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Abstract

Modeling multidirectional interactions in macroscopic flow simulations is challenging, as
multiple concurrent streams must be represented consistently within individual simulation
components. While the Cell Transmission Model (CTM) provides a scalable and inter-
pretable framework, conventional formulations often lack a transparent internal represen-
tation of interaction effects within a cell. This paper introduces a graph-based internal
cell notation in which each flow is uniquely defined by its origin and destination, so that
all potentially interfering movements inside a cell become explicitly identifiable, enabling a
modular integration of analytical and data-driven sending functions. Using pedestrian flow
scenarios as a controlled testbed, we calibrate and compare a parametric interaction model
and a machine-learning-based model under different demand levels using microsimulation-
generated data. The results show that locally calibrated sending functions can accurately
reproduce interaction dynamics and, when embedded into a network, yield globally con-
sistent simulation behavior in systems with spatially localized interactions. The proposed
framework demonstrates how explicit internal state representations and localized interaction
structures support modular, data-driven calibration in CTM-based simulations, providing a
transparent foundation for the simulation of complex multidirectional flow systems.
Keywords: simulation modeling; multidirectional interaction modeling; pedestrian flow
simulation; hybrid modeling; cell transmission model

1 Introduction

Understanding and simulating interacting flows is a central challenge in many macroscopic sim-
ulation models, as multiple concurrent streams must be represented in a consistent and compu-
tationally efficient manner. In the context of pedestrian dynamics, this challenge is particularly
pronounced in open spaces such as transit hubs, stadiums, or urban centers, as well as in evacua-
tion scenarios, where several intersecting and opposing streams coexist, making them a frequent
subject of simulation-based studies in the modeling and simulation literature.m? A wide range of
modeling approaches has been developed to capture pedestrian movement across different spatial
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and temporal scales.? Microscopic models, such as the Social Force Model* or cellular automata,’
reproduce detailed local interactions and emergent collective patterns but often come with con-
siderable computational cost. Macroscopic approaches, by contrast, describe movement in terms
of aggregate quantities such as density and flow, offering greater scalability and interpretability.

Among macroscopic models, the Cell Transmission Model (CTM)G’7 provides a particularly
attractive balance between computational efficiency, transparency, and theoretical grounding.
However, when applied to pedestrian dynamics, CTM encounters a fundamental modeling chal-
lenge: unlike vehicular traffic, where links predominantly carry unidirectional flow, a single
pedestrian cell must simultaneously accommodate several interacting streams. Existing ex-
tensions to bidirectional and multidirectional CTM formulations®:®
extent, yet they often represent the internal flow structure in an ad hoc manner by specifying
only the origin of each stream. In environments with multiple possible exits, this is insufficient,
as the destination of a flow is equally important for determining interaction patterns.'%'! With-
out jointly encoding both origin and destination, internal flow relations remain ambiguous, and
interaction effects become difficult to model in a consistent and modular way.

Building on this insight, we introduce a graph-based internal cell notation that explicitly
represents directional flows within a CTM cell. Each flow is uniquely characterized by its
origin, current location, and destination, yielding a fully specified internal interaction structure.
This explicit representation provides the basis for formulating, calibrating, and exchanging local
interaction models in a modular manner. A preliminary version of the notation was outlined in
an earlier preprint.'?

Using this framework, we investigate whether CTM sending functions can be specified or
learned locally at the site of pedestrian interactions without compromising global simulation
consistency. Pedestrian flows provide a suitable testbed for this investigation, as interaction
effects are predominantly confined to shared cells. This contrasts with vehicular traffic, where
braking, acceleration, and spillback effects induce non-local dependencies across multiple cells.
The central question is therefore not whether local interaction functions can be learned in iso-
lation, but whether locally calibrated simulation components remain globally consistent when
embedded into a networked CTM model. To examine this question under controlled conditions,
we generate interaction scenarios using PTV VISSIM and compare a parametric analytical in-
teraction model with a machine-learning-based alternative across different demand regimes. The
results indicate that learned sending functions can reproduce the simulated interaction dynam-
ics at the cell level and can be embedded into a CTM network without introducing unintended
effects in adjacent cells.

The contributions of this paper are threefold. First, we introduce a graph-based internal
representation for multidirectional CTM cells that explicitly encodes origin—location-destination
relationships and resolves ambiguities in multidirectional CTM formulations. Second, we demon-
strate how this representation enables a modular integration of analytical and data-driven send-
ing functions within a consistent simulation framework. Third, we show that, for structurally
localized pedestrian interactions, locally calibrated CTM components can be embedded into a
network without compromising global simulation consistency.

The remainder of this paper is organized as follows. Section 2 introduces the graph-based
notation and explains how it enables a consistent representation of multidirectional flows within
CTM cells. Section 3 presents the experimental setup based on PTV VISSIM and reports the
empirical results for the two data regimes. Section 4 concludes with implications for pedestrian
modeling and outlines avenues for future research.

address this issue to some



2 A Structured Cell Transmission Framework for Multidirectional
Interactions

The Cell Transmission Model (CTM) provides a scalable framework for simulating the evolu-
tion of densities and flows over discretized space and time. In this paper, we use CTM as a
macroscopic flow simulation framework in which each node v € V' represents a spatial cell that
may carry multiple concurrent directional streams. This is particularly relevant for applications,
where a single cell can contain intersecting and opposing movements, for instance in shared
spaces or interaction areas connecting several adjacent cells. To represent such multidirectional
dynamics in a transparent and modular way, we introduce a structured notation that explicitly
encodes origin—location—destination relationships within each cell. An initial sketch of the ori-
gin-location—destination idea was presented in an earlier preprint.'? The present paper develops
this idea into a fully structured CTM formulation, specifies its interaction semantics, and em-
beds it into a simulation-based calibration and evaluation workflow tailored to multidirectional
interaction cells.

2.1 Related Work: Modeling Multidirectional Intersections

Modeling intersection cells poses a fundamental challenge in network-based flow simulations, as
multiple potentially conflicting streams must be resolved within a confined spatial region. A
common simplification is to represent the intersection areas as abstract connectors that balance
inflow and outflow through capacity and demand constraints.'® While extensions of node-based
models account for bidirectional flows and flow-dependent capacity reductions,’>'*:1% they still
treat the interaction area as an aggregate unit and abstract away internal spatial and directional
interaction structures.

Several macroscopic pedestrian modeling approaches therefore represent intersection areas ex-
plicitly as spatial cells rather than point-like connectors, preserving traversal times and allowing
interactions to be modeled at their physical location. Depending on the level of spatial resolu-
tion, this may range from representing an entire intersection as a single cell to discretizing it into
multiple adjacent cells.8:16:17:18 However, when internal flows are characterized solely by their
upstream origin, destination-dependent interactions remain implicit within the cell. In scenar-
ios with multiple possible exits, this limitation becomes particularly apparent, as flows sharing
the same origin but differing in destination may experience fundamentally different interactions
within the same cell. As a consequence, the internal interaction structure of the cell is only par-
tially specified, complicating a transparent and systematic formulation of interaction-dependent
flow models.

To make these structures explicit, a structured internal flow representation is introduced
in the following section. By uniquely labeling each flow by its origin, current location, and
destination, the resulting interaction structure becomes unambiguous, transparent, and modular.
This representation makes it possible to formulate sending functions that depend directly on the
densities of all mutually interfering movements, thereby enabling consistent local calibration of
interaction models. Figure 1 illustrates the notation for a representative interaction cell with
four adjacent bidirectional connections, where the central cell comprises twelve distinct flow
paths exhibiting different interaction patterns.

2.2 Internal Flow Representation of CTM Cells

To model movement in structured environments, we consider a set of cells or nodes V', each
representing a spatial region (e.g., corridor section, plaza area, or stairwell). Adjacent cells are
connected by a set of directed edges £ C V' x V', which define feasible transitions between regions.
The resulting directed graph G = (V, E) is the traffic network under consideration. Movement
streams traverse the graph and may interact locally within individual nodes. This is particularly
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Figure 1: Graph-based origin-location—destination notation. Each path (u,v,w) represents a
distinct directional flow through the cell, making internal interaction structures ex-
plicit.

relevant in pedestrian applications, where individuals are not constrained to predefined lanes and
may traverse shared spaces toward different exits, allowing multiple directional movements to
coexist within the same cell. To represent such situations explicitly, flows and their corresponding
densities at a cell v are distinguished by both their preceding location v € Z(v) and their
subsequent destination w € O(v). Here, Z(v) = {v' | (v',v) € E} and O(v) = {v' | (v,v') € E}
denote the sets of upstream and downstream neighbors of v, respectively.

Flow Dynamics. The Cell Transmission Model (CTM) is employed here as a discrete-time
macroscopic framework for flow simulation, where time is divided into uniform simulation steps
indexed by t = 0,1,2,.... The time interval between consecutive simulation steps is denoted by
AT [s|. This work focuses on pedestrian dynamics as a representative application of the proposed
framework; the formalism extends straightforwardly to multiple interacting populations.

For each cell v and each movement route (u,v,w) through v, with v € Z(v) and w € O(v),
the pedestrian density at simulation step ¢ is denoted by p(y ., 4)(t) and measured in [ped/ m?].
The corresponding inflow and outflow rates during the time interval (¢ - AT, (t + 1) - AT) are
denoted by qi(g’vvw) (t+1) and q(oqfﬁj’w) (t+1), respectively, with units [ped/s|. These represent the
pedestrian flow rates crossing the boundary between adjacent spatial segments. The pedestrian
density is updated at each simulation step according to the following conservation equation

AT in ou
P(uv,w) (t + 1) = Plup,w) (t) + Af (q(u,v,w) (t + 1) - Q(u,tv,w) (t + 1)) ) (1)

where A, [m?| denotes the area of cell v. This update equation ensures local conservation of
pedestrians. Figure 2 illustrates an example of connected bidirectional cells in a pedestrian
network. For clarity, time indices are omitted, and the figure focuses on the notation and the
corresponding inflow and outflow streams.

To simulate a specific scenario, initial conditions and the dynamics of sources and sinks,
namely external pedestrian inflow and outflow, must be specified exogenously. Such external
flows can be incorporated in equation (1) but are omitted here for notational clarity. The feasible
flows along a route (u,v,w) are constrained by the geometry of the spatial segment, the local
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Figure 2: Connected cells (bidirectional pedestrian flow)

density of agents, and interactions with other streams passing through cell v. These constraints
are captured by sending and receiving functions, which specify admissible flows based on the
current local state. The allocation of realized flows is governed by additional interaction rules.

Sending and Receiving Functions. The following discussion introduces general supply and
demand constraints, under which local densities in the CTM jointly constrain inflow and outflow
along each path.

Consider a cell v at time ¢. Each directional movement through v is identified by an origin-
cell-destination triple (u,v,w) and is associated with a density p(y ) (t). Given the internal
density state of cell v, outflows along each movement (u, v, w) during the next simulation step are
constrained by a demand condition, formalized by the sending function S,y ). This function
represents the potential flow generated by traffic participants currently present in the cell that
would be able to leave along this movement during the next simulation step if sufficient free
space is available in the subsequent cell w. In this sense, the sending function captures the
demand for space in the downstream cell w, or equivalently, the flow that may be sent out of
cell v along the route (u,v,w). Due to interactions between concurrent movements within a cell,
the admissible outflow of a movement may depend on the full internal density state of the cell.
Formally, for each movement (u,v,w), the sending function is defined as

S(upw) Rf(v)w(v) — Ry
o (p(u’,v,w’))u’Eﬂ(v),w’EO(v) = Qupw)

As a basic feasibility condition, during one simulation step, the number of agents leaving cell v
along (u, v, w) cannot exceed the number currently assigned to that movement. This is enforced
by requiring that

Ay
S(u,v,w) ((p(u’,v,w’)(ﬂ)u’éﬂ(v),w’é(’)(v)) < E P(u,v,w) (t)a (2)

where A, denotes the area of cell v.
The sending function thus provides an upper bound on the admissible outflow along movement
(u,v,w) during the time interval (tAT, (t + 1)AT),

out

q(u,y7w) (t + 1) < S(u,v,w) ((p(u’,v,w’) (t))u’ef(v),w’e(’)(v)) . (3>

Examples of specific sending function formulations are provided in the following section.

While sending functions constrain what may leave a cell, inflows are constrained by a com-
plementary supply condition. The supply constraint is formalized by the receiving function R,
which specifies the maximum total inflow rate that a movement or a cell can accommodate dur-
ing the next simulation step, given its current occupancy and spatial capacity. Accordingly, the
receiving function represents the supply of space within the cell, or equivalently, the flow that
may be received. Unlike the classical CTM, where each cell typically carries a single aggregate
flow, the proposed framework explicitly represents multiple directional movements within the
same cell. As in standard CTM merge models, multiple movements may compete for limited
receiving capacity within a shared space. This leads to different modeling choices depending on



how this shared capacity is represented.

One possibility is to impose receiving constraints separately for each movement (u,v,w),
thereby bounding the corresponding inflow individually. Since movements may share physical
space, these bounds may depend on the full internal density state of the cell. Formally, this
yields a set of receiving constraints

R . Rf(v)x@(v) . R,
(u,v,w) * )
(p(u’,v,w’))u’e](v),w’EO(v) = Quw,w)

that bound the corresponding inflows according to
QEE,v,w) (t + 1) < R(u,v,w) ((p(u’,v,w’)(t))u’eﬂ(v),w’e(?(v)) .
In addition, the sum of all movement-wise receiving constraints within a cell is required to be
bounded by the available space of that cell. In this formulation, each movement is subject
to its own receiving constraint, and unused capacity associated with one movement cannot be
reassigned to others.

Alternatively, a joint receiving constraint can be imposed for all inflows into a cell. Accord-
ingly, the receiving function for cell v is defined as

F(v)xO(v
R,U : R+( )xO(v) SN R+ 7
(p(u’,v,w’))u’eﬂ(v),w’e(’)(v) = Ry

and bounds the sum of all inflows into cell v according to

Z q%ﬁ,v,w) (t + 1) < RU((p(u’,v,w’)(t))u’e,ﬁ(v),w’e(’)(v)) . (4>
ue S (v), weO(v)

This approach allows unused capacity from one movement to be utilized by others and provides
a flexible and compact representation of shared-space interactions. To obtain a unique set of
realized flows when multiple inflows compete for limited capacity, an additional allocation rule
is required that specifies how the available space is shared among competing movements. A
common choice is to distribute capacity proportionally to the individual demand levels of the
inflows, as proposed by Asano.®

Between these two extremes, hybrid formulations are also possible, combining movement-
specific receiving constraints with joint capacity constraints for selected subsets of movements.

Sending and receiving functions are not necessarily constant over time, but may vary in
response to dynamic factors such as weather conditions, temporary obstructions, or changes
in agent composition (e.g., commuters, tourists, or event-related crowds), each associated with
different movement characteristics. The proposed framework allows both functions to depend on
additional state variables, thereby enabling the representation of such time-varying conditions
within flow simulations.

Multiple successor nodes. In cases where multiple downstream movements are possible, we
denote by f(z u,v)—w(t + 1) > 0 the fraction of pedestrians on (z,u,v) directed toward a specific
outgoing link w € O(v). These fractions satisfy

Z f(x,u,v)—nu(t + 1) =L

weO(v)



This yields the following flow conservation relationship:

qi(ILlL,v,w) (t + 1) = Z f(a:,u,v)—)w(t + 1) ) q?;,‘;;,v) (t + 1) (5)
x€I (u)

Optimization-Based Characterization of Flow Allocation. The realized flows at each sim-
ulation step can be interpreted as the solution of a linear programming (LP) problem that
maximizes total throughput, subject to sending and receiving constraints. The resulting op-
timization problem may admit multiple optimal solutions, particularly when several inflows
compete for limited receiving capacity. In these situations, additional interaction rules are re-
quired to obtain a unique and behaviorally meaningful solution. Tampére et al. introduce the
concept of Supply Constraint Interaction Rules (SCIR) to resolve such ambiguities, for example
by enforcing first-in-first-out (FIFO) principles when competing flows share limited space.!* In
addition, node supply constraints may be imposed to capture further reductions in admissi-
ble flows caused by internal mechanisms such as signaling, priority rules, or conflicts occurring
within the node. A realistic node or cell model therefore corresponds to solving the same flow
maximization problem subject to these additional constraints, which encode both physical and
behavioral considerations.
Accordingly, the outflows q?;fv,w)
per-step optimization problem:

argmax Z Z q?ﬁﬁ;,w) (t+1) (6)

veEV ueZ(v), weO(v)

(t +1) can be characterized as solutions of the following

subject to, for allv € V, u € Z(v), w € O(v):
* @ty (t+1) 20,
o g0 1) (1) < St (O 0,0 () wez(w), weow):
* q%%,v,w)(t +1) =2 ez foum -t + 1) Gl E+ 1),
together with one of the following receiving constraint specifications:

(R1) Movement-wise receiving constraints:
qzz,y’w) (t + ]-) < R(u,v,w) ((p(u’,v,w/)(t))u’EI(U),w’e@(v)) 3 Vv € Vv (RS I(U)v w e O(’U)
(R2) Joint receiving constraints:

Y @+ D) S R((pwr v (D)wezw), weow) s T EV.
u€eZ(v), weO(v)

To ensure uniqueness, additional interaction rules such as SCIR or node supply constraints must
be specified.

Remark (Splitting the global flow allocation problem). The global flow allocation prob-
lem (6) can be decomposed into smaller, independent subproblems depending on how receiving
constraints are defined.

If receiving constraints are specified separately for each movement, then all outflows leading
into the same movement are determined jointly, as they share the same receiving constraint,
while outflows associated with different movements can be computed independently. As a result,
the global flow allocation problem decomposes into independent subproblems of the form

argmax q?;t@ olt+1),
a€Z(b)



for each ¢ € V,b € O(c) subject to the corresponding constraints.

If, in contrast, a joint receiving constraint is imposed at the level of a cell, then all inflows into
that cell are coupled through a common capacity constraint. In this case, the global flow allocation
problem no longer decomposes into independent movement-wise subproblems, but can instead be
decomposed into independent cell-wise optimization problems, in which all outflows leading into
the same cell are determined jointly. Accordingly, instead of solving the global problem (6), we
may solve

argmax Z Z q?ﬁ ot +1),

beZ(c) a€Z(b)

for each c € V' subject to the corresponding constraints.

In the special case of a chain of cells with exactly one inflow and one outflow per cell, the
optimization problem collapses to the classical CTM formulation, in which the outflow is deter-
mined as the minimum of the sending function and the receiving function associated with the cell
transition and can be solved independently for each outflow variable.

Sequential Simulation Procedure. At each simulation step ¢ + 1, the sending and receiving
functions are first evaluated for every cell based on the current density state. Given these
constraints, the corresponding maximization problems (e.g., (6)) are solved to determine the
admissible outflows, from which the resulting inflows follow via the relationship (5). Finally, the
densities in all cells are updated according to the conservation equation (1).

2.3 Examples of Multidirectional Interaction Cells in Pedestrian Networks

Our general framework provides a transparent way to represent and parameterize interactions
within different types of cells. Below, a set of representative cell archetypes is introduced to
illustrate how sending and receiving functions can be specified to capture interactions between
multiple movement directions. These examples are not intended as exhaustive or prescriptive
model specifications, but rather serve to illustrate how typical interaction patterns can be in-
stantiated within the proposed framework using commonly adopted functional forms. For clarity
and notational consistency, the cell under consideration is denoted by # in all examples. The
three representative configurations are depicted in Figure 3.

Ul — — U2 rqu1
a U= S U
;}Z 1 LﬁJﬁ 3
(A= S Uz U2
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Figure 3: Representative pedestrian cell configurations: (a) unidirectional segment, (b) bidirec-
tional interface, (c) pedestrian square with four connected directions

Unidirectional Segment. We consider a single unidirectional movement from an upstream cell
u1 to a downstream cell us through cell #. In this configuration, no interactions between different
walking directions occur, and the model reduces to the classical CTM formulation for a single
flow. In practice, such situations are commonly modeled using simple, piecewise-linear sending
and receiving functions, as they admit a clear physical interpretation and depend only on a small



number of parameters. One possible specification of the sending and receiving functions is given
by

max

Sy #us) (p(U17#»U2)) = min{q(ul,#uz)’ f(fz(ﬁ#,uz) (p(UL#M))} )

max ax

R# (p(uh#,lu)) = min{q(ul,#,u2)7 w(p?:u,#,w) - p(m,#ﬂn)) buh#} .

Here, q?&?’,‘#m) denotes the maximum admissible flow [ped/s], p‘@?‘ 4 un) the maximum pedes-

trian density [ped/m?], w the backward wave speed [m/s], and b,, » the width of the upstream
interface [m]. A simple linear free-flow relationship is given by

free

fi
f(fie,#,ug) (p(uh#ﬂu)) = v(ul,#,uz) *P(ur,#u2) b#7U27

where vfff‘le #.u5) denotes the free-flow walking speed [m/s|. More general functional forms, in-

cluding higher-order polynomials or other nonlinear relationships, can be employed if warranted
by empirical observations.

Bidirectional Interfaces. Consider a bidirectional cell # with opposing movements (uj, #, u2)
and (ug, #,u1). In this case, pedestrian streams interact directly by sharing physical space,
necessitating sending and receiving functions that account for mutual interference between op-

posing flows.!? A possible concretization of the sending function for the movement (uy,#,us)
is

. max fr red
S #u2) (Plur, #,u)s Pluz, #,u7)) = MiN {q(afi,#,uzw fout s ) (Plur #us)) 'f(ﬁl,#,w)(P<u1,#,uz)7p(uz,#,u1>)} :

In contrast to the unidirectional case, the potential outflow is impeded by an opposing stream.
This effect is captured by a reduction function f(rz“i o) (p(ul’#’w), p(w’#’ul)), which modulates
the free-flow sending capacity to account for interference with the opposing stream. For physical
consistency, the reduction function is required to satisfy f(r?‘j‘li #M)(-) = 1 in the absence of
opposing flow, i.e., when py, 4 4,) = 0, so that the sending function reduces to the free-flow
relationship introduced for the unidirectional case. Moreover, the resulting sending function
is required to be non-increasing in the density of the opposing flow, ensuring that admissible
outflow is reduced as counterflow interference increases.

As an illustrative example, the reduction function may be specified following Lilasathapornkit
and Saberi?’ as

1
red _
f(sh#,uz) (p(u17#7u2)’p(u27#,m)) T Pluy, #ug) or
p(ul,#,u2)+p(u2,#,ul)
Pluy #,us2) K
e p . = < , >0,
(U17#7u2)( (u1,#,u2) (u27#7u1)) P (s 12) +p(u2,#,u1)

where v is a calibration parameter controlling the sensitivity to counterflow.

Alternative functional forms may be employed if suggested by empirical observations or ex-
pert knowledge. For example, Moustaid and Flotterod propose a nonlinear sending function
that applies in regimes where both the density and the counterflow density remain below their
respective critical values.”

The collective receiving function may, for example, be specified as

R (Pur #u2)> Plus o)) = MIn{ @™, w - (05" = pur #us) = Plustiiun))  (Gu gt + bun) } -

To obtain a unique set of realized flows when both directions compete for limited capacity, an
additional allocation rule must be specified. A common choice is to distribute the available
receiving capacity proportionally to the density ratios of the competing streams; if one direc-
tion does not fully utilize its assigned share, the remaining capacity becomes available to the



opposing flow. This formulation allows the effective available space and admissible inflow to
adapt dynamically to the relative densities of the two directions, thereby providing a realistic
macroscopic representation of pedestrian counterflow interactions.

A brief comparison with bidirectional vehicular traffic highlights the specificity of the pedes-
trian case. In road traffic, bidirectional links are typically represented by separate lanes, so that
opposing streams do not share physical space and can be modeled independently using distinct
sending and receiving functions. As a result, no explicit space allocation mechanism is required.
More complex vehicular configurations are also possible, for example when straight-moving traf-
fic interacts with opposing left-turning vehicles. Such interactions are commonly modeled by
capacity reductions and, in some cases, by reductions in effective free-flow speed as a function of
the conflicting flow.?!:22 While local calibration of more detailed vehicular interaction functions
is technically feasible, these models generally do not generalize correctly at the network level.
Nonlocal effects such as braking, acceleration, and spillbacks propagate into neighboring cells,
so that globally consistent behavior requires additional constraints on adjacent links.

Pedestrian Squares. Bidirectional interfaces can be generalized in a straightforward manner
to settings with multiple interacting directions. A pedestrian square with n bidirectional entries

and exits is represented by a cell # with Z(#) = O(#) = {u1, ..., un}.
For a specific movement (u;, #,u;) with u; # u;, the sending function may, for example, be
specified as

Sus ) <(P(uk,#,ul>)ukeﬂ(#>,> = min {ﬁ?’,‘#,uw Flutpay) (Plustun)  Flasteouy) ((P(uk,#,uz))ukeﬂ#)) }
u; €O(#) u €O(#)
Moreover, the reduction function must evaluate to one when the considered movement is the
only active flow in the cell, that is, when all other directional densities are zero. For physical
consistency, the resulting sending function must be non-increasing in each density component
corresponding to an interfering movement, for any fixed density of the considered direction.
A possible formulation of the collective receiving function is

R# ((p(uk,#,w))ukéf(#)) = min quax’ w- 'OI#aX - Z Pluggtu) | buk’#
wEO(#) uR €I (#), up €S (#)
u €O(F#)

These examples illustrate how explicitly encoding origin—location—destination relationships
enables transparent and modular representations of multidirectional interaction structures within
a single cell, while allowing for flexible, application-specific specification of interaction functions.

3 Calibration Study in a Controlled Microsimulation Setting

While the previous sections focused on the theoretical formulation of the Cell Transmission
Model (CTM) and illustrative analytical examples of sending and receiving functions defined on
origin—location—destination paths, practical simulation applications require these relationships
to be calibrated from data. We therefore investigate the calibration of local sending functions
for a representative interaction cell, using microsimulation as a controlled experimental envi-
ronment in which the internal directional flow state of each movement is explicitly observable.
Microsimulation-generated data are used to systematically explore the interaction state space
under controlled and reproducible conditions. This allows us to assess the stability of locally cal-
ibrated interaction functions and to examine whether such components can be composed into a
globally consistent CTM network without introducing unintended coupling effects. The calibra-
tion study in this section relies on the explicit origin—location—destination state representation

10



introduced above. Without it, local interaction calibration would be ill-posed, since distinct
interaction patterns would map to identical internal states.

Two approaches for modeling local interactions between multiple pedestrian streams within a
shared cell are compared: (i) an analytical formulation based on explicit parametric functions,
and (ii) a data-driven approach that infers the same relationship from data generated by the
microsimulator PTV VISSIM.

3.1 Microsimulation Setup

The microsimulation setup is deliberately designed as a controlled experimental environment
to generate reproducible interaction patterns for methodological evaluation. Parameter choices
are not intended to increase behavioral realism, but to amplify and systematically vary local
interaction effects relevant for calibration. All microscopic experiments were conducted using
PTV VISSIM 2025, configured with the default pedestrian dynamics unless stated otherwise.

Experimental Setup. To evaluate the two modeling approaches under controlled and repro-
ducible conditions, we designed a simplified pedestrian intersection scenario implemented in
PTV VISSIM (Figure 4). The test network consists of four entry links, each followed by two
unidirectional cells before merging into a central interaction zone where all streams intersect.
Downstream of the crossing, each exit link again contains two unidirectional cells. Each cell
(including the interaction cell) has a uniform length of 12.5 m, which pedestrians must fully
traverse in order to advance to the next segment. All regular cells have a width of 2.1m. To
isolate local interaction effects, we assume that no downstream spillbacks occur beyond the in-
tersection; pedestrians can exit the system freely at the downstream boundaries. Within the
central crossing area, defined as a circular region with a diameter of 6 m, the default walk-
ing behavior parameters were modified to increase the intensity of interactions. Specifically,
the relaxation time 7 was increased from 0.40 to 0.50s, the lateral interaction range parameter
Bsoctso from 0.20 to 0.24m, and the noise term from 1.20 to 1.50. Strengthening these parame-
ters increases behavioral variability and interaction sensitivity within the conflict zone, thereby
generating richer and more informative trajectories for subsequent model calibration. All simula-
tions were conducted exclusively with pedestrians of type IMO-M 30-50, ensuring homogeneous
agent characteristics across all scenarios. Each simulation run covers a period of 30 min, with
flow and density values recorded every 10s for all cells. This temporal resolution corresponds
to the time a pedestrian requires to traverse one CTM cell under free-flow conditions, thereby
allowing a consistent temporal discretization between the microscopic simulation and the CTM
representation.

Scenario Design and Data Regimes. Two distinct data regimes were designed to examine
how the coverage and granularity of the observed state space affect calibration stability and
out-of-sample generalization. Rather than representing different real-world demand conditions,
the regimes serve to systematically vary the diversity of interaction configurations available for
model identification. The small-data regime is constructed from pedestrian inflow rates at the
four entries (inj, ing, ing, ing) selected from the discrete set {0, 2000, 4000, 6000} ped/h, under the
global constraint 2?21 in; < 14,000. This yields 190 feasible inflow combinations. This regime
represents a sparse sampling of the interaction state space and is intended to test calibration
robustness under limited observational diversity. A separate set of test scenarios was generated
analogously using inflow levels from {0, 3000, 5000} ped /h, again respecting the overall demand
constraint.

The large-data regime increases the resolution of demand levels in order to provide a denser
sampling of interaction configurations, thereby enabling a more detailed assessment of model
generalization behavior. In this regime, inflow rates are selected from {0, 1000, 2000, 3000,
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4000, 5000, 6000} ped/h under the same global constraint, resulting in 1746 unique demand
configurations. For model development, 70% of the aggregated observations were randomly
assigned to the training set, while the remaining 30% were reserved for out-of-sample evaluation.

For both regimes, each scenario was simulated 20 times, and averaged observations were
used for calibration and validation in order to reduce stochastic noise and isolate systematic
interaction effects. Densities and flows of all cells were recorded at 10s intervals.

All scenarios were designed to avoid upstream congestion or spillbacks that could result from
oversaturation of the intersection area, which would otherwise produce unrealistic results in the
microscopic simulation. Under these conditions, the calibration exclusively targets the send-
ing function, while the receiving function remains inactive and does not constrain the system
dynamics. This restriction provides a controlled and analytically transparent environment for
assessing whether local flow relationships can be learned reliably from data. The focus on iso-
lated sending dynamics thus constitutes a necessary first step before extending the approach
to more complex configurations in which sending and receiving mechanisms jointly determine
system performance.

Data Quality and Consistency. To assess the internal consistency of the simulation data,
we first consider scenarios without interacting pedestrian streams. In these cases, pedestrians
exhibit nearly identical free-flow travel times across all directions of the network, confirming
that the microsimulation produces uniform baseline behavior in the absence of interactions.

Averaging over 20 independent simulation replications further yields a highly stable basis for
subsequent calibration and validation. An analysis of travel-time variability in the large-data
regime shows that OD-specific travel times measured in individual simulation runs deviate only
marginally from their corresponding scenario means. Across all scenarios and origin—destination
pairs in the large-data regime, the mean absolute percentage error (MAPE) between the average
travel time observed in a single run and the corresponding 20-run average is approximately 0.73%,
while even the upper 5% quantile of deviations remains below 2%.

This low level of stochastic dispersion indicates that the simulated interaction outcomes cluster
tightly around their expected values. Consequently, the use of averaged observations provides
a robust and reproducible representation of the underlying simulation behavior, suitable for
isolating systematic interaction effects in the subsequent calibration and evaluation steps.
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3.2 Interaction Model Specifications

To compare analytical and data-driven representations of pedestrian interactions within the
CTM framework, a reference sending function is first derived from the microsimulation data.
This empirical baseline is applied to all cells outside the central interaction area in order to
ensure a consistent and data-aligned representation of free-flow and unidirectional movements
throughout the network. For each 10s interval of the PTV VISSIM experiments, densities and
corresponding outflows are recorded for all directional movements. Based on these observations,
a third-degree polynomial is fitted by minimizing the root mean squared error (RMSE) between
predicted and observed outflows. While a second-degree polynomial already achieves a com-
parable coefficient of determination, the third-degree specification is retained due to its lower
approximation error in terms of RMSE, which is more relevant for stable flow propagation within
the CTM. Rather than representing a behavioral law, the resulting polynomial provides a smooth
and reproducible approximation of the flow-density relationship observed in the microsimulation
and serves as a standardized simulation component for non-interacting cells. Consistent with
the previously defined training-test split, the out-of-sample RMSE differs by less than 1.7% from
the in-sample value, indicating that the selected polynomial degree yields a stable approxima-
tion without signs of overfitting. The resulting polynomial coefficients obtained from the RMSE
minimization are reported in Table 1.

Data Regime ‘ by by b3 ‘ RMSE R?
small 25.2049 -17.1462 7.5251 | 0.2478 0.9983
large 25.9977 -16.5198 7.1222 | 0.2394 0.9979

Table 1: Coefficients of the third-degree polynomial sending function S(p) = byp' + bap? + b3p®
estimated from microsimulation training data for non-interacting cells, used as a stan-
dardized reference component outside the interaction area.

Simplified Analytical Interaction Model. This approach specifies interaction effects through
explicit parametric functions that map directional density states to admissible outflows, following
the structured formulation introduced in the previous section. These analytical specifications
provide transparent and interpretable local interaction rules and ensure that basic physical and
capacity constraints are respected. However, as the number of concurrent movement directions
increases, the complexity of such models grows rapidly, since each additional stream introduces
further interaction terms and calibration parameters. This limits scalability and motivates the
comparison with data-driven alternatives in settings with richer interaction patterns.

We consider a deliberately simplified parametric interaction structure in which all interfer-
ing pedestrian streams are assumed to exert a symmetric influence on the movement under
consideration. For a given directional movement (u;, #,u;), the sending function is specified as

: max ree red
S(ui,#,uj) ((p(uk,#,ul))ukeggig7> = min {Q(ui,#mj), ff (p(ui,#,uj)) . f (p(uiv#»uj)’p(ui,#,uj))} .
u e

where Plar s denotes the sum of densities of all flows that interact with (u;, #,u;) inside the

Uq, ,u]-
cell.
The free-flow component is approximated by a third-degree polynomial,

2 3
ffree(p(ui7#7uj)) =a * p(uu#?uj) + az * p(ul,#,u]) + a3 * p(Ui,#,’LLj)7
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while interaction effects are captured by a reduction term of the form

d 2
PP ttns) Plas ) = 1 910w ) * Pl gy + 92 (Pl tus)) * Py

a (P(ui,#,uj)) = 01,1 1 91,2 % P(u;,#,u;) T 91,3 * p?uzn#,uj)’

92(Plus 7)) = 921 92,2 % Pl gy + 923 % Pl st

The reduction function is constrained to values not exceeding one and equals one in the ab-
sence of conflicting flows, ensuring that the model reduces to the free-flow relationship when no
interactions are present.

The parameters of the analytical interaction model are estimated by minimizing the mean
squared error between predicted and observed outflows for each directional movement, given
the corresponding density states of all interacting streams within the interaction cell. The
estimation is subject to the constraint that the resulting product of the free-flow term and the
reduction term, is non-increasing in the aggregate density of all interfering movements for any
fixed density of the considered direction, over the range of density states relevant for calibration
and subsequent validation.

To ensure that the resulting sending functions remain compatible with stable network simu-
lation, underestimation errors, meaning cases in which the predicted outflow falls below the ob-
served value, are penalized more strongly than overestimation errors. This asymmetric weighting
reduces the risk of systematically restricting admissible flows in downstream cells and supports
consistent flow propagation when the calibrated functions are embedded into the CTM network.

Data Regime ‘ al as as ‘ RMSE
small 118.8272 -313.5473 743.1899 | 0.1321
large 116.7051 -280.7368 634.1721 | 0.1250

Table 2: Fixed free-flow coefficients used in the analytical interaction model.

Data g1 g2 RMSE
Regime | g11 91,2 91,3 92,1 92,2 92,3 train  test

small -1.1471  12.7083 -41.0728 | 0.7699 -21.6432 67.3856 | 0.4751 0.4824

large -0.9851 10.0293 -31.7092 | 0.3790 -15.2141 44.1921 | 0.4241 0.4220

Table 3: Calibrated interaction parameters and predictive errors of the analytical model.

Data-Driven Interaction Model. As an alternative to explicit analytical specifications, a data-
driven interaction model is constructed in which the sending function is learned directly from
observed flow—density relationships in the microsimulation data. Within the proposed notation,
this corresponds to replacing the analytical interaction kernel by a learned local mapping from
the internal density state of a cell to its directional outflows, allowing nonlinear and higher-order
interaction effects to be captured without prescribing a specific functional form.

The learning model is implemented using MATLAB’s LSBoost algorithm (fitrensemble with
Method=*‘LSBoost’’ and 300 boosting iterations). Gradient boosting is used as a flexible regres-
sion engine rather than as a behavioral or agent-based model, providing a smooth nonparametric
approximation of the empirical interaction surface. The predictor variables consist of the di-
rectional densities of all interfering movement paths within the interaction cell (in the present
case, three density variables corresponding to the three conflicting paths), observed at each 10, s
interval, and the target variable is the corresponding directional outflow. Separate models are
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trained for each movement direction, yielding a set of locally calibrated sending functions that
are fully compatible with the CTM framework.

To ensure consistency with the analytical calibration, the regression loss is defined asymmet-
rically, assigning a higher weight to underestimation than to overestimation errors. The training
procedure therefore proceeds iteratively. After an initial model is fitted, prediction errors are
evaluated and used to update the asymmetric weighting of the loss function. A new model is
then trained under the updated weights, and this process is repeated until changes in the learned
sending functions fall below a predefined tolerance. This fixed-point iteration yields a regression
model that balances empirical fit with network-level flow compatibility.

No-Interaction Baseline. This model serves as a baseline that neglects interaction effects en-
tirely. It is structurally identical to the analytical formulation but assumes no interaction-
induced reduction, i.e., the reduction term is fixed to 7% = 1. This baseline is used to isolate
the contribution of interaction modeling: by comparing its performance with the analytical and
machine-learning models, we quantify the extent to which interaction effects improve predictive
accuracy.

3.3 Simulation-Based Evaluation

The evaluation is designed to assess how well locally specified interaction models, whether an-
alytical or data-driven, reproduce the flow behavior generated by the microsimulation when
embedded into the CTM framework. The focus is not on matching real-world pedestrian dynam-
ics, but on measuring the internal consistency, generalization, and stability of locally calibrated
simulation components.

Performance is evaluated using movement-specific average travel times for the four origin-
destination relations in each demand scenario. These travel times are derived from cumulative
flow curves, which provide a robust representation of the temporal evolution of simulated flows.
A key advantage of cumulative flows is that they preserve the temporal structure of deviations,
thereby smoothing stochastic noise and highlighting systematic discrepancies between models.
While the analysis is therefore reported in terms of travel times, these metrics implicitly integrate
the full time-dependent flow behavior of the network and serve as compact and interpretable
summaries of how different local interaction models propagate to the network level.

3.3.1 Local Interaction Model Behavior

In this local evaluation, the intersection cell is simulated as a stand-alone CTM component,
driven by the time-varying inflows observed in the PTV VISSIM experiments at 10 s resolution.
Unlike in the calibration phase, where densities and outflows are related in a purely static
mapping, the learned or specified sending functions are here embedded into a recursive simulation
loop: the outflow predicted in one time step, together with the inflow, determines the density
in the next step, which in turn affects subsequent outflows. This setting therefore tests whether
the locally calibrated interaction models remain stable and dynamically consistent when used
as simulation components rather than as one-step regressors.

Table 4 reports the relative absolute travel-time errors for the three interaction models under
both data regimes for the interaction cell. These errors reflect how accurately the locally spec-
ified sending functions reproduce the microsimulation-generated flow behavior under different
calibration conditions.

Both the analytical and the data-driven interaction models substantially reduce the error
compared to the no-interaction baseline, in-sample as well as out-of-sample. This confirms that
explicitly modeling local interaction effects improves the ability of the CTM to reproduce the
simulated interaction dynamics at the cell level.
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In the small-data regime, the machine-learning model achieves the lowest in-sample errors,
clearly outperforming the analytical formulation. This behavior is expected: with limited obser-
vations, a flexible learning model can adapt closely to the available data and capture fine-grained
interaction patterns. However, this flexibility also induces overfitting, which becomes apparent
in the out-of-sample results, where the analytical model performs more robustly.

In the large-data regime, this pattern reverses. With substantially broader coverage of the
interaction state space, the machine-learning model learns a more stable representation of the
local interaction structure and generalizes more reliably beyond the training data. As a result, it
achieves consistently lower errors than the analytical model both in-sample and out-of-sample.
This illustrates how data-driven interaction models transition from overfitting-prone approxi-
mators to reliable local simulation components as data availability increases.

Data Interaction .
Regime Model RAE (in-sample) RAE (out-of-sample)
Mean 90th 95th Worst Mean 90th 95th Worst
Error Perc. Perc. 5% Error Perc. Perc. 5%
— Analytical 4.49% 9.01% 10.22% 11.27% | 4.45% 9.3357% 12.00% 12.40%
g ML 1.42% 2.80% 3.55% 4.8™% 5.63% 12.33% 16.90% 19.73%
@ No-Interaction | 18.06% 34.44% 40.02% 42.80% | 15.05%  32.10% 41.11% 41.51%
® Analytical 3.95% 7.57% 8.50% 9.93% 3.90% 7.47% 8.51%  10.05%
%o ML 2.01% 3.76% 4.56% 5.99% 2.25% 4.63% 5.89% 8.95%
— No-Interaction | 18.95% 33.68% 38.18% 42.42% | 19.11% 34.40% 38.55% 42.65%

Table 4: Local comparison of relative absolute travel-time errors across interaction models.

3.3.2 Network-Level Consistency

In the network-level evaluation, the locally calibrated interaction models are embedded into the
full CTM network consisting of two standard cells upstream of the interaction area, the central
interaction cell, and two standard cells downstream. As in the local experiment, time-varying
inflow rates at a 10 s resolution are taken from the PTV VISSIM simulations, but here they enter
the CTM network at the upstream boundary and propagate through all five cells. This setting
therefore tests whether locally calibrated interaction models remain stable and consistent when
coupled to surrounding CTM dynamics.

Table 5 reports the relative absolute travel-time errors for all models at the network level.
Compared with the local interaction cell, global errors are systematically smaller. This is ex-
pected, since two non-interacting CTM cells are placed upstream and downstream of the in-
teraction region, whose predictable dynamics attenuate the relative impact of local interaction
mismatches on overall travel times.

More importantly, the qualitative ranking of the models is preserved at the network level. The
interaction models that perform well locally also exhibit consistent behavior when embedded into
the surrounding CTM network. This indicates that the locally calibrated sending functions do
not introduce spurious or unstable effects in adjacent cells, but remain compatible with the
global flow dynamics of the simulation.

This behavior relies on the structural locality of pedestrian interactions. Because interaction
effects are confined to the shared interaction cell, the surrounding cells remain governed by
their own sending and receiving functions. In contrast, vehicular traffic exhibits non-local cou-
pling through braking, acceleration, and spillback effects, so that locally calibrated interaction
functions would not remain valid when embedded into a larger network.

As in the local analysis, the machine-learning model trained on limited data exhibits over-
fitting: it achieves very low in-sample errors but generalizes less robustly than the analytical
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model. In the large-data regime, however, the learned interaction model generalizes reliably
and slightly outperforms the analytical formulation both locally and at the network level. This
confirms that data-driven interaction models can serve as stable and accurate CTM components
when sufficient coverage of the interaction state space is available.

Data Interaction .
Regime Model RAE (in-sample) RAE (out-of-sample)

Mean 90th 95th Worst | Mean 90th 95th Worst
Error Perc. Perc. 5% Error  Perc. Perc. 5%

— Analytical 1.10% 2.33%  2.92% 3.35% | 1.61% 3.10% 4.25% 4.67%

g ML 0.43% 0.93% 1.16% 1.69% | 1.78% 3.79%  4.92% 6.39%

“ No-Interaction 4.27% 9.00% 11.48% 12.58% | 3.76% 8.04% 12.36% 12.73%

® Analytical 1.11% 2.28%  2.74% 3.27% | 1.10% 2.24%  2.70% 3.24%

%D ML 0.72% 1.53% 1.82% 2.23% | 0.78% 1.59%  2.03% 2.84%

— No-Interaction | 4.2334% 8.48% 10.47% 12.15% | 4.26% 8.64% 10.38% 12.12%

Table 5: Global comparison of relative absolute travel-time errors across interaction models.

4 Conclusion

This paper introduced a structured graph-based notation for macroscopic flow simulations that
enables a clear and unambiguous internal representation of multidirectional flows within indi-
vidual CTM cells. By explicitly encoding origin—location—destination relationships, interaction
structures inside a cell become uniquely defined rather than implicitly inferred. This represen-
tation is not merely a formal refinement, but a structural prerequisite for modular modeling and
calibration of interaction mechanisms within cell-based simulation frameworks.

Building on this explicit state representation, which renders local interaction effects identifi-
able, we examined the feasibility of learning local sending functions for interacting pedestrian
flows using microsimulation data. The results show that, for systems with spatially localized
interaction effects, both analytical and data-driven local components can be identified with high
stability and composed into a globally consistent network simulation, with data-driven models
benefiting from increased coverage while analytical formulations provide a robust baseline under
limited data.

The applicability of the proposed approach is strongest in settings characterized by spatially lo-
calized interactions and limited non-local effects, such as pedestrian movement in shared spaces.
Conversely, domains dominated by long-range interactions or network-wide feedback mechanisms
require additional structural constraints beyond local calibration.

Future research may extend the framework toward learning receiving functions, multi-cell
interaction structures, robustness under congestion, and integration with empirical trajectory
data. Beyond pedestrian modeling, the proposed notation provides a general template for de-
signing modular interaction components in macroscopic simulation models whenever multiple
directional flows coexist within a shared spatial unit.
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