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We investigate a nonlocal continuum model of crowd dynamics using a physics-informed neural network approach. The crowd is
described by a system of nonlinear conservation laws in which the flux incorporates advection, diffusion, and nonlocal interaction terms
accounting for density-dependent motion and limited perception of surrounding agents. Nonlocal effects are modeled through spatial
convolutions with smooth kernels, enabling agents to respond to averaged density gradients rather than purely local information. The
governing system of partial differential equations is solved using a physics-informed neural network known as PINN, which approximates
the solution over the entire space—time domain while enforcing the physical constraints through automatic differentiation. The nonlocal
interaction terms are implemented in a stable discrete convolution form, ensuring numerical robustness during training. The approach
is demonstrated on the interaction of two pedestrian groups moving in opposite directions in a one-dimensional corridor. The results
exhibit the formation and propagation of density fronts, the gradual merging of flows, and the emergence of stable mixed zones.
A characteristic feature of the solution is the partial interpenetration of the groups without rigid collisions, reflecting realistic collective
motion. To validate the method, the PINN solution is compared with a reference finite-difference scheme based on a Rusanov flux.
Qualitative agreement is observed in front structure and mixing dynamics, while quantitative deviations in key characteristics remain
within a few percent. A systematic parameter study shows that the PINN-based solution remains stable under variations of advection
velocity, diffusion coefficient, and nonlocal interaction radius, in contrast to the finite-difference scheme, which exhibits strong stability
limitations. These results demonstrate that PINN provides a robust and physically consistent tool for modeling nonlinear nonlocal crowd
dynamics.

Keywords: Physics-informed neural networks;, Nonlocal crowd dynamics; Evacuation modeling; Advection-diffusion; Convolution
kernels; Robustness; Complex geometries
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1. INTRODUCTION

With the increasing density of urban development, the growing number of mass events, and the risks associated with
emergencies, there is an increasing need for effective methods to analyze collective motion and evacuation processes.
Such problems require mathematical models that account for interactions among agents, the influence of environmental
geometry, and the temporal evolution of density. From a mathematical perspective, collective motion can be described
within a continuum framework using conservation laws for density. Such models have been developed since the 1970s
[1] and have been successfully applied to describe pedestrian and traffic flows [2, 3, 4]. In more advanced formulations,
nonlocal interactions are taken into account, where the motion is determined not only by the local density but also by its
distribution in a surrounding neighborhood. This leads to the appearance of terms represented as integral convolutions
with smooth kernels [5]. These models allow the incorporation of effects such as limited perception and the tendency to
avoid regions of high density. Despite their physical consistency, nonlocal models pose significant challenges for numerical
solution. The presence of integral terms increases computational complexity and complicates the stability of classical
numerical schemes. Moreover, traditional discretization-based methods scale poorly when extended to higher-dimensional
problems [6, 7].

In recent years, PINN has emerged as an alternative approach for solving differential equations [8], in which physical
laws are directly embedded into the loss function of the neural network. This approach enables the computation of solutions
without explicit domain discretization and naturally incorporates boundary and initial conditions. Further developments
of the method focus on improving training stability and solution quality [9, 10]. Nevertheless, the application of PINN to
nonlinear equations with nonlocal interactions remains insufficiently explored. In particular, the presence of convolution
terms requires a dedicated implementation within the PINN framework and may significantly affect the stability and
accuracy of the resulting solutions. In the present work, a crowd dynamics model is used as a representative example to
investigate the applicability of PINNs to nonlocal equations of this type. One of the objectives is to assess the stability of
the computational method and the reliability of the obtained solutions for such problems.

Cite as: A. Naumovets, P. Kuznietsov, V. Cherkashyn, A. Gakh, East Eur. J. Phys. 2, 594 (2026), https://doi.org/10.26565/2312-4334-2026-2-66
© A. Naumovets, P. Kuznietsov, V. Cherkashyn, A. Gakh, 2026; CC BY 4.0 license


https://periodicals.karazin.ua/eejp/index
https://doi.org/10.26565/2312-4334-2026-2-66
https://portal.issn.org/resource/ISSN/2312-4334
https://orcid.org/0000-0001-6882-5672
https://orcid.org/0000-0001-8477-1395
https://orcid.org/0009-0000-1975-8434
https://orcid.org/0000-0002-1064-1448
mailto:naumovets@karazin.ua
https://doi.org/10.26565/2312-4334-2026-2-66
https://creativecommons.org/licenses/by/4.0/

595
Physics-informed NN Modeling of Nonlocal Crowd Dynamics for Evacuation Scenarios... EEJP. 2 (2026)

2. MODEL

We model the crowd as a continuum with density p(z,x). When many agents of the same type move in similar
directions, their motion can be treated statistically, and the overall crowd behaves like a compressible fluid. [1, 2, 3, 4]
Accordingly, we adopt a conservation law (continuity equation)

dhp+V-j=0, )]

where j = pu, and u is the velocity vector field. In contrast to an exact description involving a number of equations equal
to the number of agents, this hydrodynamic approach allows for describing collective motion without tracking each person
individually and significantly simplifies the mathematics of the problem, reducing the number of equations of motion to
one.

To correctly represent the velocity of agents in a crowd, the direction and the magnitude of motion should be treated
independently, in accordance with [5], was demonstrated that the dependence v(p) = viee(l — p/pomax) reflects real
behavior in a traffic jam. Here, pmax is associated with the finite size of the agents, and v is the maximum speed of
free movement of the agents in the absence of crowding. In the considered scenario (in the absence of a crowd, agents,
optimizing their direction of movement), move in the preferred direction e(x), which is unitary vector. The boundary
conditions of movement in the corridor are e = +1, depending on whether the movement is left or right.

An attempt to avoid high-density areas is described by a vector i[p(x)]. To model this behavior, it was proposed
[5] to move along —Vp. In addition, in order to account for the radius of the agent’s field of view, where it estimates
the density, the density is averaged over a certain neighborhood with a smooth kernel r7, which leads us to the following
expression for i[ p(x)]

« L
o] = s —— L () = / p(y) n(x — y) dy, @)
V149G« L

where * denotes spatial convolution with a kernel in the vicinity L. The coefficient £ > 0 controls the reaction strength:
larger values correspond to stronger avoidance of crowded regions, while smaller values produce less sensitive trajectories.
The denominator in (2) limits the magnitude of the deviation, preventing the reaction from becoming infinitely large. The
natural presence of velocity dispersion among agents in a crowd is described by a diffusive flux term q = —D Vp Fick’s
law. Thus, total flux takes the form:

i=pv(p) (e(x) +i[p(x)]) +q, 3)

being the non-linear expression in p. Totally, equation (1) for one type of agents takes the following form:

3zp+V-(pV(p)(e+i[p])) =D Ap, 4)

here and further we omitt the notation of the dependence on (x).
The process of mixing flows of agents of two types is described by a system of equations of form (4). The mutual
influence between agents of different types is accounted by the additional term in (3) of the form:

V(o1 *nr)
V1V s ol

where & ; controls how strongly each group reacts to the local density of another group, and 7, defines the perceptual
radius of the agents of type k where k and any other sub-indexes take values 1 and 2. Thus, the complete system describing
the motion of the interacting groups is a nonlinear, nonlocal system of partial differential equations (PDEs) and has the
following form:

®)

ix[pi] = — eka

Oip1 + V'(Pl vi(p)(er +i1[p1] + it [Pz])) =D Apy, ’
(6)
Orp2 + V'(Pz va(p)(ex +iz[p1] + iz[pz])) =D Apa,

with p = p; + p» with Neumann boundary conditions corresponding to free outflow of agents. Developing PINNs for
such systems is a central motivation of this work.

3. PINN COMPUTATION

The system equations (6) is a strongly nonlinear system of PDEs with nonlocal integral terms. We employ a PINN
approach, originally introduced in [5] to solve it. The analysis is carried out on a space-time domain 0 < x < L with
L = 10, and for times 0 < ¢t < 9. All variables and parameters in the model are expressed in dimensionless form.
Before being passed into the neural network, the input coordinates are transformed using a Fourier feature embedding,
which maps them to a higher-dimensional space using sinusoidal functions in order to improve the representation of
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sharp spatial and temporal variations. This transformation affects only the neural network input representation and does
not alter the governing equations. The maximum frequency of the Fourier features is set to Neq = 8, which provides
sufficient resolution of high-frequency solution components while maintaining training stability and avoiding unnecessary
high-frequency modes that do not improve accuracy.

Here we present the implementation of the network consisting of 6 hidden layers with 256 neurons each, using
the tanh activation function. The output layer contains two neurons corresponding to the two densities, and applies
the softplus activation to ensure non-negativity of the predicted densities. All derivatives entering the equations are
computed using TensorFlow’s automatic differentiation. Direct integration inside the PINN, unlike differentiation, leads
to instability during training. Therefore, the integral operator is rewritten in discrete form as a precomputed convolution
matrix. This allows the integral term to be evaluated as a matrix multiplication, which remains differentiable and stable
within the TensorFlow framework.

At the initial time, the crowd is assumed to form a configuration with well-defined boundaries. Therefore, the initial
density distributions of the two agent groups are prescribed as localized super-Gaussian profiles.

Zmi
X —X;

pi(x,0) = A; exp(— ' (N

Oi

where p; corresponds to the faster group and p, to the slower one. The slower group is initially located ahead of the
faster group, such that interaction occurs only after a finite time interval. The boundary conditions correspond to an open-
boundary problem with zero inflow at the left boundary and a free outflow at the right boundary. Training is performed in
stages. During the first stage, the network is fitted to the initial and boundary conditions and to the correct conserved mass,
establishing a stable baseline. Subsequently, the network progressively enforces the governing equations. By adjusting the
weights in the loss function, we control the relative importance of the physical terms and suppress non-physical deviations,
which improves the stability of the training process.

The PINN approach preserves the correctness of the solution across a wide range of physical parameters, since it does
not rely on step-by-step temporal advancement and is not constrained by conditions such as the Courant—Friedrichs—Lewy
restriction [11]. The neural network approximates the solution over the entire domain simultaneously, which makes the
method robust to changes in velocity, the radius of nonlocal interaction, and diffusion coefficients.
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Figure 1. Motion of a single-type crowd

For clarity, and to illustrate the interaction effects between two groups, we first demonstrate that the numerical model
correctly reproduces the dynamic of a single crowd moving along the corridor. The network is trained for 7000 epochs
without further improvement in accuracy. Fig. 1 shows the spatial density profiles at time instants ¢ = 0.0, 2.0, 4.0 and
6.0. The simulation was performed with parameters A = 0.25, x = 0.6, 0 = 1.2, m = 4, and v = 0.5. As expected, the
group moves as a whole.
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Fig. 2 shows a qualitative change in the collective dynamics two groups of agents, that arises when a second is
introduced. The second simulation was performed with parameters A; » = 0.25,x; = 1.59,x2 =0.52, 012 =12, m2 =
4,and vi = 0.5, v = 0.38.
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Figure 2. Spatial density profiles at selected time instants, illustrating the formation of quasiperiodic structures and
interacting fronts. Both groups move in the positive direction of the x-axis, with the group of type I agents having a higher
velocity.

The flow becomes fragmented into subgroups, and diffusive transport through low-density areas enables faster agents
to overtake slower ones. As dispersion progresses, the overall density decreases, allowing unobstructed bypassing of
slower agents and leading to the eventual disappearance of the periodic ordering. At the initial moment (¢ = 0.0), the faster
group begins to catch up with the slower one. At the next stage (¢ = 2.0), the two groups already overlap significantly,
and the difference in their preferred velocities leads to a deformation of the initial profiles and to the emergence of several
local density maxima in the interaction zone. As the process develops further (¢ = 4.0), the model exhibits a characteristic
phenomenon: the faster blue group gradually penetrates through the slower one, and quasiperiodic structures form. By ¢ =
6.0 and beyond, this zone stabilizes into a broad segment that gradually shifts to the left, capturing mutual interpenetration
and “pressing through” of the flows. The visualization demonstrates that the model reproduces key effects: gradual
merging of flows, formation of compacted regions, and their subsequent displacement. The faster group overtakes the
slower one and, after passing through it, forms a gap, a region of reduced total density. This behavior corresponds to the
real behavior; people do not form a continuous medium; they can bypass, flow around, and partially pass through local
clusters while maintaining their own speed, proving that social pressure and density allow for it.

The density fronts that emerge in the model have direct analogues in the physics of continuous media. Similar
structures are formed, for example, in the exhaust plume of a jet engine: the hot jet, interacting with the surrounding air,
creates zones of sharp density variation that move, stretch, flow around obstacles, and can partially “penetrate” through
slower layers of the medium. These fronts are not rigid surfaces; they are dynamic transition zones where material moving
at one speed enters the region of material moving at another speed. Similarly, in the crowd-motion model, the front
represents a transition zone between two groups of people with different velocities and densities. It shifts, stretches, and
can seep into the interior of the other group without an instantaneous equalization of speeds, reflecting the real kinematics
of human movement.

Figure 3 presents the space-time diagrams of the densities p;(x,¢) and p,(x, ). They demonstrate an evolutionary
transition from an almost uniform distribution within each group to a quasiperiodic structure arising as a consequence of
the interaction between the groups. As the process develops, alternating bands of higher and lower density are formed,
with the density maxima of one group largely corresponding to the density minima of the other. This reflects a coordinated
spatial modulation of the two interacting flows.



598
EEJP. 2 (2026) A. Naumovets, et al.
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Figure 3. The space-time diagrams of the agent distributions in both groups

4. FDM VERIFICATION

1D, 2D problems without experimental data, with known parameters, are suited for solution by numerical methods
such as the FDM. The model is discretized on a uniform one-dimensional grid, where the node values store the densities
of the two groups. Thus, we deliberately considered simplefied problem in 1D to verify the PINN approach.

Both models, FDM and PINN, are run with identical initial conditions. The resulting density profiles, front positions,
and mixing dynamics of the two groups are then compared. PINN reproduces the key features obtained by the FDM
model: the shapes of the fronts and the interaction zones match visually, and the quantitative deviations remain small.
To provide a qualitative assessment, we conducted simultaneous comparative runs for the FDM and PINN methods with
initial conditions varying from 0.8- A to 1.2- A;. The relative discrepancies in the peak positions and front widths
did not exceed 6% across all simulations considered. In addition, both models exhibited convergence under spatial grid
refinement, which confirms the robustness of the obtained results and the consistency of the numerical implementation.
Thus, the FDM framework serves as a reliable reference model against which the PINN demonstrates physically consistent
behavior.

5. RESULTS ANALYSIS

The results demonstrate that PINN provides a stable and accurate reconstruction of solutions to nonlinear differential
equations with nonlocal terms and remains operational over an extended parameter range. The obtained solution consis-
tently reproduces the key dynamical features of two interacting pedestrian groups. At the initial moment the densities are
fully separated, while during the evolution the faster group overtakes the slower one and forms a stable transition zone.
This behavior realistic reflects pedestrian flow, where individuals partially interpenetrate rather than collide as rigid bodies.

The density fronts evolve without numerical artifacts: within the interaction region the gradients increase and then
decrease smoothly. No nonphysical oscillations or discontinuities are observed. An analysis of temporal interaction areas
shows that the deformation of the distribution remains regular and physically meaningful throughout the entire simulation
interval. An examination of global characteristics shows that the front position, the width of the interaction areas, and the
maximum density values change monotonically and without abrupt jumps, indicating a correct and stable reproduction of
the nonlocal interaction mechanism.

Within the considered assumptions, the proposed PINN formulation demonstrates consistent performance. The
structure of the method suggests applicability to more general problem classes beyond the present setting, including higher
dimensions.
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®I3NYHO-IH®OPMOBAHE HEMPOMEPEKEBE MOJIEJIIOBAHHA HEJIOKAJIBHOI JUHAMIKHA
HATOITY JIJI CIIEHAPIIB EBAKYAIIII
A. Haymogenp, I1. Ky3nenos, B. Yepkammun, A. T'ax
Xapxiscokuii Hayionanenuil ynisepcumem imeni B.H. Kapasina, na. Ceo6oou, 4, Xapxie 61022, Yxpaina

Mu focifikyeMo HeJToKaabHy KOHTUHYaJIbHY MOZIENb JMHAMIKH HATOBITY, BUKOPUCTOBYIOUH (i3uKko-iH(opMOBaHNMiT HefipoHHMIT Mepe-
JKeBHI miaxin. HaToBm OoNMuCyeThCss CUCTEMOIO HEJIIHIHHUX 3aKOHIB 30€pekeHHs, B SIKHX MOTIK BKJIIOYAE aBEKIIi, TUQy3ilo Ta HeJlo-
KaJIbHi YWICHU B3a€EMOIi, [II0 BPaXOBYIOTh PyX, 3aJI€XKHHUH Bi/l LIJILHOCTI, Ta 0OMekeHe CIPUIHATTSI HABKOJMIIHIX areHTiB. HesmokanbHi
eeKTH MOJEIOITHCA 32 JOMOMOTOI0 MPOCTOPOBUX 3rOPTOK 3 MIAJKUMH sIAPaMH, IO JO03BOJISE areHTaM pearyBaTH Ha ycepeaHeHi
rpajlieHTy LIIJIBHOCTI, @ HE Ha CYTO JIOKaJIbHY iH(opMariilo. Cucrema audepeHuialbHUX PiBHAHb 3 YACTUHHUMU MOX1JHUMH, 1O KEpYeE,
PO3B’A3Y€EThCSA 32 JONOMOrow (hi3uKo-opieHTOBaHOI HelpoHHOI Mepexi, Bitomol Ak PINN, ska anpokcumye po3B’sA30K IO BCbOMY
MPOCTOPOBO-YaCOBOMY JOMEHY, OZHOYACHO JOTPUMYIOUMCH (Di3MIHUX OOMEkeHb 3a JOIOMOIrOl0 aBTOMAaTUYHOTO AW(PEepeHIIiI0BaHHSI.
HenokanbHi WwieHn B3aeMofii peatizoBaHi y CTaOilIbHIl OUCKPETHIi 3ropTKoBiil opmi, mo 3abe3nedye YUCIOBY CTIHMKICTh Mif Yac
HaBuaHHs. [1iAXix AeMOHCTPYEThCS Ha B3a€MOIii IBOX IPyH MIIIOXOMIB, IO PyXalOThCS B MPOTUICKHHUX HAMPSMKaX B OJHOBUMiIpPHOMY
Kopunopi. PesynbraT 1eMOHCTpYI0Th (hOpMYyBaHHS Ta MOUIMPEHHS (PPOHTIB IIIJIBHOCTI, MOCTYNOBE 3JUTTS MOTOKIB T4 BUHUKHEHHS
CTabIbHUX 3MillIaHUX 30H. XapaKTepHOIO OCOOJMBICTIO PO3B’SI3KY € YaCTKOBE B3AEMONPOHUKHEHHs TPyl 6e3 )OPCTKHUX 3iTKHEHb, 110
BioOpaskae peanicTHYHUIA KONeKTUBHUIA pyx. [list Batinanii Metomy po3B’ 130k PINN nopiBHIOEThCS 3 €TaTOHHOIO CXEMOI0 CKiHYEHHUX
pi3HUIIb, 3aCHOBaHOI0 Ha moToui PycanoBa. fKicHa BiANOBIAHICTb CIIOCTEPIra€TbCA Y CTPYKTYpPi (PPOHTY Ta AMHAMILI 3MillyBaHHS,
TOAI fIK KiJbKiCHI BiIXWJIEHHS B KJIOUYOBHX XapaKTEPUCTUKAX 3AJIMINAOTHCS B MeXaxX KUIBKOX BiICOTKiB. CHCTEMaTHIHE JIOCIiIKEHHS
napameTpiB MOKa3ye, 110 po3B’si30K Ha ocHOBI PINN 3anuiiaeTscst cTabiibHUM MpY 3MiHAX IIBUAKOCTI afgBeKIiii, koedilienTa audy-
3ii Ta pajiyca HEJOKaJIbHOI B3a€MO/il, Ha BiIMiHY Bii CXeMM CKiHUYCHHHX Di3HHIb, 5IKA JEMOHCTPYE CHJbHI OOMEXEHHs CTiHKOCTI.
IIi pesyapTaTn geMOHCTPYIOTh, 0 PINN 3a6e3nedye HapiiiHuil Ta (Di3UUHO y3rofKeHMid iHCTPYMEHT Ul MOJIe/IOBaHHSA HeJliHiHOI
HEJIOKAJIbHOI IMHAMiKH HaTOBITY.
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Jugby3sis; a0pa 320pmKu; po6aAcmHicmy; CKAAOHI 2eoMempil
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