse training dataset for the
PINN, these continuous STM were segmented into discrete patches using
different spatial and temporal resolutions (As € [20,50], unit: s, and At €
[10,40], unit: m). Finally, the data generation and segmentation process
produced a dataset comprising 7,322 independent spatiotemporal samples. The
dataset was further partitioned into training, validation, and testing sets with a
6:2:2 split ratio.

Table 3. Parameter values of DAS simulation

(a) Physic parameters of DAS
Modules Parameter Values
C_able . Iength Le and Vary with sites
Svstem simulation time
con f%/guration Gauge length L, (m) 10
Spatial resolution Ax (m) 1
Sampling rate f;(Hz) 400
Lateral distance from
cable optic to the inner 15
. lane edge (m)
Physics DAS  ["Geometric decay index 1.0
model Material absorption 0.02
Spatial spread g, (m) 15
Wave velocity (m/s) 250
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Coupling efficiency n. 1.0
Background noise level 0.02
Noise parameters Instrument noise level 0.02
Coherent noise level 0.01
. . Threshold IoU, 0.3
Virtual detection Dropout probability p 0.2
(b) Vehicle parameters for vibration signal generation
Vehicle Amplitude factor Frequency Axle count
types Apase factor Ngy
Small 1 1.2 2
Medium 2.5 1 2
Truck 5.0 0.7 5
Bus 4.0 0.8 2

5.1. Model comparisons

To analyze the impact of different network architectures, physical
constraints, and data fusion strategies, we designed a comparative
experimental matrix. The experiments consider combinations of two
baseline architectures (i.e. ResUNet and FNO), three physical
constraints (i.e. LWR, LWR+FD, and ARZ), and variations in input
channel configurations. This combinatorial approach results in the
development of 16 different PINN models. The weights of physical
constraints are presented in Tab. 4 while traffic flow model
parameters are specified in Tab. 5.

Note that when DAS-measurements are used as the third channel,
raw DAS measurements are converted into a spatiotemporal image
indexed by space and time before being used as model input. This
representation is then normalized and resized to provide a unified
input format for network training. The preprocessing is designed to
retain the dominant traffic-related spatiotemporal patterns relevant
to macroscopic state estimation, while reducing data dimensionality
and suppressing local signal fluctuations.

As a result, the processed input may preserve mesoscopic traffic
structures, such as congestion patterns and state transition fronts, but
does not fully retain the complete fine-scale content of the original
DAS signal. In particular, high-frequency details, localized
disturbances, and native-resolution amplitude variations may be
attenuated during compression and resizing.

Table 4. Weight of Physical Constraints

Type Awr Afd Amom
Weight 0.1 0.05 0.1

Table 5. Traffic constraints parameters

Constraints Parameter Value
Vr (mls) 39.48
LWR+FD
Pjam(veh/m) 0.15
C,(m?/s) 50
ARZ a
7 (5) 10

All 16 models were trained and tested on the same hardware (RAM of 32 GB,
Intel®, GPU of GeForce RTX 4090). Furthermore, the training configurations
were kept consistent across all models to avoid potential bias. Specifically, each
model was trained for 100 epochs utilizing the Adam optimizer, with identical
leamning rate schedules and batch sizes (32 in this case). This controlled
environment ensures that any performance discrepancies observed during the
testing phase are attributable to the model architectures, input modalities, and
the embedded physical laws, rather than computational or hyperparameter
variances.

Table 6. Accuracy comparisons

(a) two channels
Flow Speed
Models
RMSE MAE RMSE MAE
res 0.036 0.028 1.381 1.092
res_lwr 0.025 0.018 1.205 0.939
res_fd 0.026 0.018 1.284 1.009
res_arz 0.060 0.042 2.229 1.784
fno 0.039 0.022 2.086 1.657
fno_lwr 0.039 0.021 2.108 1.687
fno_fd 0.056 0.040 2.207 1.774
fno_ud 0.433 0.403 5.679 4.933
fno_arz 0.066 0.045 2.807 2.280
(b) three channels
Flow Speed
Models
RMSE MAE RMSE MAE
res 0.040 0.032 1.405 1.116
res_lwr 0.026 0.017 1.308 1.026
res_fd 0.025 0.018 1.328 1.046
res_arz 0.095 0.063 4.465 3.608
fno 0.038 0.022 2.039 1.621
fno_lwr 0.038 0.022 2.006 1.592
fno_fd 0.054 0.040 2.150 1.730
fno_ud 0.488 0.479 5.226 4.544
fno_arz 0.107 0.070 4.783 3.877

By comparing the predictive performance of the 16 model variants on the
test set, measured by root mean square error (RMSE) and mean absolute error
(MAE), several insights regarding physical constraints, input configurations,
and network architectures can be drawn as follows.

Asnoted in Tab. 6 and Fig. 14, across both the two-channel input (DAS-based
flow and speed maps) and the three-channel input (incorporating the raw DAS
signal) configurations, a consistent performance hierarchy emerges among the
physical constraints. More specifically, DNN models constrained by the first-
order LWR model achieve the highest accuracy, followed closely by those
utilizing the LWR+FD constraints. Conversely, incorporating the second-order
ARZ constraint severely degrades model performance, rendering it
significantly inferior to the data-driven baseline (ie. the unconstrained deep
neural network). This degradation is even pronounced under the three-channel
configuration. Similar finding have also been reported by existing studies (Lei
etal, 2025).

The better performance of the LWR-constrained model suggests that, for
DAS-based traffic state restoration, a simpler first-order physical prior may be
more effective than more complex formulations. Since the DAS-derived
representation mainly preserves coarse spatiotemporal traffic pattems, the
conservation-based LWR constraint is sufficient to regularize the learning
process. The ARZ model introduces complex momentum equations that
require the computation of coupled and higher-order derivatives. However,
DAS-based STM, even after processing, may inherently contain high-frequency
noise. Computing higher-order physical residuals on noisy data amplifies this
noise, leading to gradient explosions and destabilizing the training process. In
addition, the strict calibration of ARZ parameters may not universally
generalize across the highly heterogeneous traffic scenarios in our dataset,
whereas the simpler mass conservation of the LWR model serves as a more
robust regularizer.
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Fig, 14. Accuracy results. (a) flow; (b) speed.

Overall, transitioning from a two-channel to a three-channel input by
injecting the raw DAS signal matrix may generally improve the prediction
accuracy, as shown in Fig. 14. This result indicates that the raw optoelectronic
data may contain latent kinematic signatures that are lost during conventional
signal-to-traffic conversion. However, the degree of improvement is
inconsistent across models. Notably, for the LWR-constrained models, the
addition of the third channel paradoxically results in a decrease in accuracy.

This counterintuitive phenomenon is likely caused by spatial-temporal
resolution mismatches. The raw DAS signal matrix possesses a much higher
frequency and larger dimension than the macroscopic traffic state diagrams. To
concatenate them as a unified input tensor, the raw DAS matrix must undergo
arbitrary resizing and downsampling. This forced dimensional reduction may
inevitably lead to the loss of critical microscopic vibration features and
introduces interpolation artifacts. When the strict LWR mass conservation
constraint is applied to these distorted and downsampled features, it creates a
conflict between the data loss and the physics loss, and thereby affects the final
prediction.

The comparative analysis of the backbone architectures reveals that while
both the ResUNet and the FNO can effectively predict traffic STM,
the ResUNet-based models consistently outperform the FINO models in overall
accuracy, regardless of the input modalities. STMs, especially those containing
congestion and stop-and-go waves, are characterized by sharp, localized
discontinuities (the edges of shockwaves). The ResUNet that uses multi-scale
dilated convolutions and skip connections, is designed to preserve these sharp
spatial boundaries and pixel-level localized features. In contrast, the FNO
models operate in the frequency domain, which prioritizes the learning of
global, continuous, and low-frequency patterns. As a result, the FNO may tend
to over-smooth the sharp transition zones between free-flow and congested
states, leading to higher localized errors compared to the precise and localized
feature extraction capabilities of the ResUNet.

Figs. 15(a) and 15(b) provide qualitative and quantitative evidence,
respectively, of the model performance across different architectures and
physical constraints. In Fig. 15(a), the top two rows compare the predicted STM
of ¢ and v against the GT. Overall, most models are able to reproduce the main
traffic patterns, but clear differences can be observed in their ability to preserve
local structures and intensity variations. The histogram comparisons in the third
and fourth rows further illustrate the alignment between prediction and GT. A
greater overlap between the two distributions indicates better statistical
consistency. From this perspective, the ResUNet-based models,
particularly res_Iwr, show the closest match to the GT distributions, while the
ARZ-constrained variants show more substantial deviations.
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Fig, 15. Comparison of different models on a specific example (2 channels). (a)

qualitative; (b) quantitative.

Fig. 15(b) quantitatively evaluates the correlation between the predictions
and GT. In general, points dlustering more tightly around the dashed line
indicate  higher accuracy and lower systematic bias. The
corresponding R? values confirm the qualitative observations from Fig. 15(a).
For flow estimation, res_lwr achieves the best performance (R? = 0.992),
followed by res and res_fd, whereas the FNO-based models show relatively
weaker agreement. A similar trend can be observed for speed estimation. The
ResUNet family maintains consistently high accuracy, while the ARZ-based
models, especially fno_arz, suffer the most severe degradation. Similar results
can be drawn from Fig. 16, and these results are in accordance with Fig.14.
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Fig, 16. Comparison of different models on a specific example (3 channels). (a)
qualitative; (b) quantitative.

To gain a better understanding of the performance characteristics of the
optimal model (res_lwr in this case), an error distribution analysis was
conducted. Fig. 17 illustrates the relationship between the prediction error
and the GT traffic flow rate, as well as the GT traffic speed. Overall, the
magnitude of the prediction error exhibits a negative correlation with both
the GT flow and speed, revealing specific operational boundaries of the
model.

Regarding traffic flow, the error distribution displays a U-shaped trend.
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At very low flow rates, the prediction error is relatively high. As the flow
increases and approaches a critical intermediate value, the error gradually
decreases, reaching a global minimum. However, as the flow continues to
increase beyond this critical threshold toward road capacity, the error
begins to increase again. Despite this secondary increase, the most
significant deviations occur in the low-flow regime, as shown in Fig. 17(a).
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Fig, 17. Relationship between prediction errors and traffic state. (a) flow; (b)
speed.

This phenomenon in Fig, 17 can be attributed to the signal-to-noise ratio of
the DAS system. At the critical flow state, the continuous stream of vehicles
provides a strong, stable, and highly identifiable acoustic signature, optimizing
the model’s extraction capabilities. As traffic transitions into highly saturated
states, the overlapping acoustic signatures of densely packed vehicles create
signal interference, and thus degrade the DAS's capability of isolating
individual vehicle impacts.

The speed error distribution reveals a negative correlation with the GT. In
low-speed regimes, typically representing severe congestion or stop-and-go
waves, the model exhibits substantial errors and demonstrates a bias towards
overestimating the actual velocity. Conversely, during high-speed, free-flow
conditions, the prediction error converges to a minimum, indicating highly
reliable estimations.

This overestimation bias in congested states stems from both the DAS
sensing mechanism and the inherent limitations of the LWR constraint.
Physically, DAS systems are highly sensitive to dynamic strain. Vehicles
moving at very slow speeds may generate significantly weaker dynamic
signatures compared to fast-moving vehicles. As a result, the sensing system
may neglect the nearly stationary vehicles, prompting the network to
interpolate or spatially average the higher speeds of adjacent, moving vehicles.
Mathematically, the first-order LWR physical constraint enforces conservation
based on a macroscopic equilibrium assumption. It inherently tends to smooth
out abrupt, localized velocity drops characteristic of severe congestion, thereby
inflating the predicted speed in heavily congested temporal-spatial regions.
5.2. Influence of data fusion
To investigate the impact of camera deployment density on the accuracy of the
PINN model, we separately reconstructed three datasets derived from the
original training dataset, as illustrated in Fig. 18. Specifically, we considered
three spatial intervals for camera placement: 1.0 km, 1.5 km, and 2.0 km,
generating corresponding training datasets for each scenario. The res lwr
architecture that has demonstrated superior performance in the previous
evaluations, was selected as the baseline model for this sensitivity analysis. The
model was subsequently retrained from scratch on each new dataset. To ensure
a fair comparison, all training configurations and hyperparameters were set
identical to those employed in model training phase.
Ll T SN

£ /!

location

time fs 1 - f;s 1:5: ) fs2
Fig. 18. Tllustration of fused STM as input.
Based on results in Fig. 19, it is true that fusing DAS input with camera-
captured data may overall help improve the accuracy of TSP. However, a
smaller spacing of camera sensors does not guarantee a better model

performance. The counterintuitive phenomenon where denser camera
integration (1 km spacing) degrades model performance compared to sparser
integration (2 km) can be primarily attributed to conflicts between the hard
replacement data fusion strategy and the mathematical mechanisms of the
physics-informed model.

™2 channels ™3 channels ™2 channels ™ 3 channels

N TLE i ST
0 W.0. fs1 fs1.5 fs2 0 W.0. fs1 fs1.5 fs2
(@) (b)

Fig. 19. Accuracy performance of data fusion. (a) flow; (b) speed.

Directly substituting DAS estimations with precise camera ground truth may
introduce high-frequency discontinuities, or spatial step changes, into the input
matrix. Because the LWR constraint relies on computing spatial derivatives (i.e.
0q/0x), these artificial boundaries cause the computed derivatives to spike
exponentially at the sensor locations. This induces a gradient explosion within
the physics loss function, which somehow destabilizes the network’s
convergence process. Consequently, a 1-km spacing doubles the frequency of
these destabilizing mathematical anomalies compared to a 2 km interval. In
addition, this rigid data insertion may conflict with the receptive field
mechanism of the ResUNet architecture. Convolutional kernels are optimized
to extract continuous, smooth macroscopic features, such as propagating traffic
shockwaves. Imposing dense and accurate data ‘stripes’ may somehow disrupt
these natural spatiotemporal textures.

To further improve the accuracy performance of PINN, a more sophisticated
fusion strategy can be explored in the future.
5.3. Feasibility of Transfer Learning
In practical engineering applications, traffic dynamics on real-world
expressways may exhibit substantial domain shifts compared to the scenarios
covered by the simulated training data. To evaluate the transferability and
environmental adaptability of the proposed PINN framework, we conducted a
transfer leaming experiment using the empirical NGSIM (Next Generation
Simulation) trajectory dataset. The res_Iwr, which has demonstrated better
performance in previous evaluations, was again selected as the base pre-trained

[1e01 1802 [Us-1012
I—'—‘

Sub-set
4 partition
495 Samples

Transfer learning
Six lanes v

"N (including > validation
weaving area)

- US-101 e = | 1803 us-1014) us-1013]
Fig, 20. Creation of transfer learning samples.

As shown in Fig, 20, we focused on the US-101 and I-80 highway segments
in the NGSIM dataset. To construct the fine-tuning dataset, we separately
extracted subset 2 from the US101 dataset and subsets 1 and 2 from the I-80
dataset. These empirical trajectory data were further processed under different
spatiotemporal resolutions to generate a specialized small-scale transfer dataset
containing 495 samples.

A key challenge in this experiment arises from the structural discrepancy
between the source-domain simulation data and the target-domain NGSIM
data. The original simulation dataset was generated on relatively simple
highway segments with 2 to 4 lanes, whereas the NGSIM segments feature 6
lanes including complex weaving sections. Such geometric and operational
complexity induces intricate lane-changing behaviors and turbulent traffic
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trajectory patterns, thereby creating a pronounced domain gap for the pre-
trained model.

Fig. 21 shows the training loss curve during the transfer learning phase. The
results show that, despite the increased complexity of the empirical traffic data,
the model remains trainable and converges effectively during fine-tuning.
Quantitatively, the prediction versus ground truth scatter plots (Fig. 22)
demonstrate a substantial improvement in model accuracy. The correlation
coefficient (R?) for both flow and speed estimates increased significantly after
transfer learning, indicating that the model successfully recalibrated its internal
feature mappings to the new traffic patterns.

Total Loss Flow & Speed MSE

0.04
0.06 } -~ Train Flow
-~ Val Flow
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004 Val Speed
a
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000 S s ey
20 40 60 80 0 20 40 60 80
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Fig, 21. Loss curve of transfer learning.
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Fig. 22. prediction vs GT. (a) flow; (b) speed.

The effect of domain adaptation is even more clearly illustrated by the
statistical histograms in Fig. 23. Before transfer learning, the zero-shot
application of the pre-trained model resulted in a significant underestimation of
traffic flow rates, with the predicted flow distribution diverging largely from
the ground truth. However, after applying transfer leamning, the predicted
distributions of both traffic flow and speed become much more consistent with
the empirical data, with substantial overlap observed between prediction and
ground truth.
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Fig. 23. Histograms of flow and speed.

To further examine the efficacy of the fine-tuning process, the transferred
model was tested on the remaining NGSIM datasets including subsets 1 and 3
of US101, and subset 3 of I-80. As noted in Fig. 24, the model’s ability to
reconstruct spatiotemporal diagrams was substantially improved. Across the
three test subsets, the fine-tuned model effectively recovered the detailed
spatiotemporal textures of the traffic flow, as marked with dashed rectangles.
The fine-tuned model successfully captured the macroscopic wave fluctuations,
including the backward propagation of congestion shockwaves triggered by
the complex weaving behaviors, which the original un-tuned model failed to
resolve clearly.

These results imply potential of practical engineering application. Although
a generalized physics-informed model may experience initial performance
degradation when deployed in a highly divergent or structurally complex
novel environment, its underlying physical representations remain robust. By
utilizing a relatively small sample of scenario-specific empirical data (few-shot

15 20
Speed (m/s)

learning) to fine-tune the pre-trained network, its accuracy and reliability can be
quickly restored and optimized. This strategy offers a highly cost-effective and
scalable approach for deploying advanced TSP models across diverse real-

world expressways.
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Fig, 24. Application of transfer learning. (a) I-80 3; (b) US-101 1; (c) US-101 3.

6 Concluding remarks

This study investigated the feasibility of using DAS data for large-scale traffic

state perception on expressways. To our best knowledge, this study serves as

the first attempt to explore long-distance TSP using DAS data. Based on the
findings of this study, the following comments are offered.

*  The proposed PINN framework can effectively improve the accuracy of
the coarse STM derived from DAS. When properly developed, we may
repurpose unused or spare fibers as a distributed traffic ‘neural network’,
which enable the simultaneous addressing of scalability and operational
feasibility.

*  Among the tested physics constraints, the LWR model achieved the best
overall performance, indicating that incorporating appropriate traffic flow
physics can substantially enhance the quality of DAS-based TSP.

¢ Fusing DAS-derived STM with traffic observations collected from roadside
cameras can further improve perception accuracy. However, the
magnitude of improvement is closely related to the camera deployment
configuration. This suggests that multimodal data fusion is a promising
direction for improving large-scale traffic sensing, while the effectiveness of
the fusion strategy is related to the spatial design of the sensing system.

e Few-shot transfer learning is effective in improving the accuracy of the
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model when applied to new traffic environments. This finding is of clear
practical significance, as it indicates that the proposed PINN framework
can be adapted to specific deployment sites through fine-tuning with a
limited amount of local data, thereby improving its applicability in real-
world engineering scenarios.

Several issues remain to be addressed in future work. Currently, the model
input mainly consists of a three-channel representation combining raw DAS
data and coarse STM. However, the construction of the DAS image requires
signal compression and spatial resizing, which inevitably causes information
loss. Future studies should therefore consider a dual-branch network
architecture to better preserve and extract features from raw DAS signals.

When investigating the fusion of camera data and DAS data, this study only
considered the effect of camera spacing. Other important deployment factors,
such as camera coverage range and field of view, should be further examined
to better understand their influence on fusion performance. Also, the present
study was conducted mainly within a simulation-based framework. Although
the simulation procedure was carefully designed, future research should
include a broader range of real-world scenarios to establish a benchmark
dataset for DAS-based TSP. Such a benchmark would provide a more solid
foundation for model evaluation, comparison, and practical deployment. Fiber
installation quality is also an important factor that should be explicitly
considered when extending the method to broader real-world applications in
the future.

Appendix
A. DAS Simulation Demo

A video demo of DAS simulation is available online.
B. Transfer learning

Fig. B1 shows the heatmaps of the relationship between prediction error
and ground-truth traffic speed before and after transfer learning. The heatmaps
represent the local density of samples, while the zero-error line denotes the ideal
case of unbiased prediction. Accordingly, the closer the fitted regression line is
to the zero-error line, the higher the prediction accuracy of the model. It can be
observed that, after transfer learning, the regression lines shift markedly toward
the zero-error line in all three cases, suggesting a substantial reduction in
prediction bias and error magnitude. These results confirm that transfer
learning significantly enhances model performance in traffic speed estimation.

before before before

Fig. BL Relétior\s}ﬁp between prediction error and ground-truth traffic speed.

Nomenclature
Acronym Meaning
DAS Distributed Acoustic Sensing
DNN Deep Neural Network
FBG Fiber Bragg Grating
FD Fundamental Diagram
FFT Fast Fourier Transforms
FNO Fourier Neural Operator
GeLU Gaussian error Linear Unit
GT Ground Truth
MAE Mean Absolute Error
MDC Multi-scale Dilated Convolution
ML Machine Learning
PDE Partial Differential Equations

PIDL Physics-Informed Deep Learning
PINN Physics-Informed Neural Network
ResUNet Residual U-Net
RMSE Root Mean Square Error
STM Spatiotemporal Traffic Map
TSP Traffic State Perception
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