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Abstract

Traffic flows are complex systems that can be studied from a macroscopic per-
spective. In particular, first-order models are tractable but oversimplified, while
higher-order models capture richer dynamics at the cost of complexity. Here, we
introduce SR-Traffic, a data-driven, physics-informed framework that uses symbolic
regression to learn effective phenomenological relations directly from experimental
data while embedding them into an efficient, first-order PDE formulation. Our
approach balances accuracy and interpretability, ensures physical consistency, and
shows good generalization, overcoming the limitations of purely data-driven mod-
els. Overall, our findings could support the design of digital solutions for improving
mobility systems.

1 Introduction

Traffic flow exhibits complex phenomena such as instabilities, stop-and-go waves, and hysteresis
[1, 2]. Decades of mathematical modeling have been aimed at reproducing these behaviors to support
applications such as traffic control [1, 3]. Traffic models are either microscopic, simulating individual
vehicle interactions [4], or macroscopic, describing aggregate quantities like density and speed [5];
this paper focuses on the latter. Macroscopic models, favored for control applications due to their
simplicity, lower computational cost, and ease of calibration [3], treat traffic as a continuum governed
by hyperbolic partial differential equations (PDEs) [1, 2] and can be broadly divided into first and
second-order models.

First-order models rely on the continuity equation and a deterministic flow–density relation, i.e. the
fundamental diagram (FD) [1, 6]. The seminal Lighthill-Whitham-Richards (LWR) model [7, 8]
and its discretization, the Cell Transmission Model (CTM) [9], are widely used for simulation and
control. Thanks to their efficiency and tractability, first-order models have been extended to include
multiclass traffic [10], stochastic FDs [11], and non-local effects [12]. However, these models still
fail to reproduce some key observed features, such as the wide scattering in flow–density data, which
limits their performance in applications like travel-time estimation [2]. Second-order models extend
first-order formulations with an acceleration equation, yielding systems derived from car-following
[13] or gas-kinetic theory [1]. These models capture instabilities, stop-and-go waves, hysteresis,
and flow–density scattering [1, 5], and can incorporate human factors [14], but are more complex,
sometimes non-conservative [15], and require advanced numerical schemes [16, 17].

This paper proposes a novel data-driven, physics-informed macroscopic framework, named SR-Traffic,
that combines the tractability of first-order models with the descriptive power of higher-order ones.
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We adopt a first-order continuum formulation and use symbolic regression [18, 19, 20] to learn the
FD from experimental data. The availability of high-resolution datasets [21, 22, 23] has motivated
the use of machine learning for traffic forecasting [24, 25] and state estimation [26, 27, 28]. However,
purely data-driven approaches are black-box and often struggle at generalization (forecasting). In
contrast, SR-Traffic improves in accuracy with respect to standard first-order models and produces
models that generalize well, while maintaining interpretability, and physical consistency.

2 Methods

First order traffic flow models In macroscopic traffic flow, the continuity equation enforces the
conservation of the number of vehicles:

∂ρ

∂t
+

∂Q

∂x
= 0, (1)

where ρ is traffic density and Q = ρv the flow. Lighthill–Whitham [7] and Richards [8] assumed
local equilibrium:

Q(x, t) = Qe(ρ(x, t)) := ρ(x, t)V (ρ(x, t)), (2)
where Qe is the fundamental diagram (FD), usually fitted from data. Some speed-density relations are
listed in Table 1, with the triangular model noted for its efficiency and robustness [1]. Greenshields
and Greenberg models, though not suitable to fit real-world data, are included due to their frequent
use in mathematical traffic models.

Table 1: Some speed-density relations V (ρ). Here, 1Ω is the indicator
function of the set Ω. In the following, V0, ρmax, λW , T, ρC are
parameters to calibrate depening on the dataset.

Model V (ρ)

Greenshields [29] V0(1− ρ/ρmax)
Greenberg [30] V0 log(ρmax/ρ)
Weidmann [31] V0[1− exp(−λW (1/ρ− 1/ρmax))]
Triangular [9] V01{ρ≤ρC} + 1/T (1/ρ− 1/ρmax)1{ρC<ρ≤ρmax}

Symbolic regression of fun-
damental diagrams Sym-
bolic regression (SR) [18]
searches for a mathematical
expression that best fits a
given dataset, by combining
a set of operators and vari-
ables. To tackle SR, we use
genetic programming (GP)
[19, 20, 32], an evolutionary
method where candidate ex-
pressions represented as trees
are evolved through selection,
crossover, mutation, and survival guided by a fitness measure. Here, we adopt SR to discover FDs
from traffic data, given as density and velocity fields over a (x, t) domain discretized on a uniform
grid (i∆x, j∆t)i,j , with i = 0, . . . , Nx − 1 and j = 0, . . . , Nt − 1. We represent V in (2) as the
product of a triangular (or other well-performing) speed-density and a discrete functional of ρ learned
via SR, i.e., V (ρ) = Vtriang(ρ)VSR[ρ], and subject to the constraint V ′(ρ) ≤ 0. The triangular FD
is chosen as a backbone since it is the most efficient in simulations ([1], Section 8.5). Preliminary
exploratory experiments shows that the choice of the backbone FD is not critical; in other words,
SR-Traffic consistently discovers the same models when initialized with different well-performing
backbone FDs (e.g., Weidmann).

Following [33], we combine SR with discrete exterior calculus (DEC) [34, 35], a naturally discrete
mathematical theory providing a set of primitives for VSR[ρ] that preserves geometric structure and
produces physically consistent models. From the DEC viewpoint, density ρ and velocity v can be
represented as a dual and a primal 0-cochains (discrete forms), i.e. collections of values sampled at
the centers and the interfaces, respectively, of the space interval. The primitive set includes basic
DEC operators, such as the Hodge star, the coboundary, and the codifferential δ, along with parabolic,
upwind and downwind operators, i.e., for a primal 0-cochain c:

(♭parc)i =
ci + ci+1

2
∆x, (♭upwc)i = ci∆x, (♭dowc)i = ci+1∆x. (3)

Convolution operators f ∗k g :=
∫ k∆x

0
f(x+ y)g(y)dy, k = 1, 2, 3, are also included. The primitive

set also includes some standard algebraic operators, precisely addition, subtraction, multiplication,
division (protected), square, square root and exponential. The terminal set consists of ρ, the constant
1 primal 0-cochain and tunable scalar coefficients.
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Figure 1: Traffic forecasting: (A) fundamental diagrams; (B) density and velocity fields (the red and
orange rectangles correspond to the training and test regions, respectively).

Table 2: rRMSEs for density and velocity (training/test) for the traffic forecasting task.

Model E tr
ρ E tr

v E ts
ρ E ts

v Avg Rank

Greenshields 0.299 (6) 0.256 (4) 0.289 (6) 0.304 (6) 5.50
SR-Greenshields 0.296 (5) 0.234 (2) 0.287 (5) 0.285 (5) 4.25

Weidmann 0.264 (3) 0.246 (3) 0.260 (3) 0.279 (3) 3.00
SR-Weidmann 0.249 (1) 0.226 (1) 0.250 (2) 0.261 (2) 1.50

Triangular 0.264 (4) 0.286 (6) 0.264 (4) 0.285 (4) 4.50
SR-Triangular 0.251 (2) 0.272 (5) 0.248 (1) 0.258 (1) 2.25

Model training consists of finding the FD that minimizes the fitness F (ρ, v) := 1
2 (rMSE(ρ) +

rMSE(v)), where rMSE(u) :=
∑Nx

i=1

∑Nt

j=1 |ū(xi, tj)− u(xi, tj)|2/
∑Nx

i=1

∑Nt

j=1 |u(xi, tj)|2, with
ū and u the model predictions and the traffic data, respectively. For each candidate FD, predictions
are computed by numerically solving (1)–(2) using the Godunov method [36]. The tunable constants
of each FD are calibrated to minimize F , while those of Vtriang are calibrated before running SR by
minimizing the same function.

3 Results

We evaluate SR-Traffic on two tasks: traffic forecasting and state reconstruction. Performance is
measured by relative root mean squared errors (rRMSEs) on density Eρ = rRMSE(ρ) and velocity
Ev = rRMSE(v), with rRMSE(u) =

√
rMSE(u). We show that although VSR is derived using the

triangular FD as an ansatz, it remains effective, after recalibration, when applied to the other FDs,
preserving the same behavior.

Experiments use the Flex SR library [33] and the code to reproduce them is available at
https://github.com/cpml-au/SR-Traffic.

Dataset The I-80 dataset from the NGSIM program [21] contains high-resolution vehicle trajec-
tories over a 500 m stretch of eastbound I-80 in Emeryville, CA. Data were collected on April 13,
2005, from 4:00–4:15 PM using video cameras and processed to extract positions, velocities, and
accelerations. We reconstruct macroscopic density and velocity via Edie’s method [37, 24].
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Figure 2: Traffic state reconstruction: (A) fundamental diagrams; (B) density and velocity fields (the
training data are enclosed within purple rectangles).

Traffic forecasting We use the first 60% of the time interval for training and the rest for test, i.e.
predicting the future traffic state, as shown in Figure 1B (top left). The SR-Traffic algorithm discovers
the following model:

VSR[ρ] = 1+ (δ♭upw exp(c1ρ)) ∗1 exp(c2ρ), where (δ ♭upwf)i =
fi+1 − fi

∆x
(4)

with c1 and c2 constants to be calibrated. We note that the SR term allows to better capture the
scattering in the flow-density data (Figure 1A). Interestingly, both the density gradient (approximated
via the upwind term) and the convolution may be physically interpreted as the drivers’ look-ahead
behavior [38]. We note that, across all the metrics considered, the models extended with the SR term
outperform their corresponding base counterparts (Figure 1B and Table 2).

Traffic state reconstruction This task involves reconstructing the traffic dynamics based on the
observations at a limited number of sensors. Precisely, we split the data using a random 20% of
the space interval for training and the rest for test, as shown in Figure 2B (top left). The SR-Traffic
algorithm discovers the following term:

VSR[ρ] = exp[(δ♭dowρ) ∗3 (cρ)], where (δ ♭dowf)i =
fi − fi−1

∆x
, (5)

where c is a constant to be calibrated. The structure of this term, which involves the exponential of
a convolution, resembles previously reported models [39]. Similarly to the model in (4) found for
traffic forecasting, this model better captures the scattering of the flow-density data (Figure 2A) and
improves the reconstruction accuracy compared to the baselines (Figure 2B and Table 3).

4 Conclusions

We have introduced SR-Traffic, a symbolic regression framework for discovering fundamental
diagrams of first-order, macroscopic traffic flow models from traffic data. SR-Traffic augments
existing FDs with a multiplicative term, preserving their structure while better capturing the scattering
that is typical of the flow-density data. The resulting models are interpretable and have been validated
on the I-80 highway data from NGSIM for traffic forecasting and state reconstruction, where they
consistently showed improved performance over standard FDs. Future work will extend SR-Traffic to
discover more general FDs and generalize to second-order traffic models. We believe that our results
may contribute to the development of digital tools for smart mobility platforms.
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Table 3: rRMSEs for density and velocity (training/test) for the traffic state reconstruction task.

Model E tr
ρ E tr

v E ts
ρ E ts

v Avg Rank

Greenshields 0.238 (4) 0.234 (4) 0.253 (4) 0.266 (4) 4.00
SR-Greenshields 0.231 (2) 0.230 (2) 0.243 (2) 0.257 (3) 2.25

Weidmann 0.242 (5) 0.231 (3) 0.258 (5) 0.252 (2) 3.75
SR-Weidmann 0.230 (1) 0.215 (1) 0.242 (1) 0.234 (1) 1.00

Triangular 0.250 (6) 0.251 (6) 0.265 (6) 0.285 (6) 6.00
SR-Triangular 0.233 (3) 0.235 (5) 0.246 (3) 0.266 (5) 4.00
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