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ARTICLE INFO ABSTRACT
Keywords: The main motivation of this work is to assess the validity of a LWR traffic flow model to
Traffic reaction model model measurements obtained from trajectory data, and propose extensions of this model to
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Hyperbolic PDE

Finite volume scheme
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improve it. A formulation for a discrete dynamical system is proposed aiming at reproducing
the evolution in time of the density of vehicles along a road, as observed in the measurements.
This system is formulated as a chemical reaction network where road cells are interpreted as
compartments, the transfer of vehicles from one cell to the other is seen as a chemical reaction

Viscosity solutions between adjacent compartment and the density of vehicles is seen as a concentration of reactant.
CFL condition Several degrees of flexibility on the parameters of this system, which basically consist of the
Gradient descent reaction rates between the compartments, can be considered: a constant value or a function
HighD depending on time and/or space. Density measurements coming from trajectory data are then
Real traffic data interpreted as observations of the states of this system at consecutive times. Optimal reaction

rates for the system are then obtained by minimizing the discrepancy between the output of
the system and the state measurements. This approach was tested both on simulated and real
data, proved successful in recreating the complexity of traffic flows despite the assumptions on
the flux—density relation.

1. Introduction

Modeling traffic flow to reflect macroscopic vehicular patterns becomes more and more important in the area of connectivity and
autonomy (Treiber et al., 2013; Kessel, 2019; Garavello et al., 2016; Piccoli and Rascle, 2013). In this regard, proposing macroscopic
traffic flow models capable of reproducing traffic flow patterns observed in real-world setting is a key problem. Such patterns are
traditionally observed through data collected from sensors installed on a road (e.g. loop detectors) which collect vehicle counts or
occupancy times, which in turn are aggregated and filtered to yield density, flux and speed estimates (Leduc et al., 2008). Ongoing
progress in image capturing and processing capabilities have permitted to multiply and democratize the use of vehicle trajectory
data, which arguably provide a more complete and faithful picture of traffic behaviors since the evolution of each vehicle can
be tracked along the road (Lu and Skabardonis, 2007; Krajewski et al., 2018). We also expect that the penetration of connective
vehicular technology and novel sensing and communication systems will further propel the above transition.

Model-wise, macroscopic traffic flow models play a fundamental role (Garavello et al., 2016) to model network level behavior or
management solutions. In particular, first order traffic flow models are predominant and reflect fundamental macroscopic properties
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Fig. 1. Fundamental diagram obtained from trajectory data (highD dataset) using Edie’s generalized definitions on a space-time grid with time step 2 s and
space step ~ 36 m.

such as conservation and flow property (Kessel, 2019). Such models consider three main fundamental quantities defined over time
and along the road (space): the density of vehicles at a given location and time, the flux (or flow) of vehicles passing a given
location at a given time and the average speed at a given location and time. These three variables are linked to one another by the
fundamental relationship of traffic, and are captured by a first order hyperbolic partial differential equation (Garavello et al., 2016)
linking flux and density of vehicles. In the well-studied Lighthill-Witham-Richards (LWR) model, the speed of vehicles is expressed
as a function depending on the density only, thus yielding a partial differential equation (PDE) satisfied by this last quantity (Lighthill
and Whitham, 1955; Richards, 1956).

The question of assessing the legitimacy of the hypotheses made by the continuous models is natural, especially when working
with traffic flow data obtained from real-word measurements (Fan and Seibold, 2013). Take for instance Fig. 1, which shows a
fundamental diagram, i.e. a scatter plot of flow vs density measurements done at the same locations and time, obtained from the
real-world trajectory data (cf. Section 4.2.1 for more details) of the highD dataset (Krajewski et al., 2018). Modeling the seemingly
complex flux—density relationship observed in this diagram by a simple univariate function, as done in the LWR model, then becomes
a questionable choice. Hence the following questions motivated this work: How valid is the choice of a univariate (only density
dependent) flux function when modeling traffic flows from real-world trajectory data? How can we enhance such traffic flow
models for them to better reflect the patterns observed in the available data? Answering these questions and learning to mimick the
spatial and temporal change of parameters in fundamental diagrams (flux functions) has two major benefits. First, it contributes to
improve the accuracy in describing the traffic dynamics (e.g. propagation of jams). Second, it supports traffic management solution
by enabling to reach better performance (i.e. traffic control oriented).

In answering the questions outlined above, most of the focus has been on two (non-exclusive) approaches. The first (Fan
and Seibold, 2013) consists of proposing complex functions to fit the flux—density relationship of the fundamental diagram, may
they be defined piecewise, discontinuous, or depending on numerous parameters. The second consists of proposing more complex
macroscopic models for traffic flow, which takes the form of high order partial differential equations (PDEs) and/or coupled systems
of equations involving not only the density of vehicles, but also other quantities such as their free speed. In this work, we advocate
for a third way, in which we choose a simple fundamental diagram and a simple modeling PDE, and the model gains its flexibility
from its only parameter, by allowing it to become space and/or time dependent.

A first contribution of this work is hence to propose an approach that bridges the gap between a continuous model for traffic
flow, namely the LWR model, and measurements of the density. This is done by working on discretized versions of the modeling PDE
obtained by finite volume methods, thus extending an approach already used to answer control-related questions linked to these
traffic models (Karafyllis and Papageorgiou, 2019; Goatin et al., 2016; Delle Monache et al., 2017). In particular, a discretization
scheme called Traffic Reaction Model (TRM) (Lipték et al., 2021), which models flow dynamics along a discretized road as a chemical
reaction network, is for the first time used and compared to real data. This leads to a novel physical interpretation of macroscopic
traffic flow models using the kinetics of chemical reactions which holds to the test of comparison with real data.

A second contribution of this work is to propose an extension of the LWR model, and subsequently of the TRM, taking the
form of space and/or time dependent parameters and aiming at enhancing the modeling capabilities of the model. In particular,
this extension allows to consider a setting where the fundamental diagram describing the traffic dynamics is allowed to possibly
vary at different points in time and/or space. Our approach then allows to estimate, from density measurements, these variations
(through the estimation of the space-time parameters) and therefore the overall dynamics of the traffic flow. The state estimation
then becomes a by-product of the parameter estimation, that follows by injecting the estimated parameters back into the (discretized)
traffic flow model.

A third contribution comes from providing a multilevel approach to decouple the space-time resolution of the measurements
and the space-time resolution on which the PDE is discretized. In particular, the latter can now be arbitrarily small. This decoupling
is justified by the fact that, even though the measurements are made on vehicles and therefore suppose some incompressible size of
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their support, the quantity actually modeled is, on its side, a macroscopic density theoretically defined on any support. The jump
between these two cases is in particular justified by the use of Edie’s generalized definition of density and flux.

A final contribution of this work is the interpretation of discretized PDEs as discrete dynamical systems whose parameters are
directly linked to those of the original continuous PDE models, thus yielding an approach similar to the cell transmission model
of Daganzo (1994). In particular, the smoothness of the numerical flux resulting from the TRM allows to determine the parameters
of this system (which also correspond to the parameters of the macroscopic traffic model) from density measurements only using a
least-square minimization, which is tackled using gradient-based optimization. An additional validation of the model can then be
performed by comparing flux values computed from these parameters (which were obtained using only density measurements) to
flux measurements.

This work aims at introducing the TRM, and its kinetic compartmental interpretation of traffic dynamics, as a powerful modeling
tool capable of handling the complexity of real datasets. First, this finite volume scheme yields a representation of the traffic
dynamics through a system of ordinary differential equations with polynomial nonlinearities (of degree 2), hence embedding the
TRM into a well established model class in system theory and opening up the way for a fine understanding of its properties (Liptak
et al., 2021). Second, since it is polynomial, the scheme is differentiable and can therefore be readily applied in any traffic estimation
method requiring such a property, like for instance data assimilation through the extended Kalman Filter (Wang and Papageorgiou,
2005; Schreiter et al., 2010), without fearing for potential numerical problems or loss of accuracy, as it can be the case with the
Godunov scheme (which is nondifferentiable) (Blandin et al., 2012). Third, as our numerical experiments show, the TRM yields better
accuracy and robustness than the Lax-Friedrichs scheme, which would be the obvious choice of a differentiable scheme (Wong and
Wong, 2002; Géttlich et al., 2013).

The traffic state estimation presented in this work can be seen as a mixture of model-driven (since a physical macroscopic model
describing traffic is assumed) and data-driven (since it relies on historical data, here through the least-square minimization step)
approaches (see (Seo et al., 2017) for a general introduction and survey). In our setting, we use density data (only) to effectively
estimate/extract the mean speed of vehicles (which is in turn considered constant, time dependent, space dependent and finally
space-time dependent) thus giving a physical interpretation to the parameters optimized in the minimization approach, which
is lacking in some data-driven methods such as those relying on machine learning (Karlaftis and Vlahogianni, 2011; Van Lint and
Van Hinsbergen, 2012; Fulari et al., 2017) or time series models (Zhong et al., 2004). But contrary to most model-driven approaches
involving the mean speed (Wang and Papageorgiou, 2005; Aw and Rascle, 2000; Zhang, 2002), no assumption on a dynamical model
describing the speed is made. As our numerical experiments show, this naive estimation of the density, through the determination
of the speed, is robust to missing data (thus opening the way to possible imputation applications) and is capable of great accuracy
in density estimation. Besides, it allows to recreate the fundamental diagrams observed in real data (and their distinctive scattering)
using the estimated speed and densities, and the fundamental relationship of traffic.

The paper is organized as follows: In Section 2 we recall the derivation of (first order) continuous models for traffic flow, their
discretization using finite volume methods and introduce the traffic reaction model, as well as a proposed extension. In Section 3,
we present the discrete dynamical system and how its parameters can be tuned with the objective of mimicking observed density
measurements. Finally, we present in Section 4 numerical experiments that were conducted on synthetic and real traffic data.

2. Continuous traffic models and their discretization
2.1. First order macroscopic traffic flow model

Let us assume that a traffic flow is studied on a one-directional stretch of road. The density of vehicles p and the flux (or flow)
of vehicles ¢ are two continuous quantities defined across space (i.e. along the road) and time routinely used to characterize the
traffic flow in macroscopic models. Integrating the density function at a time 7, across a section Ax of the road, gives the count of
vehicles in Ax at 7; and integrating the flux function at a location x of the road, across a time interval Az, gives the count of the
vehicles crossing x during Ar.

For any two locations x; < x, on the road and time ¢, a conservation law can hence be written to express the fact that the
variation of the number of vehicles between x; and x, is equal' to the difference between the number of vehicles entering this road
section at x, and those leaving the section at x,. This gives the integral representation

% (/ Cp(tx) dx) =@, x)) - p(t,xy), 120, x;<x,€R, o
|
which is equivalent to the following partial differential equation

ap dp
il = = > R
o (t,x)+ Ix (t,x)=0, t>0, xeR,

under suitable regularity conditions on the functions p and ¢.
It is common to assume some additional relationship between the density p and the flux ¢ based on some observed links between
the two quantities. For instance, when the density is 0 (meaning that the road is empty), so should the flux. Similarly, when the

1 For sake of data availability and exposition of the method, we assume in this work that no on- or off-ramps are present in the road, meaning that no
additional source or sink terms need to be added to the law of conservation of vehicles.
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density is at its maximal value (corresponding to a bumper-to-bumper traffic), the flux should be zero as well. The so-called Lighthill-
Whitham-Richards (LWR) model (Lighthill and Whitham, 1955; Richards, 1956) in particular stems from these observations by
expressing the flux as a function f of the density (only) as follows

¢, x)= f(p(t,x)), 120, xeR,

where f is a (univariate) function satisfying f(0) = 0 and f(p,,) = 0, for p,, the maximal value the density can take. The simplest
form f can take is arguably the Greenshields flux (Greenshields et al., 1935), for which f is a quadratic function defined by

f(p;vm,pm)=p-vm<1—pi>, pE€10.0,], @

m
where v,, > 0 is a parameter that can be interpreted as the maximal speed achievable by vehicles on the road, and the notation
f(p; v, p,) is used to mark the fact that f is seen as function of the density p depending on the two parameters v,, and p,,. Then,
the conservation law under the LWR model becomes

9
a—/:(t,x)+%(f(p;Um,pm))(t,x)ZO, t>0, xeR. 3

We will assume that the maximal density p,, > 0 is a known constant, which characterizes the capacity of the road, i.e., the maximal
amount of vehicles that can fit on a road section. As such, it can be directly estimated by considering for instance the ratio between
the number of lanes and the typical length of a vehicle. We hence introduce the normalized density function u, which will become
from now on our main variable of interest:

u="2 elo0.1].
P

m

Then, PDE (3) leads to the following PDE satisfied by u:

du J

au 4 : = >

ar(t’x)+ax (fw;v) @6, x)=0, 120, xR, (@)
where f also denotes, with a slight abuse of notation, the normalized flux function defined by

fw;v)=u-v,1-uw, uecl01]. (5)

For any given bounded initial condition u, = u(0, -), the existence and uniqueness of (entropy) solutions of PDE (4) on R, xR, T > 0,
is guaranteed in the more general case where the maximal speed is taken to be a function (f,x) ~ v,,(t,x) that is bounded and
Lipschitz continuous (Karlsen and Towers, 2004; Chen and Karlsen, 2005).

2.2. Finite volume approximations of PDEs

In general, no closed-form solution of PDE (4) is available, and therefore, numerical methods must be used to approximate it.
In particular, finite volume schemes have been widely used to compute solutions of the (hyperbolic) PDEs of the form (4). As we
will see, the quantities computed by such schemes relate to integrals of the solution, which are more appropriate since hyperbolic
PDEs often have solutions that develop discontinuities in finite time and therefore for which point evaluations do not make sense
everywhere (LeVeque, 2002).

Assume that PDE (4) is approximated on a domain that has been discretized as follows: in time we consider equidistant time
steps t; = it for step size Ar > 0 and i € N, in space we consider equispaced cells of size Ax > 0 with centroids x; = j4x for j € Z.
We then introduce the cell average functions U; defined by

1 xj+4x/2
Uj(t)=—/ u(t,x)dx, t>0, jE€Z. 6)
X

Ax j—Ax/Z
Hence, U; is the cell average of the solution « of the PDE on the jth cell. Then, the conservation law (1) applied on the jth cell
yields the following differential equation satisfied by U;

du; 1 .
= 0= 2 [f @ x 0 0) = fult X p)s )] 120, JEZ, ™

where x;.,/, = x; + Ax/2 are the boundary points of the jth cell, and f(u(t,x;./); V) = (1. X;.1/2)/p,, denotes the (normalized)
flux of vehicles at each boundary of the cell.

Finite volume methods propose to turn this set of equations into a system of ordinary differential equations by replacing the
right-hand side of (7) by a function of the cell averages {U; : j € Z}. In the particular case of (3-point) conservative schemes, the
flux at a boundary point x;_, , is replaced by a so-called numerical flux F(U,_,,U;; v,) depending on the cell averages of the two
cells j — 1 and j sharing that boundary and on the parameter v,, defining the flux function.

Hence, Eq. (7) yields a system of ODEs for the finite volume approximations ﬁj of the cell averages U;:

du, 1 ~ ~ A A
0= [FO,.0;5 00— FO,. 051 00)]. 120, jez. ®
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We assume, for all j, that the initial condition {U 0) 1 jEeZ}is known, and use it to set the initial values of the finite volume
approximation U (t9) = U;(t). Then the numerical solution of the PDE using such schemes can be obtained at times #;,1,,... by
considering an Euler time discretization (of step size 4r) of the system (8), which yields the recurrence relation

~ A~ At A~ A~ AN oA
i+l _ gri i i. _ i i i i
0 =0+ L [FOL, 05 0,) - FOLTL, 0], JeZ ieN, ©

where U j‘ is the quantity defined by U J’ ~ U (). Different choices of numerical flux F yield different schemes. Among the choices
most encountered in the literature, we can cite the Lax-Friedrichs (LxF) scheme and the Godunov scheme which are presented in
Appendix A (LeVeque, 2002; Eymard et al., 2000; Barth et al., 2018).

2.3. Traffic reaction model

In this paper, we focus on a particular finite volume scheme (Lipték et al., 2021) for solving PDE (4) under the assumption that
f is given by (2): the so-called “Traffic Reaction Model” (TRM). This particular scheme is defined by taking the numerical flux F
in (9) as

Fu,v;v,)=v,u(l1-v), u,vel0,p,].
Consequently, for the TRM, the recurrence relation (9) can be rewritten as

~ivl i At ~ A A ~ A A . X
0 _Uj‘.+Eum[FT(UI‘H,UI‘.)—FT(UJ’.,U]’.H)], jez, ieN, (10)

where Fy is a normalized numerical flux F; given by
Fr,0)=ul-v), uvel0,p,].

As a finite volume scheme, the TRM has several desirable properties shared with other schemes such as the Lax-Friedrichs and the
Godunov schemes. First, it is a consistent with the Greenshields flux (5), meaning that numerical flux F; satisfies Fr(u,u; v,) =
f(u; v,) for any u € [0, 1]. Then, under the assumption that the discretization steps 4r, Ax satisfy a so-called Courant-Friedrichs-Lewy
(CFL) condition given by
a1
Ax T 2v,

the TRM is (cf. Lipték et al., 2021):

a1

- monotone: if the recurrence is initialized with two initial conditions {ﬁ/‘.) . j €72} and {f}jo : j € Z} such that for any j,
01(.) < 171.0 then for any i and any j, 0/‘: < 171’

L*>-stable: if there exist two bounds A, B > 0 such that the initial condition satisfies, for any cell j, U}‘.) € [A, B], then for any
later time i and any cell j, we also have U € [A, B]. This means in particular that the solution on each cell stays at all time
nonnegative and bounded by the capacity of the cell (provided the initial condition has these properties). In other words, the
numerical flux of the TRM will never remove vehicles from an empty cell, or add vehicles to a full cell.

convergent: the L' norm between the discrete cell-defined solutions and the true solution®> converges to 0 as Ax — 0 (with
At/ Ax kept constant). This convergence result is a consequence of the consistency and monotonicity of the scheme (LeVeque,
2002).

shock-capturing: the scheme is capable of approximating the shockwaves and rarefaction waves that arise from scalar
conservation laws, propagates them with the right speed and direction. This is a consequence of the fact that the scheme
is in conservative form, and more generally of the convergence result (LeVeque, 2002; Liptak et al., 2021).

The TRM has a physical interpretation that follows from modeling the road traffic dynamic (on the discretized road) as a chemical
reaction network. More precisely, the process of vehicles passing from a cell j to the next one is interpreted as a chemical reaction
that “transforms” a unit of occupied space O; in j and a unit of free space @,,; in j + 1 into a unit of free space ®; in j and a unit
of occupied space O, in j + 1 (cf. Fig. 2). Hence, the road cells are interpreted as compartments containing two homogeneously
distributed chemical reactants (Free space @; and Occupied space O;) and interacting with each other (through the “transfer”
reaction).

In this context, the law of mass action then allows to study the kinetics of this network of reactions (Feinberg, 2019). The rate
at which a particular reaction happens is then modeled as being proportional to the product of the concentration of each one of
its reactants (elevated to the power of the stoichiometric coefficient of the reactant, i.e., the number of “units” of this reactant
consumed by a single reaction). Denote by o;(#) (resp ¢;(#)) the concentration of Occupied space O; (resp. Free space @;) in the jth

2 The term true solution refers here to the notion of entropy solution of the PDE, which is the unique physically-relevant (weak) solution of the PDE (LeVeque,
2002).
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Fig. 2. Representation of the Traffic Reaction Model interpretation of traffic flow.

compartment at time ¢ > 0. The evolution of these concentrations can be expressed as the difference between the rate at which they
are produced by the rate at which they are consumed by the reactions happening in the compartment, thus giving

do;

ar =kj_15;0,19; = kjj110;@)4

d . JEZ,
2k k

dr - K119 T 5410, P g

where, for any j, k;__,; is the reaction rate (proportionality) constant of the reaction between the (j — 1)th compartment and the
Jjth compartment. Adding these two differential equations gives in particular that the quantity ¢; + o; is conserved through time.
Let us assume that all the reaction rates k;_,_,; are constant and equal to k. Identifying then the concentration of occupied space

o; with the density of vehicles p; in the jth road cell/compartment, and the identifying the concentration of free space ¢; with a
density of free space, we note that the conserved quantity o; + ¢; can be interpreted as the maximal capacity of the cell, which

gives o; + ¢; = p,,. Hence, we have

0; .
d_t’ =kp; 1P = 0;)) = kpj(Pm = Pjy1), JEL.

Dividing this last expression by p,, to get back to normalized densities and using an Euler time discretization then gives

G+l _ i G _Oh_ i i ; ;

g =0l+c|0,a-0p-0a-0.)|. jez ien, (12)
where C is the quantity defined by

C = Aip,k . 13)

Note in particular that by definition of the reaction rate k, the quantity Cp,,Ax = (kp,,41)(p,,Ax) corresponds to the maximal number
of vehicles that can be transferred from the (j — 1)th to the jth cell during a period 4. Indeed in the ideal case where the jth
cell is empty (i.e., ¢; = p,,), the transfer reaction between (j — 1) and j happens at rate kg;0,_; = kp,0;_;. Hence during 4, the
concentration of reactants decreases by kp,,0;_; 4t times. Hence, if the (j — I)th cell is full (0,_; = p,,), (kp,,41)(p,,4x) vehicles will
be transferred.

This quantity can also be expressed in terms of the maximal speed v,, of the vehicles. Indeed, during 4t, vehicles can travel a
distance of at most v,,Ar meaning that at most p,, (v, 4t) can cross a cell interface during this period. By equating both expressions
we get

v
k = L _’", C = ﬁvm
Ax p,, Ax
and therefore, the kinetic equation (12) corresponds exactly to the TRM as defined in (10). In conclusion, the TRM is nothing more
than the discretization of the kinetics of a chemical reaction network defined on the road cells, now seen as compartments capable

of exchanging reactants with their neighbors.

5

Remark 2.1. The CFL condition (11) can also be interpreted in the context of reaction kinetics. Indeed, starting from the quantity
C defined above, we have that the CFL condition is equivalent to imposing that

C = Atp, k= Z‘—;um < % . 14
Let us then consider for instance the interface between the compartment (j—1) and j. Recall that, according to the law of mass action,
the rate at which the transfer reaction of this interface happens is ko;_, ¢;, meaning that during 4¢, N (4f) = ko;_, ¢; AtAx vehicles are
transferred. Note that, since o;_, is upper-bounded by the maximal capacity p,,, we can upper-bound N(4f) by N(4) < kp,,@;AtAx.

Then, the CFL condition yields through (14) an upper-bound for k, which in turn gives

N (41 < (pj% .
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This means in particular that, during Az, the number of vehicles transferred from cell (j — 1) to cell j is lower than the number of
free slots in the left-half of cell j. Similarly, we can prove that this same number is lower than the number of vehicles slots in the
right-half of cell j — 1 (by starting by upper-bounding ¢;).

Hence, the CFL condition allows to decouple what is happening at the different interfaces during a time-lapse At: indeed, at each
interface between two cells (j — 1) and j, the reaction dynamics come down to a transfer of vehicles from the right-half of cell (j —1)
to the left-half of cell j, and in this sense are independent of what is happening at other interfaces (or within other half cells).

2.4. Extension of the TRM to spatial and temporal variation in parameter

Reverting to the traffic interpretation of traffic flow dynamics used by the TRM and presented in Section 2.3, working with a
constant parameter v,, in the traffic model implies that the traffic flows without perturbation along a homogeneous road: indeed
all the reactions between consecutive road compartments happen with the same rate. A direct generalization of this model consists
in considering that these reaction rates can now vary in time or across space (i.e., two pairs of consecutive compartments can have
different reaction rates).

Let us first assume that the road is infinite and discretized into cells of same size. The evolution of the normalized density in a
given compartment would then take the form

d0; . . " .

0= k1,000 (1= 0,0) = puky s 00,0 (1-0,00) . 120, ez,
where, for any j, k;_;_,;(t) is the reaction rate of the reaction between the (j — 1)th compartment and the jth compartment, at time
t. An explicit Euler discretization of this expression then gives the recurrence

Ot =0rvcpn, (1-00)-cr, 0 (1-02,,). jez neN, (15)

where for any j, n, the quantity Clis defined, at the nth time step 7, by
C;' = pukj_1o,)A4 .

Note that, following the same approach as in Section 2.3, the quantity C?p,,Ax amounts to the maximal amount of vehicle transfers
that can happen between the (j — 1)th cell and the jth cell during a period 4r starting at time #,. Assuming that, around the interface
(j — 1)/j, the maximal speed of the vehicles is now a time dependent function v,,(-, x jo1/2) Pt (X0, this quantity can be
equated to

1,+At
Clpmdx = ﬂm/ U (8, X;_172) df
1

n
by seeing the integral on the right-hand side as the limit of a Riemann sum, and using the similar result derived in Section 2.3 for
the constant case. Hence, we have

1 1 t,+At At 1 t,+At
- n _
ki) = pwrr" E/,n Ot X)) Cf = I/,n Ut Xy ) dt |

In particular, following the reasoning of Remark 2.1, we will assume that the quantities C satisfy the same condition as in the
constant case, namely CJ’.’ € (0,1/2).

The scheme defined by (15) can be seen as finite volume scheme with a numerical flux consistent with the space-time dependent
flux function f defined by

St p(t. X)) = v,y (1, X)p <1 - pi> . (16)

m
This type of finite volume scheme was studied in the context of approximation of non-homogeneous scalar conservation laws (Chainais-
Hillairet and Champier, 2001). Under some regularity assumption on the speed parameter v,, (that are not stricter than those
described earlier for the existence and uniqueness of an entropy solution), this finite volume scheme converges to the entropy
solution of PDE (4), hence corresponding to a LWR model with space-time varying parameter v,, (Chainais-Hillairet and Champier,
2001, Theorem 1).

3. A discrete dynamical system to bridge the gap between models and measurements
3.1. Constant parameter case

Let us assume that measurements of the density and flux of vehicles along a road are available. In particular, we assume that
these measurements are made along a road discretized into N, cells of size Ax (centered at locations x ;=J4x, j€l0,N, - 11 and
at N, time steps spaced by 4r (and denoted by t; = idt, i € [0, N, — 1])). These measurements are collected into a density matrix
D= {D;. ©Jj€M0,N, - 11i € [0,N, - 11} € RNXNx and a flux matrix F = {F;‘ 1 j €[0,N, —1],i € [0,N, — 1]} € RN¥*Nx whose
entries D’ and F; are the measurements made at time #; and location x;. We will also assume that the maximal density p,, of the
road is known, and that therefore a normalized density matrix U = {U j’ 1 j €0,N, —11,i € [0, N, — 1]} € R¥>*Nx can be obtained
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from D by dividing its entries by p,,. We aim at assessing whether the continuous LWR model introduced in the previous section
adequately represents the traffic flow as observed through D (or U) and F.

In order to bridge the gap between continuous models of density and the discrete measurements at hand, and therefore to be
able to compare them, we think of the density observations in U as arising from a particular solution of the (continuous) PDE (4)
for some unknown (but constant) value of the parameter ,,. We then propose to leverage the fact that finite volume schemes would
naturally provide estimates for the entries of U (assuming o,, is known). The idea is then to look for the PDE parameter value v},
which givesAfinite volume estimates U closest to the observed data U. Then, the quality of the continuous model is assessed by
comparing U to U, and comparingA Ehe flux matrix F to flux estimates obtained by applying the flux—density relationship (2) of
the model to the density estimates U .

The optimal parameter value v’ is obtained as follows: For any choice of parameter v,,, we can compute the finite volume
discretization of PDE (4) by applying the recurrence relation (9) N, — 1 times, thus giving a matrix of estimates U=1(0 /’ 1 j€
[0, N, —11,i € [0, N, — 11}. The initial state of this recurrence is set up using U as

0;’=U19, jel0.N, —1]. a7

Observed data is only available on a road of finite length. As has been seen earlier, the scheme only takes values from the neighboring
compartments into account. Therefore, we choose boundary conditions using once again U by imposing

0=y Oy =Up e TeI0N- 11 as
This overall process is seen as computing the output of a discrete dynamical system at times 7, ...,y _;. Indeed, note that for
the finite volume schemes (10), (32) and (33) considered in this paper, we can introduce the (unit-free) scaling parameter C by
At

and then write the finite volume recurrence relation (9) as

il N
0" ) =n @ ©).c.U), ie[0.N,-2], (20)
where U' € RNx is the vector defined by v =[0,.., 01[\1 —1]T’ and H' = (H/, ... ,H;V DN RNx x RNc¢ — RV« is the transformation
defined in part by the boundary conditions (18) as ) *

Ui ifj=0
i (7~ _ i fyiofri iy iy B i P _
H! (U,C, U) = h(Uj_],Uj,Uj+l)+C[F(Uj_l,Uj) F@,01 )| ifjellN, =21 |, 1)
U;'th_l if j=N,—1

with h and F depending on the choice of numerical scheme (see Equations (10), (32) and (33)). The discrete dynamical system is
then defined as follows:

« the state vector of the system contains the finite volume approximations of the PDE across the discretized road, at a given
time step;

+ the initial state of the system is the vector ﬁo, defined by the initial condition (17) of the scheme;

« the recurrence relation (20) defines the successive state updates;

» the scaling parameter C acts like a control parameter of the system.

Remark 3.1. Note that the CFL condition (11) actually imposes a restriction on the domain of definition of the control parameter C:
for the schemes considered in this paper to yield approximations of the cell averages of the solution (and ensure that the recurrence
does not diverge), we should only consider C € (0, 1/2).

The optimal PDE parameter v?, is then obtained by finding the value of the control parameter C of the discrete dynamical
system that minimizes a cost function measuring the discrepancy between the output of the system and the data U. In particular,
we consider a least-square approach, meaning that the optimal control parameter C* will be the solution of the problem

N1 Ny—1 )
C* = argmin Y (U%(C)- U ) . 22)
ce1/n = 1% J J
Following (19), this gives in turn an optimal PDE parameter v}, given by

. &x

cr,
"oAt

v
and optimal finite volume estimates given by U = if(o}
Finally, we turn the minimization problem (22) into an unconstrained minimization problem by introducing the parameter 0

defined by

c) = %lgt(ﬂ), feR, (23)
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where Igt : R — (0, 1) is the logit function® which defines a strictly increasing bijection between R and (0, 1). The strict monotonicity
and smoothness of Igt then allow to cast the minimization problem (22) into the following equivalent minimization problem
Ny=1 Ny—1
0* = argmin Z 2 (U (C(0)) — ) R (29)
0ER ;3 j=0
where, for any 6 € R, C(0) € (0,1/2) is defined by (23). Then, the optimal control parameter C* of Eq. (22) is simply obtained by
taking C* = C(6%).
Following from the boundary conditions (18) and initial conditions (17), the minimization problem (24) then boils down to the
unconstrained minimization of the cost function L defined by

| NI Na2

L(0) = Z Z (Oiccon- ) VER. (25)

=1 j=1

This minimization task can be in particular tackled using gradient-based optimization problems since the structure of the recurrence
relation (20) can be leveraged to derive analytic expressions for the gradient of L (cf. Appendix C). That is of course if we assume
that we can take the derivative of the maps H' in (20), which in our case forces us to work with either the LxF scheme or the TRM
scheme. In particular, in the applications presented in this paper, only these two schemes are considered and the conjugate gradient
algorithm is used to perform the minimization (Nocedal and Wright, 2006).

3.2. Varying parameter case

The approach presented in the previous section naturally extends to the assumption where parameters varying in space or time
are considered (as described in Section 2.4). The discrete dynamical system is defined using the recurrence relation (15), and its
output is once again compared to the density data U to derive optimal control parameter values through a minimization approach.
In particular,

+ the boundary and initial conditions are set in the same way as in the constant case;

« the recurrence relation defining the system takes the form
irn+l _ fin nyyn _n n n _1n . _ _ .
g =07+ oy (1-07) -y, 07 (1-07,). J€lLN, =20, neloN, -2];

+ the control parameters of the system are the coefficients C = {Cj"1 : j € [0,N,].,n € [0,N, — 1]}, and are determined by
minimizing (without constraints) a cost function L given as the sum of a least-square cost and a regularization term R(C)
(clarified below):

N, 1N,—2

L(O) = Z Z (U (CO)-U ]’I)ZHR(C(@)), 6 € RWN«+DN: |
i=1 =

where C(9) € (0,1/2)(Nx*DNt is obtained by applying the function (23) to each entry of 8 € R(Nx*DN and 1 > 0 is a
hyperparameter balancing the importance of the least-square minimization of the regularization;
« the following regularization term R(C) is considered:

Ny N2 N,—1 Ny—1
R(C) = (Z Z(C’ City + Z Z(C' j’ﬁ+1)2), C € (0, 1/2)Nx*DN; (26)

Note that the regularization term introduced above plays two roles. On the one hand it allows to reduce the risk of overfitting:
indeed the number of parameters now amounts to N,(N, + 1) which is larger than the number of terms in the least-square term,
and thus increases the risk of overfitting. On the other hand it allows to ensure some kind of smoothness in space and time of the
parameters, as sharp changes between consecutive coefficients in space or time are penalized. This kind of smoothness assumption of
the space-time varying parameter v,, is usually required to prove the existence and uniqueness of solutions of PDE (4) and explains
why we try to enforce it in the estimation approach (Karlsen and Towers, 2004; Chen and Karlsen, 2005).

Finally, the minimization of the cost function is performed once again using the Conjugate gradient algorithm, while using the
explicit formula of the gradient given in Appendix C.

3.3. Extension to a multilevel approach

So far, the finite volume approximations U were computed on the same discretization grid as the one used to create the density
matrix U. This has two consequences. First, if the discretization steps are large with respect to the size of the domain, we can fear
that the finite volume scheme will not yield satisfactory approximations of the cell averages of the solution. Second, this choice
implicitly imposes a restriction on either the range of admissible parameters v,, or the discretization pattern At, Ax since we also

3 The logit function is defined by lgt(§) = (1 +e?)"!, # € R, and has an inverse defined by Igt™!(y) = —log(y™' — 1), y € (0, 1.
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Data discretization grid Scheme discretization grid
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Fig. 3. Space and time subdivisions of the multilevel approach. The discretization grid on which the data are defined (left, in black) is subdivided in space
(each cell is subdivided into P, = 4 subcells) and in time (P, — 1 = 2 intermediate time steps are added between each consecutive time steps of the initial
discretization). The resulting grid (right, in gray) is used to compute the finite volume density approximations.

impose that for the discretization steps used to compute U, the CFL condition (11) should be satisfied. For instance, assuming that
we upper-bound the admissible values of the critical speed v, by a speed of 180 km h™! = 50 m s~!, the CFL condition (11) gives that
the discretization steps 4t, Ax should satisfy Az/Ax < 0.01 s m~!, or equivalently At < 0.014x s. Such a coupling may lead to consider
very overly small time step sizes or large space step sizes, which can be limiting if one is not able to change the discretization
pattern of the data.

To circumvent these limitations, we propose to use a multilevel approach where a different (and finer) discretization pattern,
denoted by Zt, Z}, is used for the finite volume computations. In particular, we will take for some P,, P, € N*,

A=A =i
P, P,

X

(27)

meaning that the discretization pattern of the finite volume scheme will be a subdivision of the discretization pattern 4z, Ax of the

data (cf. Fig. 3). Therefore, the CFL condition will become
a4 B L (28)
I M BT,

Thus introducing two additional parameters P,, P, can be used to enforce the CFL condition without having to impose anything on

the discretization pattern of the data.

The choice (27) yields that each road cell used to compute the density matrix U is subdivided into P, subcells and each time
step is subdivided into P, steps. Hence, the finite volume matrix U will have size (P,(N; — 1)+ 1) X (P.N,). We then note that, for
i € [0, N, —11,j € [0, N, — 1] and by definition, each entry U 1' of the density matrix U can be expressed as function of the solution
u of the PDE (4) (with parameter 7,,) as

) 1 xj_|/2+Ax 1 P—-1 1 xj_1/2+(k+1)z} ~
Ul=— u(idt,x)dx = — Y — _ wiPAt,x)dx,
Ax Xj-1/2 X =0 Ax Xj_1/2tkAx

where the integral on the right-hand side corresponds to the cell average of the solution over the kth subcell of the jth road cell,
at time i P,AAt. Since this last quantity is approximated by the entry (i P,, k + j P,) of the finite volume matrix U, we deduce that an
approximation of U J’ is obtained by taking the average of the quantities {{/ ;:’j P, k € [0, P, — 1T}.
In order to use the recurrence relation (9), initial and boundary conditions defined on the finer discretization grid of the finite
volume scheme are needed. We deduce them from the data U by imposing an initial condition constant across all subcells of a given
road cell, i.e.
Up. =U). JENON 11, kel0,P—11, (29)

and for the boundary conditions, by considering a linear interpolation of the boundary conditions obtained from the data, i.e.

P _ i L i i
Uk+OIIJX =Up+ F(Uo -0y
_ ! , i€[0,N,-2], ke[0,P,—11, [€[0,P]. (30)
yl+iP —U +L(Ui+l UL
k+(Ny=DP, — 7 N,—1 P, N,-1 N,—1

The minimization problems introduced in the previous sections can then be readily reformulated to account for the difference in
discretization steps between the data matrix and the finite volume estimates, as presented in detail in Appendix B.

219



M. Pereira et al. Transportation Research Part B 155 (2022) 210-239

3.4. Extension to missing data

Up until now, we assumed that the data at hand consisted of density measurements on all of the cells discretizing a given
road, and at regular time steps. But our approach can readily be extended to the case where the density at some of these cells is not
measured at all. This can be done by simply removing from the least-square term of the cost function all the terms that would involve
missing densities, and proceed with the same minimization problem. Following Appendix B and the two previous subsections, this
means in particular that the cost function of the minimization problem (in a multilevel setting with space-time varying parameters)
now takes the form

L N 2

Lip p(0) = Z > ( Z 0t p (CO) = U]’.'C> +AR(C(9), O€R, (31)
i=1 j.€l,

where I, C [1, N, — 2] is the set of observed road cells, 4 > 0 and R(C(0)) is the regularization term (26). Following Corollary C.4,

the minimization of this cost function can once again be tackled using a gradient-based optimization algorithm and in particular

the conjugate gradient algorithm.

In the end, all that is really required to run the estimation method is to know the densities at the boundary cells, and at least
one cell in between (so that I, # ). We do not need to know the densities at every cell, and can therefore apply our method to
datasets where density measurements are only available at the boundary of the road and at least one point in between (as it is often
the case in numerous datasets of density measurements taken from loop detectors on highways).

4. Numerical experiments

The goal of this section is to test the traffic state estimation approach presented in the previous section and assess its robustness
and accuracy. Our approach relies on knowing, for a given road segment divided into cells, the evolution of the density on each cell
through time in order to estimate reaction rates (which can be assimilated to a mean speed parameter). We first carry out a study
on a synthetic dataset, obtained by numerically solving the PDE (4) defining the macroscopic traffic flow model. We then carry out
a second study based on real traffic measurements (cf. Section 4.1). To be able to fulfill our requirement for exhaustive data on the
evolution of the density along the road, we use in this second study the highD dataset, which consists of trajectory data obtained
from processing video recordings of the road activity on a German highway (Krajewski et al., 2018). Edie’s generalized definition
of density (and flux) is used to create, from these trajectories, density (and flux) estimates at any space-time point of a grid (cf.
Section 4.2).

Note that since what is actually needed is the density in each road cell, this second study could be replicated to a setting where
occupancy sensors are laid out on each cell, or other types of sensors such as floating car data sensors are used to measure these
densities. Note however that in this latter case, the penetration rate of the fleet should be high enough to allow a complete and
accurate picture of the density evolution on the road.

However, with the highD dataset, the trajectories of all the vehicles that went through the road segment during the recording
period are available: indeed, each vehicle was individually tracked throughout its travel on the segment. Hence, the penetration
rate can potentially be 100%. But since the detection of vehicles and trajectories in the video frames was automated, the actual
penetration rate is 99%, which is still very high (Krajewski et al., 2018). Regarding the accuracy of the dataset, one should note that
the video recordings were made with very high resolution cameras put on drones. In the end, the size of a pixel on a video frame
is of only 10 cm (for a 400 m road). Besides, the automated algorithm tasked with locating the vehicles’ midpoint in longitudinal
and lateral directions was very accurate, yielding mean positional errors below 3 cm in comparison to the manually created labels.
To our knowledge, the highD dataset is one of the few datasets available that offer such exhaustive and accurate trajectory data.
Hence, contrary to measurements based on probe vehicles, we can basically consider that all the vehicles are tracked through time
and therefore and that an accurate picture of the density evolution is available.

4.1. Application to parameter identification

In this case study, we numerically solve PDE (4) using the Godunov finite volume scheme over a space domain [—1.5,1.5] and a
time frame [0, 1], with a parameter value 7,, = 1 and a maximal density p,, = 1. In particular, the space discretization step is chosen
small compared to the domain extension, namely Ax = 1074, in order to guarantee that the numerical solution is close to the true
solution. As for the time discretization step, it is set to At =0. 25Ax /0,, in accordance with the CFL condition (11). Hence N, = 30000
space cells and N, = 40001 time steps are considered. The initial condition is taken as

up(x) = 0.5¢710% 402 (1 + Cos(lOzrx)e_ze”)) . xe[-1515],

and therefore has a profile that is non-symmetric and has oscillations across space (cf. Fig. 4). Note that reflexive boundary conditions
are considered, meaning that we set U’ = U’ and U}, = U’ , for any i > 0 in the recurrence (9). The resulting numerical solution
is cropped in space into the section [— l 1] m order to av013 any possible boundary effect coming from the boundary conditions:
this solution, represented in Fig. 4, is from now on considered as the ground truth solution.

Starting from the PDE solution described above, we build density data matrices U corresponding to different choices of
discretization steps 4t, Ax. Examples of such density matrices are represented in Fig. 5. We then estimate for each density matrix the
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Fig. 4. Initial condition and associated solution of the PDE used in the synthetic case.
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08 08 08 0.8 08 0.8 08 0.8
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Fig. 5. Density matrices obtained after various choices of discretizations (into N, cells in space and N, steps in time) of the PDE solution.

value of the PDE parameter v}, by solving the minimization problem (24), using both the TRM and the LxF scheme. We also compute
the Root Mean Square Error (RMSE) between the considered density matrix U and the corresponding finite volume approximations
U = ﬁ(vfn). The discretization steps used by these schemes are set according to Section 3.3: the finite volume approximations are
computed on a grid obtained by applying P, € {1,3,5} space subdivisions and P, time subdivisions of the discretization grid of U,
where for each value P, P, is the smallest integer so that the CFL condition (28) is satisfied.

The relative errors between the estimated parameters and the true value 5,, = 1 are given in Table 1 and the RMSE values
between the associated finite volume approximations and the density matrices are given in Table 2. First, one can note that for
density matrices with more than 11 space cells, errors on the parameter estimation lower than 15% (and even in some case lower
than 5%) can be obtained. This shows that the parameter can indeed be identified from the discretized density matrices. As for the
residual error on the parameter, it can be explained by the nature of the density matrices used here: indeed, comparing the PDE
solution in Fig. 4 and its discretizations in Fig. 5, suggests that considering too coarse discretizations might smear the solution to a
point where identification is no longer possible. In such cases, the features of the original solution which could help to better identify
the parameter are no longer visible in the discretized data: for instance, in Fig. 5d, the time and position where sharp changes in
the PDE solution occurred (as seen in Fig. 4b) are no longer identifiable.

Then, for both the TRM and the LxF scheme, the errors on the parameter and density estimations seem to only depend on the
number of space discretization steps N, and not on the number of time discretization steps N,. Besides, the higher the number of
space subdivisions used in the scheme, the better the parameter and density estimates are. A takeaway from these results is that the
quality of the parameter and density estimations can be improved independently of the time discretization of the data, by working
with fine space discretization steps and by subdividing the cells in space when using the schemes.

Besides, when comparing the schemes, one can note that the TRM systematically and significantly outperforms the LxF scheme
in terms of RMSE and generally yields better parameter estimates. To understand why, we represent in Figs. 6 and 7 the finite
volume approximations associated with two density matrices (respectively obtained by taking N, = 11 and N, = 51) when using
both the TRM and the LxF scheme (with 5 space subdivisions). It can be observed, especially in Fig. 7, that the density estimates
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Table 1
Relative error |5,,—v}|/7, on the parameter estimation for various choices of discretization steps
and schemes, in case where all data is used.

Nx NX
5 11 21 31 51 5 11 21 31 51

5 0.53 0.34 0.64 0.37

11 0.54 0.38 0.63 0.34

N, | 21 0.55 0.39 0.61 0.35
31 0.55 0.39 0.39

51 0.55 0.39 0.41

Relative
(a) TRM: No Space subdivision (b) LxF: No Space subdivision pric

10
I 0.8

5 0.70
11 0.72 0.6

N, |21 0.74
31 0.74 0.35 04
51 0.74 0.28 In.2

0.0

(c) TRM: 3 Space subdivisions (d) LxF: 3 Space subdivisions
5 0.46
11 0.48
N, | 21 0.49
31 0.49
51 0.50
(e) TRM: 5 Space subdivisions (f) LXF: 5 Space subdivisions

Table 2
RMSE between the density data U and the approximated densities U for various choices of
discretization steps and schemes, in case where all data is used.

NX NX
5 11 21 31 51 5 11 21 31 51
5 0.061 0.044 0.050 0.049 0.045
11 0.057 0.043  0.047 0.048  0.044
N, | 21 0.056  0.042  0.047 0.048  0.045
31 0.056  0.041  0.047 0.048  0.045
51 0.055  0.041 0.046  0.048  0.045
. . RMSE
(a) TRM: No Space subdivision (b) LxF: No Space subdivision 1
5 0.058 0.023 0.032 0.033 0.030 0.062
11 0.055 0.025 0.031 0.033 0.028 0.063 01
N, | 21 0.054 0.024 0031 0033 0.029 0.064 ‘
31 0.053 0.024 0.032 0.033 0.029 0.067
51 0.053 0.024 0031 0.033 0.029 0.069
0.01
(c) TRM: 3 Space subdivisions (d) LxF: 3 Space subdivisions
5 0.050 0.017 0.025 0.026 0.022 0.067 0.060 0.051
11 0.048 0.019 0.025 0.026 0.021 0.068 0.060 0.052
Nl 21 0.047 0.018 0.026 0.026 0.021 0.060 0.053
31 0.047  0.018  0.026  0.027  0.022 0.065  0.055
51 0.047 0.018 0026 0.026  0.022 0.060  0.057
(e) TRM: 5 Space subdivisions (f) LXF: 5 Space subdivisions

are smoother than the original data. The LxF scheme seems to smear the solution more than the TRM, which explains the higher
RMSE on the density estimates.

Finally, in order to test the robustness of the approximation, we consider the following approach. Starting from one of the
previously formed density matrices, we “hide” some of its columns during the estimation procedure. More precisely, we carry out
the parameter estimation (and density approximations) while assuming that only 3 of the density columns are known: the first and
the last one (which are used to define boundary conditions) and the center column (i.e., the (N, — 1)/2)th column). However, we
will always assume that the Oth row of U is observed (as it is used to define the initial state of the finite volume recurrence). We
then use the approach described in Section 3.4 to carry out the estimation.

The relative error between the estimated parameters and the true value &,, = 1 are then given in Table 3 and the RMSE values
between the associated finite volume approximations and the density matrices are given in Table 4. One observes that the TRM is
still able to yield good estimates of the parameter and RMSE on the density estimates that are similar to when considering the whole
density matrix. However, the LxF scheme now gives poor estimates of the parameter and high-RMSE density estimates. Hence, the
TRM proves to be more robust to missing input data than the LxF scheme. From now on, only the TRM will be used as finite volume
scheme. In the next section, we apply the same approach as the one used in this case study to real-world measurements of density.
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Fig. 6. Estimated densities from data (a) discretized into 11 space cells and 51 time steps, using the TRM (b) and LxF (c) schemes with 5 subdivisions.
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Fig. 7. Estimated densities from data (a) discretized into 51 space cells and 51 time steps, using the TRM (b) and LxF (c) schemes with 5 subdivisions.

Table 3
Relative error |5,,—v},|/0,, on the parameter estimation for various choices of discretization steps
and schemes, in case where only the center road cell is observed through time.

NX NX
5 11 21 31 51 11 21 31 51
5 0.69 0.46
11 0.68 0.44
N, | 21 0.67 0.43
31 0.67 0.43
51 0.67 0.42
Relative
(a) TRM: No Space subdivision (b) LxF: No Space subdivision (\irm
5 0.35 0.27 95
11 0.34 0.6
N, | 21 0.32
31 : 032 04
51 osay o032 Io.2
(c) TRM: 3 Space subdivisions (d) LxF: 3 Space subdivisions 00
5 0.28
11 0.25
N, | 21
31
51

(e) TRM: 5 Space subdivisions

(f) LXF: 5 Space subdivisions
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Table 4
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RMSE between the density data U and the approximated densities U for various choices of
discretization steps and schemes, in case where only the center road cell is observed through

time.
NX NX
5 11 21 31 51 11 21 31 51
5 0.062 0.049 0.052 0.049 0.045
11 0.059  0.046  0.047 0.048  0.046
N, | 21 0.057 0.044 0.047 0.048  0.047
31 0.057  0.044  0.047 0.048  0.047
51 0.056 0.043 0.047 0.048 0.047
. . RMSE
(a) TRM: No Space subdivision (b) LxF: No Space subdivision 1
5 0.061 0.027 0.034 0.044 0.053
11 0.058  0.027  0.034  0.044  0.044 o
N, | 21 0.057 0.026 0.035 0.044 0.043 '
31 0.063 0.025 0.035 0.044 0.043
51 0.056 0.025 0.035 0.044 0.043
0.01
(c) TRM: 3 Space subdivisions (d) LxF: 3 Space subdivisions
5 0.060 0.017 0.038 0.050 0.034
11 0.057 0.019 0.037 0.045 0.028
N, | 21 0.048 0019 0037 0041 0.027
31 0.067 0.019 0.037 0.041 0.027
51 0.055 0.019 0.037 0.041 0.027
(e) TRM: 5 Space subdivisions (f) LXF: 5 Space subdivisions
A
Vehicle trajectory
o = A
£ S
= &
= o
E
[ 4 Region A
< >
l Lad
Distance travelled

v

Position

Fig. 8. Quantities used in Edie’s generalized definition of density and flow.

4.2. Mimicking real traffic dynamics

4.2.1. Generalized density data

Most tools designed to measure traffic flows and densities are based on counting the number of vehicles passing a given point
of the road or present in a given section of the road. The resulting density measurements are then essentially discrete since they
depend on these discrete count variables. However, when trajectory data is available, Edie (1963) suggests a generalization of this
idea that leverages the continuity of trajectories (in space and time) to yield a continuous estimation of the density. Take a region
A of the space-time domain on which the vehicle trajectories lie. The density of vehicles in A is defined as the ratio between the
time spent by all the vehicles in A by the area of A. Similarly, the flow of vehicles in A is defined as the ratio between the distance
traveled by all the vehicles in A by the area of A. Both quantities can be computed for each vehicle whose trajectory intersects A,
using the definition represented in Fig. 8.

Using this definition of a density measurement, it is possible to build a matrix of density measurements D containing the densities
associated with a space-time discretization of the domain on which the trajectories lie. Indeed, we discretize this domain into a grid
composed of N, cells in the space dimension and N, cells in the time dimension (see Fig. 9). Then, D is built as the matrix of size
N, x N, for which the (i, j)th entry, denoted by Dj., is the estimated density of the (i, j)th grid cell, as obtained by applying Edie’s
definition on the space-time region defined by the cell.
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Fig. 9. Space-time discretization grid used to compute the density matrix from Edie’s definition, which is applied to each cell of the grid.
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Fig. 10. Representation of the two datasets used in the real-data case.

The resulting densities D’ are assimilated to a ratio between some kind of continuous count of vehicles (given by the ratio
between the total time spent by all vehicles the region A and the time width of A) and the size of the road cells. As such, they can
be considered as approximations of the cell average pj. of the density function p, which is expressed as
) . 1 x;+4x/2
i Al
Dj = p

= — p(t;, x) dx .
J Ax x;—4x/2 !

where (7;, x;) are the coordinates of the center the (i, j)th cell of the grid introduced above. The right hand side of this last equality
links the cell averages Qf the normalized density u to the density data Di: indeed,vdividing both sides of this equation by p,, yields
that the cell average U; of the normalized density is approximated by the ratio D; /Pom-

The subsequent numerical experiments use trajectory data extracted from the highD dataset. This dataset results from video
recordings of sections of German highways made by drones, and from which the trajectory of all the vehicles, or rather of their
center of gravity, were extracted using image analysis tools. Hence, we apply Edie’s generalized definitions of density (and flux) to
the set of trajectory of the center of gravity of the vehicles, which are therefore reduced to points.

We consider a particular section of the studied road with length of about 400 m, which we discretize into 11 road cells (with size
Ax =~ 36 m). Based on this, we build two density matrices, which we call Dataset 1 and Dataset 2, both corresponding to observations
of the section over a period of 2 min, so that Dataset 1 reflects free flow conditions only, and Dataset 2 reflects a transition between
free flow conditions and a congested state. The time step used to build these density matrices is 4 = 2 s. The resulting density
matrices have N, = 60 rows and N, = 11 columns and can be observed in Fig. 10. Finally we estimate the maximal density of the
considered road by dividing the number of lanes by the mean length of the observed vehicles, which gives p,, ~ 0.49 m~!.

Remark 4.1. Note that this macroscopic evaluation of the density, obtained using Edie’s generalized definition of density, relies
on the trajectories followed by the center of gravity of the vehicles. Hence, in this context, each vehicle is reduced to a point and
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(a) Dataset 1. (b) Using all the dataset. (c) Using 4 columns. (d) Using 1 column.

Fig. 11. Estimated densities using different subsets of the Dataset 1 (and the TRM), and associated estimated parameter v,, and RMSE. The blue arrows point
to the columns used for the boundary conditions and the green arrows to the ones used in the minimization problem. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

tracking these points through space and time allows us to derive a density measurement that is no longer comparable to a mere
count of vehicles on a cell, but has a rather macroscopic interpretation.

Besides, this measure of density can still be linked to more usual ones. Indeed, as explained by Cassidy and Coifman (1997), the
density over a space-time region A = Ax x At as defined by Edie is proportional to a measure of occupancy made by a sensor of size
Ax during a time interval Ar (the proportionality constant being the average of the length of the vehicles crossing the region A).
Hence, the density measurements used in the subsequent applications can naturally be seen as resulting from occupancy sensors
paving the roads.

4.2.2. Constant parameter case

We start by testing our approach for parameter identification (and density estimation) on the Datasets 1 and 2 introduced in the
previous subsection, under the assumption that the speed parameter v,, is constant.

For each density matrix, we compute the parameter and density estimate using the TRM scheme with the following discretization
choice: the space cells are subdivided into P, = 3 subcells and the number of time subdivisions P, is taken to be the smallest integer
so that the CFL condition (28) is satisfied for some rough estimate of the maximal speed v,, = 130 km h~!, thus giving P, = 15. Once
again, the first and last columns as well as the first row of the density matrix are used as boundary and initial conditions for the finite
volume recurrences. Then, three cases are considered: either the whole density matrix is used and hence the cost function (31) with
I, ={1,...,9} is minimized, or half of the columns are used and hence the cost function (31) is minimized but with I, = {2,4,6,8},
or only one column is used and hence the cost function (31) is minimized with I, = {5}.

The results of these estimations are represented in Fig. 11 for Dataset 1 and in Fig. 12 for Dataset 2. In both cases we can once
again notice the robustness of the estimation since removing some columns from the dataset does not affect significantly the value of
the estimated parameter or the RMSE of the estimated densities. Besides, one can note that TRM seems to smooth the true evolution
of the densities. When comparing the results obtained for both datasets, the RMSE for Dataset 1 is significantly lower than that of
Dataset 2, which can be explained by comparing visually the estimated densities in both cases.

For Dataset 1, the TRM was able to recreate the linear trends of density values appearing in the dataset and that are characteristic
of free flow conditions: indeed, in this case, the vehicles are able to travel freely across the road and hence the vehicles can transfer
from one cell to the next undisturbed. Therefore, modeling this vehicle transfer with a unique and constant reaction rate, as the TRM
does, seems appropriate. For Dataset 2, however, congestion appears in the dataset and hence there is a change in the conditions
with which vehicles can transfer from one cell to the other. A single reaction rate becomes now a more controversial choice, which
is confirmed by the fact that the estimated densities do not depict the same congestion as in the data.

Another way to understand the difference of approximation quality between both datasets is to compare their fundamental
diagrams. A fundamental diagram is a scatter-plot representing density measurements against flux measurements done at the same
time and space locations. In our case, flux measurements associated to our datasets can be computed from the trajectory data
using once gain the approach in Section 4.2.1. As for the flux “measurements” associated with the estimated densities, we use
the Greenshields flux—density relationship (2) assumed by the LWR model, and plug in the estimated parameter v},. The resulting
fundamental diagrams are shown in Fig. 13. For Dataset 1, the true fundamental diagram looks quite linear, as expected for free
flow conditions, and the quadratic relation of the Greenshields flux of the estimation process then yields an adequate approximation.
However, for Dataset 2, the Greenshields flux fails to give a good approximation of the true fundamental diagram, which now shows
a mix of linear trend and more diffuse point pattern. In order to improve these estimations, we propose to offer more flexibility to
the models by adding new (and physically meaningful) parameters. This is the purpose of the next section.

4.2.3. Varying parameter case
Starting from the two datasets introduced in Section 4.2.2, we use the same least-square minimization approach to derive the

values of the now varying parameter v,,. We consider three cases:
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Fig. 12. Estimated densities using different subsets of the Dataset 2 (and the TRM), and associated estimated parameter v,, and RMSE. The blue arrows point
to the columns used for the boundary conditions and the green arrows to the ones used in the minimization problem. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 13. Comparison between the fundamental diagram of the two datasets and their estimations through the TRM.

+ the parameter v,, is time dependent only, meaning that the scaling parameters of the finite volume recurrence satisfy that for
any n € [0, N, — 1], there exists C" € (0, 1/2) such that for any j € [0, N, ], CJ’.’ = C". Hence, the actual number of parameters
to be estimated in this case is N,.

+ the parameter v,, is space dependent only, meaning that the scaling parameters of the finite volume recurrence satisfy that for
any j € [0, N, I, there exists C" € (0,1/2) such that for any » € [0, N, — 11, C;‘ = C;. Hence, the actual number of parameters
to be estimated in this case is N,.

+ the parameter v,, is space-time dependent, and hence, the actual number of parameters to be estimated in this case is (N, +1)N,.

The estimations are carried out while considering half of the columns of the density matrices (hence I, = {2,4,6,8}) and the
parameter A are set so that the overall RMSE between the estimated densities and the whole density matrix is minimized. A TRM
with 3 space subdivisions (and 15 time subdivisions) is used as a finite volume scheme, which is the scheme used for the robustness
study in the constant case (cf. Section 4.2.2, results in Figs. 11 and 12). The results are presented in Fig. 14 for the time dependent
case, Fig. 15 for the space dependent case and Fig. 16 for the space-time dependent case.

Considering first the results for Dataset 1 (free flow conditions), we can see that the varying parameters estimated in each case
stay close and vary around the value estimated under the assumption that the parameter is constant. This is coherent with the
conclusions drawn in Section 4.2.2: in free flow conditions, the LWR model with a constant parameter is an adequate choice of
model. Comparing now the RMSE of the estimated densities, we see that the time dependent and space dependent parameters yield
very similar values and density profiles as in the constant case (cf. Fig. 11). However, a significant decrease of the RMSE is observed
when a space-time dependent parameter is considered. Hence, adding small perturbations of the parameters in space and time seems
to yield more realistic density profiles and in particular the small scale variations of the density that are not observed in the constant
case (due to the smoothness of the estimation).

Considering now the results for Dataset 2 (free flow and congested conditions), we can see that the varying parameters estimated
in each case do not stick around the value estimated in the constant case anymore.

In the time dependent case, we observe two regimes. The first regime spans until 7 = 1100s, and has the parameter varying around
and close to the parameter estimated in the constant case, thus hinting at free flow conditions. The second regime starts at = 1100 s
and has the parameter displaying sharp variations between very low and very large values: such behavior can be interpreted as the
model trying to accommodate the congested conditions by intermittently stopping or letting all the vehicles go in order to create
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Fig. 16. Estimated densities and parameters for each dataset when space-time dependent parameters are considered. The plots (c) and (f) represent, for each
location, the evolution through time of the estimated parameter. The blue line represents the estimated parameter in the constant case. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

congested cells. In the space dependent case, the estimated densities globally decrease across space: this can be seen as an attempt
from the model to create congestion by having cells with higher transfer rates upstream (which will tend to let vehicles flow easily),
and then gradually decreasing these rates as we go down the road, so that vehicles can accumulate downstream. In both these cases
however, the resulting RMSE of the estimated densities is lower but still of the same order as the one from the constant case.

In the space-time dependent case, the estimated parameters at all locations show the same trend: they start close to the value
estimated in the constant case and after some time globally decrease with time. Besides, this drop in parameter value occurs at
increasing times as we go from the right-most cell to the left-most cell. Hence, the model seems to account for congestion by
gradually reducing the transfer rates between the compartments, going from right to left. In this case, the resulting RMSE of the
estimated densities is significantly reduced compared to the constant case and the estimated densities display a realistic profile,
which also recreates the congestion observed in the data.

Note that, following the link established between the reaction rates and the parameters of the continuous traffic flow models, the
gradual decrease of reaction rates observed for Dataset 2 in the time dependent and space-time dependent cases can be interpreted
as a gradual drop in road capacity. This observation is corroborated by looking at the actual trajectories corresponding to this
dataset and shown in Fig. 17. Indeed, overtaking between vehicles can be observed from trajectory crossings. These overtakings
mechanically decrease the overall capacity of the road as less lanes are free. As on can see, these overtaking happen more and
more frequently as time passes, and start to appear downhill on the road. The same observations were made when looking at the
space-time dependent reaction rates.

Finally, we compare the three choices of parametrizations considered in this section in terms of their ability to recreate a
fundamental diagram similar to the one associated with the density data. In particular, flux estimates can be derived from the
density estimates by once again applying the Greenshields flux-density relation (2), but using now the varying parameter v,,: to
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Fig. 17. Trajectories of Dataset 2. Each line corresponds to the trajectory of a given vehicle, the line color is linked to the length of the vehicle. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

compute the flux estimate of the jth cell at time ¢,, v,, is taken as the average of the parameter estimates at both boundaries of the
jth cell, at time #,. We obtain the fundamental diagrams shown in Fig. 18. The time-dependent estimates show for both datasets a
fundamental diagram which is more scattered than the one from the data, and yield higher RMSE than in the constant case.

On the other hand, the space-dependent estimates produce fundamental diagrams that are similar to the one obtained in the
constant case, but with slightly more dispersion. In both cases however, the fundamental diagrams consist in superposition of
quadratic functions and seem to fail to reproduce the scattering observed in Dataset 2 (and due to congested conditions). This
goal is however achieved with the space-time-dependent estimates which yield fundamental diagrams that nicely overlap the ones
from the data, and significantly lower RMSE compared to the constant case.

In conclusion, the recourse to space-time dependent parameters provides more flexibility to the LWR model in a physically sound
manner, thus allowing it to recreate real-word density and fundamental diagrams:

» On the one hand, allowing the reaction rates between compartments in the TRM to vary in space and time locally creates
conditions that give rise to congestion or sharp changes in the density.

» On the other hand, realistic fundamental diagrams are obtained even though a quadratic relation between flux and density
is assumed, by allowing the shape of the relation to change over space and time. Hence, the change of behavior in the
fundamental diagram usually interpreted as a capacity drop now becomes a transfer rate drop. Besides, complex point patterns
in the diagram can be recreated since in theory each point of the diagram belongs to its own quadratic function.

In this work, we restricted our approach to considering (a discretization) of a macroscopic traffic flow model defined from a
quadratic fundamental diagram. This might seem like a restriction, especially there seems to be a consensus towards considering
piecewise linear flux functions (consisting of a free-flow branch and congested branch) for traffic modeling applications. But it is
not. On the one hand, note that the TRM can be generalized to more complex flux—density relationships. Indeed, Liptak et al. (2021)
showed that the TRM preserves all its properties (monotonicity, stability, convergence) for any model for which the flux function
f can be written as

fp) = f1(0)f2(p),  p €10, pyl,

where p,, is the maximal density, f| is a non-decreasing Lipschitz-continuous function such that f;(0) = 0, and f, is a non-increasing
Lipschitz-continuous function® such that f,(p,,) = 0. Then, by choosing adequately the functions f; and f, one could retrieve
trapezoidal fundamental diagrams (cf. Appendix E).

On the other hand, one should keep in mind that the advantages of considering a quadratic flux are the reduced amount of
parametrization needed (only one, the free flow speed) and the fact that the resulting flux function has continuous (and polynomial)
derivatives which allows us to readily use gradient-based optimization in our approach. Besides, our numerical experiments prove
that even with a simple quadratic flux function, we are able to achieve good accuracy by modifying the underlying macroscopic
model itself (by considering space and/or time dependent parameters) rather than trying to find the best choice of flux functions
that might fit the fundamental diagram.

4 In their work, Liptak et al. (2021) actually assume that f, and f, are continuously derivable, but their results readily extend to the case where these
functions are (only) Lipschitz-continuous. Indeed, the only property of continuously derivable functions that they use is the fact that they admit a Lipschitz
constant.
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Fig. 18. Comparison between the fundamental diagram of the two datasets and their estimations through the TRM with time dependent, space dependent and
space-time dependent parameters.

5. Conclusion

The main motivation of this work is to assess the validity of a LWR traffic flow model to model measurements obtained from
trajectory data, and propose extensions of this model to improve it. We answer these questions by comparing continuous models
and measurements using a discrete dynamical system defined from a particular discretization of the PDE of the continuous model.
This discretization is formulated as a chemical reaction network where road cells are interpreted as compartments, the transfer of
vehicles from one cell to the other is seen as a chemical reaction between adjacent compartment and the density of vehicles is seen
as a concentration of reactant. Several degrees of flexibility on the parameters of this system, which basically consist of the reaction
rates between the compartments, are considered: These rates are taken equal to the same constant value or allowed to depend on
time and/or space. We then interpret generalized density measurements coming from trajectory data as observations of the states of
the discrete dynamical system at consecutive times, and derive optimal reaction rates for the system by minimizing the discrepancy
between the output of the system and the state measurements.

The use of constant reaction rates proves to be enough to reproduce the patterns observed in the density and flux data in free
flow conditions but not in mixed conditions where congestion appears. This motivates us to recommend the use of the more flexible
models, and in particular the model with space-time dependent reaction rates. This last model proved to perform well both in free
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flow and mixed conditions as it mimicked the patterns observed in the density data as well as the fundamental diagrams. Recall that
the discrete dynamical system can be seen as a particular finite volume discretization of the LWR model with the flux of vehicles
depending quadratically on the density (Greenshields flux). The reaction rates of the system then simply set the shape of this relation
(meaning here the maximal value of the flux function). Our numerical experiments hence showed that allowing the shape of this
quadratic relation to vary through time, space or even better both, allowed the LWR model to better recreate specific patterns
observed in real-world data, such as the appearance of congestion (compared to when a fixed shape is considered).

Direct extensions of the approach presented in this paper are possible. On the one hand, working with situations where on
and off ramps are present would be straightforward since the TRM was actually formulated in this setting (Liptdk et al., 2021).
Similarly, working on networks would be straightforward since the proposed kinetic system can be generalized to this setting by
simply dropping the assumptions that the compartments are ordered as chain (which makes sense for a single road) and allowing
them to be linked to more than 2 other compartments (thus mimicking the junctions of the network). On the other hand, the use of
conventional detector data could be considered, since it would simply come down to the assumption that measurements are only
available in some compartments (those where sensors are located), similarly as what was assumed in the robustness tests done in
Section 4.1. Finally, a link between the proposed discrete dynamical system and recurrent neural networks was not exploited in
this paper but paves the way to exciting outlooks. For instance, ongoing work is undertaken to propose an algorithm for short-term
traffic prediction which builds on the ideas presented in this paper. In particular, the fact the actual dynamics of traffic can be
uncovered serves as a basis of this upcoming algorithm.
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Appendix A. Some examples of finite volume schemes

The Lax—Friedrich (LxF) scheme is defined for the choice of numerical flux F = F; with

S; v,) + f; v,) L Ax
2 24t
The Godunov scheme is given by the choice F = F; with

Fru,v;v,)=

min_f(w;v,) ifu<v
welu,v]

max f(w;v,) ifv<u '
welv,u]

Fo(u,v; v,) =

In the particular case where f is defined by (2), note that the recurrence relation of the Godunov scheme can be rewritten as
N Com A o A ) )
01 = 01+ 2o, [FoOl_,. 0 - Fo(@, U;.H)] , JEZIEN, (32)
where Fg; is a normalized numerical flux (in the sense that it does not depend on the parameter v,, anymore) given by
_ min w(l —w) ifu<v
Fgu,v) =<1 . :
max w(l —w) ifv<u
welv,u]
Similarly, for the Lax-Friedrichs scheme, we can write
o +0
Sirl __J-1 j+l1 At - oA A~ ~ oA A
0 = Lt L, [FL(UI’._I, 0y - F,(@1. 0
for the normalized numerical flux F; defined by
u(l —u)+ov(l —v)
3 .

| JEZieN (33)

FL(u, v) =
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Appendix B. Minimization problems in the multilevel approach
On the one hand, in the constant parameter case, the minimization problem can be reformulated as
0* = argminLp p1(9),
0eR

where the cost function Lp p is now defined by

2

N,—I N,—2 P-1
1 1 ~iP, i
Lippg©) =3 2{ 2{ (E kz(’) UkHPX(C(S))—UI,) , 6€R, (34)
= J= =l
with the same mapping C : R — (0, 1/2) defined by (23). The optimal value v} of the parameter of PDE (4) is obtained by
Ax P
vt = X cry = LA e
" A P, At

On the other hand, in the varying parameter case, we adopt the following changes:

the boundary and initial conditions are set in the same way;
the recurrence relation of the scheme, now defined on the subdivided grid, takes the form

gret =Op+Epop, (1-0p) - Co, 07 (1-07,,). KEIPw (Ny=DP =11, me [0, PN, - DI,
where the coefficients {61'(" : k €[[P.,(N,—DP]I,me [0, P(N,— 1]} are defined through a bilinear interpolation (in space
and time) of the coefficients C = {CJ',’ :j €[0,N.I,ne€[0,N,— 1]} defined in the case where no subdivision is introduced. In
particular, for j € [0, N, — 1], n € [0, N; — 2], we have:

T
. - c oo _
c’*”"f—(l ’/P’> < ; f“)(l Q/P">, g0, P —11, 1€[0,P];

il — \ I/P, et J\ a/P

the coefficients C = {C;’ 1 j€[0,N.,n € [[0,N, — 1]} are determined by minimizing (without constraints) a cost function
Lip,p, given as the sum of a least-square cost and a regularization term R(C):

Ny—1 2

P-1
1 1 X pip ;
i=1 jeel, \"* k=0

where C(0) € (0,1/2)"N«*DN: s obtained by applying (23) to each entry of 8 € RWx*tDNi| T denotes the set of observed
columns in the density matrix (excluding the boundary columns) and A > 0 is a hyperparameter weighting the least-square
minimization of the regularization.

In both cases, the minimization can once gain be tackled using the conjugate gradient algorithm, since the same rules can be
applied to derive an explicit expression of the gradient of the cost function (cf. Appendix C).

Appendix C. Gradient computation for cost minimization

Let L denote the least-square cost function defined by (25). Starting then from the recurrence relation (20), we see that any
i €[1,N,, j €1, N, —2], the finite volume approximation U ;(C) can be expressed as a composition of the functions Hf, for k <i
and / € [1, N, — 2]. Assuming that the functions h and F are smooth with respect to their arguments, the gradient VL of L with
respect to 6 can actually be computed using the chain rule of derivation, giving the expression given in the next proposition.

Proposition C.1. Let L be the cost function defined in (25) and assume that the mappings H', i > 0, defined through (21) and (20) are
smooth with respect to their arguments. Then, the gradient of L is given by

Ni-1

oL, _C T o

250 = 550 ;Jaca,(C(ﬁ)) (U(C(e)) U), 0eR, (35)
where

aC 1
g ) = 518tO)1 - 1gt(®), o€ R,

and for i € [1,N, — 1]}, and C € (0,1/2), Jac;i(C) € RN<XNc denotes the Jacobian matrix of the mapping C ~ ﬁi(C), which can be
computed through the recurrence relation

Jacﬁo(C) =0

i (36)
Jacam(C) =Jacyi (U )- Jacﬁ,(C) +Jacyi(C), i>0
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with JacH;(lA/'i) € RNxXNx being the Jacobian matrix of the mapping (T H"(lAIi, C; U) and Jacyi(C) € RN~*Nc being the Jacobian matrix
of the mapping C — Hi(U',C; U).

Proof. Applying the chain rule to (25) yields exactly (35). Then, applying the chain rule to (20) gives the recurrence relation
in (36). The fact that Jac;0(C) = 0 follows from the fact that U? does not depend on C (but is defined in (17) using the data U). []

The explicit expression of the Jacobian matrices Jacy,i (IAIi) and Jacy (C) in Proposition C.1 depends on the choice of the numerical
scheme to compute the approximations in U. This scheme should only involve smooth functions as assumed at the beginning of this
section. This is in particular the case for the TRM and Lax-Friedrichs scheme, and the corresponding Jacobian matrices are given
in Appendix D.1.

[AIgorithm 1: Compute the gradient of the cost function (Forward-Propagation).
Input: Parameter 0, Density matrix U.

Output: Gradient g = %(9) of the cost function (25).

SetG=0and g=0;
~0 0
SetU =U";
fori=0,...,N,-2do
G =Jac;;(U') - G +Jac, i (C(0)) ;
0" 1@ co: vy ;
g=g+GT (lAIi+l —U"“) ;
end
aC
=2 -¢:
g 09() g;
return g.

Using these expressions, Algorithm 1 provides a first way to compute the gradient vector (35). This algorithm can be referred
to as a Forward-Propagation algorithm: we visit each “time” i sequentially from 0 to the final time to compute the gradient. The
finite volume approximations ..., ﬁN’_l are computed on-the-fly, thus saving some storage space. On the other hand, note that
each iteration requires matrix-matrix multiplications. Even though the Jacobian matrices involved in these products are sparse, the
stored matrix G will fill up as i grows, rendering the computational and storage costs of each iteration more and more expensive.

This could become cumbersome in some applications where the size of this matrix, which is N, x N, is large.

Inspired by the theory around the fitting of neural networks we propose a Back-Propagation algorithm which allows us to compute
this same gradient while only requiring matrix—vector products, thus keeping the computational and storage costs in check. This
algorithm is based on the next result.

Corollary C.2. The gradient defined in Proposition C.1 satisfies

N,—2
oL . oC T si+1 37
59D =55® i=§0 Jacyi (C(6))" 8™ (C(0)) , (37

where for C € (0,1/2), the sequence (6"(C)),~e[[1’ N=11 is defined by the recurrence

sVl = (ﬁNr—l(C) _ UN,—I)
. - ) )¢ . (38)
8(C) = <U ©) - U’) +Jac, (U ()T 6+1(C), ie[0,N,-2].

Proof. See Appendix D.2. []

Corollary C.2 provides an alternative expression for computing the gradient function, which in turn yields Algorithm 2. This last
algorithm can be referred to as a Back-Propagation algorithm: we visit each “time” i sequentially from the latest to the initial time
to compute the gradient. Consequently, it is no longer possible to compute the density vectors on-the-fly: they must be computed
and stored beforehand. Once this is done, each iteration of Algorithm 2 requires the same computational and storage costs, those
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associated with products between some sparse matrices and vectors. Hence, these costs are much less influenced by the size of the

problem, assuming that there is enough storage space for the density vectors.

[AIgorithm 2: Compute the gradient of the cost function (Back-Propagation).
Input: Parameter 0, Density matrix U.

Output: Gradient g = %(9) of the cost function (25).

~0
SetU =U";
fori=0,...,N,-2do
| 0" =@ co); Uy s
end
Set 6= (ff”"‘ - UNF‘), g = Jac, n,—2(C)T'&;

fori=N,-2,....,1do
~ Al

5= (0" -U") +Jac @)78;
g =g +Jacy -1 (c©)"s;

end
aoC

=20 .-
g 09( )85
return g

The minimization problem (22) can then be solved using Algorithm 3. In this algorithm, convergence is understood as the
fulfillment of some numerical criterion based on the value of the gradient of the cost function or on the value of the cost function
(or both), and chosen by the user. A typical choice is declaring convergence once the norm of the gradient vector is below some
predefined threshold. Algorithms allowing to compute descent directions for various gradient descent algorithms can be found
in Ruder (2016). We can for instance cite the steepest gradient method for which the descent direction d is computed from the
gradient g as

d=-a-g

for some fixed step size @ > 0. The (Polak-Ribiére) Conjugate gradient algorithm on the other hand uses, at the rth iteration of the
process, the descent direction 4 given by

T .
40 = —g0 4 (&) (7 =¢")\ o
(g=0)" g1 ’

where g denotes the gradient of the cost function at the rth iteration (Nocedal and Wright, 2006). This last algorithm is the one
used in the numerical applications of this paper.

[AIgorithm 3: Find the optimal control parameter of the discrete dynamical system associated with a density matrix (constant
case).

Input: Density matrix U defined from a discretization with step sizes 4t, Ax;

Initial value 6 € R;

A routine grad to compute gradients (Algorithm 1 or 2);

A routine dir to compute descent directions (Steepest gradient method, conjugate gradient algorithm,...).
Output: Parameter C* of the minimization problem (22).

while Convergence is not achieved do

Compute the gradient g = ‘;—]5(9) of the cost function (25) with respect to the unrestricted parameters 6:
g=grad(9,0) ;

Compute the descent direction from the gradient: d = dir(g);
Update the parameter:

0=0+d;

end
return C* = C(0).
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Proposition C.3. Let L(p p be the cost function defined in (34) and assume that the mappings H', i > 0, defined through (21) and (20)

are smooth with respect to their arguments. Then, following the notations from Proposition C.1, the gradient of L is given by

oL Ni-1 .
[P, Py] _ oC i v T T Fa) _ i
)= 250 - 1 Yac i, (CO) M7, (MPXU (CO)-U ) 0eR, (39)

i=

where M € RN<X(PxM2) is the averaging matrix defined by

1/P, ifm=1+jP, withl€[0,P, 1]
[MP ]jm = .
x 0 otherwise

and the Jacobian matrices LAT'(C(H)), 1 € [0,(N, — 1)P,]l, are once gain obtained through the recurrence (36).

[AIgorithm 4: Compute the gradient of the cost function (Forward-Propagation).

Input: Parameter 6, Density matrix U, Subdivision parameters P,, P,.
Output: Gradient g = %(9) of the cost function (34).
Set G = 0;
Setg=0;
0
SetU =P.M}U";
fori=0,....,(N,—1)P,—1do
G =Jac;i(U') - G +Jac, (C(0)) ;
~i+] LoAd
0" =@ co;v);

~i+1 .
g=g+G" M, (MPXUI+ - U‘“) ;
end
oC ,
g= 5(6) 85
return g.

[AIgorithm 5: Compute the gradient of the cost function (Back-Propagation).

Input: Parameter 0, Density matrix U, Subdivision parameters P,, P,.
Output: Gradient g = %(9) of the cost function (34).

0
SetU =PMT U°;
fori=0,...,(N,-1)P,—1do

i+l N

0" =H@ o) U);
end
Set 5= M, (M oM - UNr-l) )

TR Py ’
Set g = Jacy N, o)rs;
for /= (N,—1)P,—1,...,1do
Al
8 =1Jac, (U )"
if (I/P) € {0, ..., N, — 2} then
~1/P,

‘ s=6+M} (M, 0" —uin);

end

g =g +Jacy - co)'s;
end

oC )
g= ﬁ(m -85
return g

Equivalently, this gradient can be obtained by

0L[P1-Px] aC Q! T si+1 (40)
90 (9)=%(9)' g(; Jacy (C(0))" 8™ (C9)) ,

where for C € (0, 1/2), the sequence (8'(C)),eqo N=DP] is defined by the recurrence

sy = MY, (M, T ) - TNt

~1/P ~
8(C) =1 myeqon,-aMb (MPX 0" ) - U’/Pf) +Jac,, (0'(©)T8*1(C). 1€ [0.(N, - HP, 1]
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with 1, denoting the indicator function of a proposition A.

Proof. This result is a direct consequence of Proposition C.1 and Corollary C.2 after noting that replacing, in the expression (25)
of the cost function L, the approximation matrix U by the averaged approximations M p U yields the expression (34) of the cost
function Lp, p ). The chain rule then yields the result. []

Then, Algorithm 3 can be used to solve the minimization problem, after adjusting the algorithms for computing gradients
according to the previous proposition, thus yielding Algorithms 4 and 5.

Corollary C.4. Let i[ p,p,) be the cost function defined by (31) and associated with a set I, C [[1, N, — 2]l of observed columns. Assume
that the mappings H', i > 0, defined through (21) and (20) are smooth with respect to their arguments.

Then, following the notations from Proposition C.3, the gradient of L p.p,) is given by Eq. (39) (or equivalently by (40)) after replacing
the matrix M p_by the matrix M p_defined by

_ 1/P, ifj=j.€l, andm=1+j P, withle[0,P, —1]
M P, ] jm = . :
¥ 0 otherwise

Proof. This result is a direct consequence of Proposition C.1 Proposition C.3 after noting that replacing, in the expression (34) of
the cost function Lp p, the matrix M p by the matrix M PXIAI yields an expression equal to the sum of the cost function L; PP

(given in (31)) and a term that does not depend on the parameter 6 (but only on the entries of the density matrix U). Hence, the
gradient of this expression (with respect to the parameters) will be the same as the gradient of L; p,.p,)» Which gives the result. [J

Consequently, the gradient of the cost function (31) can be computed using either Algorithm 4 or Algorithm 5 and accounting
for the modification described in Corollary C.4. Hence, gradient-based optimization can once again be considered to minimize this
cost function.

Appendix D. Jacobian matrices and gradient computations

D.1. Jacobian matrices for the TRM and LxF

We derive here, for the TRM and LxF schemes, the expression of the Jacobian matrices needed to compute the gradient of the
cost functions considered in this work.

Since the initial condition vector U, given by (17), does not depend on C, Jacy0(C) = 0.

For the TRM, Eq. (21) is used to derive the expression of the remaining Jacobian matrices involved in the recurrence relation (10):
They are sparse matrices, whose non-zero entries are given by

ci(1-u) ifk=j-1
Pac,i(UN],, =q1-CU,_ +C, A-U; ) ifk=]j j€ll,N,=2], i€l0,N,-2], (42)
c.U; ifk=j+1,

U}_](I—U;) ifk=j
—U;’(l—Uj{H) ifk=j+1 Jj€II,N,—2], i€[0,N,—-2]. (43)

[acyi (O],

5

Similarly, we get for the LxF scheme

1/2+Cj(1-2U;_))/2 ifk=j-1
[acs(Uh)], = §CIA = 2UD/2-CL, (1 -20)/2 ifk=j jellLN,-2]. i€[0.N,-2], (44)
1/2-Cl (=20, /2 if k=j+1,

Uj’f_l(l - U/’f_l)+ Uj’l(l - Uj’f) ifk=j
[JacH.-(C)]jqk= U;(I—U;)+U;+I(I—Ujf+l) ifk=j+1 Jj€I,N,—2], i€l0,N,—2]. (45)

D.2. Back-propagated gradient

We present here the proof of Corollary C.2.

237



M. Pereira et al. Transportation Research Part B 155 (2022) 210-239

| —— Trapezoidal : : —— Trapezoidal
0.25 —{\ Quadratic 1.0 ' | Quadratic
N
5 AN 3 : :
1 0.20- i ® 0.8 % !
3 : & .
o 1 2 1 1
2 0151 i 2 0.6 i i
3 ] v 1 1
s ! £ ! .y
& 0.101 ! S 047 ! \\1\
oy 1 o} 1 1N
x : 2 : :
i 0.05 i Y 0.2 1 1
1 1
! 1 1
! 1 1
0.00 - L 0.0 i ]
00 02 0.4 056 08 10 0.0 0.2 0.4 06 08 10
Density Density
(a) Flux-density relationship (b) Speed-density relationship (Function f,)

Fig. 19. Comparison between quadratic and trapezoidal fundamental diagrams. The maximal density p,, and the free flow speed v, are taken equal to 1. The
black dotted lines are placed at the critical density values p, = 0.25 and p, = 0.6.

Proof. Using Eq. (38), we have

N,-2 N,-2
Z Jac; 1 (C)T 8! = Z (JacUm(C)—JacH:(U’)JaCUI(C))T:5’+1
1=0 1=0
N2 N2
= Y Jacyi (€)' 8% = Y Jacy(C) Tac, (U 8'*!
1=0 1=0
N,-2 N,-2

2 Jacy i1 (C)T 8! — z Jacy (€)' Jac,u (U 811
1=0 =1

since Jac;;0(C) = 0. The definition of the sequence (&)1<< n,-1 in Eq. (38) then gives

N,—2 N,=2 N,—2
Y Jac,i (€78 = Y Jacyi (€)' 84! = Y Jacy: (€)' (8 - d)
1=0 1=0 =1
N2 N2

=Jacy1(O)'8' + ) (Jacyii (C) 8™ = Jacy (C)'8') + )’ Jacyi(C)''d!
=1 Nr_2171
= Jacy 1 ()8! +Jacyn,-1(C)T 8N —Jac;1 (O)T 6! + Z Jacy1 (O)'d!
N,=2 -
=Jacyn-1(O)T 8%+ Y Jacy(C)'d' .
=1
Finally, since from Eq. (38), 6™~! = d™~!, we get
N,-2 N,—1 oL
% Jac, (C)T 8! = 2 Jacy 1 (C)'d! = <©.

according to Eq. (35). [
Appendix E. Decomposition of trapezoidal flux functions

Let p,, > 0 denote some maximal density on a road. Consider the functions f; and f, defined by

filp)=p, p€I0,py,l,

and
Uy ifOSPSP],
p .
f2p)={vn"; if py <p<p.
o (4 i <p<
pc— ( [ 1) ifp2 <0 < om
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where v,, denotes the free flow speed, and p,, p, denote some critical densities satisfying 0 < p;, < p, < p,,. Clearly, f, is a non-
decreasing Lipschitz-continuous function such that f,(0) = 0 and f, is a non-increasing Lipschitz-continuous function such that
f2(p,) = 0. Then the flux function f defined by

fp) = f1(0)f2(p),  p €0, pyl,

fits into the general TRM framework of Liptak et al. (2021). Also, f has a trapezoidal shape with a plateau in the segment [p;, p,].
Fig. 19 gives an example of such a flux function.
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